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The rapid development of large generative models has motivated a shift in recommender
systems toward deep generative architectures with compact vocabularies. A fundamental op-
eration in this paradigm is action tokenization: the process of converting human-perceivable
actions, such as user-item interactions, into machine-readable token sequences, often referred to
as semantic IDs.

In this dissertation, we investigate the role of action tokenization in generative recom-
mendation, focusing on how human actions should be tokenized and leveraged. Our research
follows three main directions. First, we develop stronger action tokenization methods that make

semantic IDs more expressive and effective, including scaling semantic IDs from short to long
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sequences and moving from context-independent to context-aware tokenization. Second, we
study how to better leverage semantic IDs during training and inference so that generative models
can use them more effectively, including improving new-item recommendation and addressing
the personalization limits introduced by autoregressive token generation. Third, we show that
generative recommendation models can excel at generalization, and empirically demonstrate that
this capability is closely tied to their action tokenization mechanisms.

Together, these findings advance both the methodology and understanding of action
tokenization in generative recommendation, providing a foundation for developing future recom-

mender systems powered by large generative models.
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Chapter 1

Introduction

Recent advances in language modeling, as well as in vision, audio, and other modalities,
have increasingly converged toward large generative model architectures. By tokenizing diverse
forms of data into token sequences, large-scale generative models can be trained in a sequence-
to-sequence manner. Since recommendation is often formulated as predicting users’ future
actions from sequences of historical actions, this has motivated growing interest in extending the
generative modeling paradigm to recommendation. The broader goal is to enable recommender
systems to benefit from the favorable scaling behavior of generative models, while moving
toward unified cross-modal models that can ultimately support personalized assistants capable of
understanding and responding to user needs across different types of input.

However, recommendation has not yet fully embraced this trend. Most existing recom-
mender systems still follow a discriminative paradigm, relying on large, sparse embedding tables
and relatively shallow encoding layers. We identify a key challenge that limits the adoption
of generative models in recommendation: how user action data is represented. In traditional
recommender systems, each user action is typically represented as a collection of features, such
as the unique identifier (ID), title, price, color, and other attributes of the interacted item. The
heterogeneous nature of these action features often requires models to maintain many sparse
embedding tables. On the one hand, it is non-trivial to map these diverse features into token

sequences, as required by generative models. On the other hand, some important features have



very large cardinality. For example, item IDs are usually proportional to the number of items in
the system, whereas the vocabularies used in generative models for other modalities are often
orders of magnitude smaller, such as the roughly 200K-token vocabularies used in modern large
language models. This discrepancy creates optimization challenges and makes it difficult to
scale recommendation models by increasing depth (i.e., by adding more layers), which is widely
regarded as a key factor behind the success of generative models.

In this dissertation, we explore alternative approaches to representing user action data,
centered on the idea of action tokenization: converting human-perceivable actions into machine-
readable token sequences that can be effectively processed by large generative models. Starting
from the idea of using dedicated tokenizer models to encode raw features into semantics-
preserving tokens, we primarily investigate semantic IDs: short sequences of discrete tokens
drawn from a shared, compact vocabulary that jointly index an item. We propose improved
tokenization methods and more effective ways to leverage semantic IDs, while also deepening
our understanding of why this action tokenization approach is beneficial for recommendation

tasks.

1.1 Overall Framework

Motivated by the need to develop action tokenization methods and build generative
recommendation models, this dissertation organizes our research according to the data format
used to represent tokenized actions, including both semantic representations and semantic IDs,

as illustrated in Figure 1.1.

Semantic representations represent each user action as a dense vector in a semantic space.
They typically leverage pre-trained semantic encoders, such as sentence embedding models, to
encode raw action features into dense vectors that capture the semantic meaning of the associated
features. Methods in this category still require large, sparse embedding tables to store dense

semantic vectors. However, they provide an important foundation for developing semantic ID-



Supports i
Action Tokenization Large Generat%ve
Recommendation

(Tokenizing Actions into Semantic IDs: Modeling with Semantic IDs: )

Benchmarking - Single — Multiple Behaviors (Chapter 2) - Generating New Items (Chapter 5)
LLMs as - Context-Independent — Context-Aware (Chapter 3) - More Personalized Generation (Chapter 6)
Semantic \— Short — Long Semantic IDs (Chapter 4) )

Encoders
(Chapter 1)

N

Understanding Semantic IDs in Generative Recommendation:
- Better Generalization, Sometimes at the Cost of Memorization (Chapter 7)

Semantic
Representations

Semantic IDs

Figure 1.1. Our research framework for action tokenization in generative recommendation.

based models, which trade off some information richness for improved scalability and efficiency

in large generative recommendation models.

Semantic IDs are short sequences of discrete tokens drawn from a shared, compact vocabulary
that jointly index an item. The first step in constructing semantic IDs is usually similar to that of
semantic representations: raw features are encoded into dense semantic vectors. These dense
vectors are then quantized into sequences of discrete tokens, which serve as semantic indices for
the corresponding actions. This allows semantically similar actions to be represented by similar
token sequences, while greatly reducing the vocabulary size needed in the indexing system, since
each token is drawn from one of the compact vocabularies shared across all items. This is the

main focus of this dissertation, where we study semantic IDs along three main thrusts:

* Tokenizing actions into semantic IDs: This direction develops methods for creating more
expressive semantic IDs. As the basic units of generative recommendation, semantic IDs
directly affect the capabilities of recommendation models trained on these token sequences.
Our research identifies key bottlenecks in existing approaches to semantic ID construction
and tokenization, and proposes methods that either better leverage information from raw

features or make the resulting token sequences more informative.

* Modeling with semantic IDs: This direction studies how generative models should be



designed and trained to effectively prefill and generate semantic ID sequences. As a new
modeling paradigm, generative recommendation models may behave differently from
traditional discriminative models. We identify properties that generative models often miss
but are important for effective recommendation, and propose modifications to the modeling

process that improve how generative models use semantic IDs for recommendation.

* Understanding semantic IDs in generative recommendation: This direction analyzes
the benefits and unique properties introduced by action tokenization and the generative
recommendation paradigm. Understanding how semantic IDs support recommendation
provides valuable insights and can inspire new directions for developing better semantic ID
tokenization methods, as well as better approaches to modeling semantic IDs in generative

recommendation.

1.2 Dissertation Organization

In Chapter 1, we present the background, motivation, and overall framework of this
dissertation. We first discuss why the recent success of large generative models motivates a
shift in recommender systems toward action tokenization and compact token vocabularies. We
then organize the dissertation around two forms of tokenized action representations, semantic
representations and semantic IDs, with a primary focus on tokenizing actions into semantic IDs,
modeling with semantic IDs, and understanding their role in generative recommendation.

In Chapter 2, we study semantic representations as an early form of action representation
for recommendation. We introduce BLAIR, a benchmark for evaluating large language models
as semantic encoders in recommendation scenarios. This chapter contributes a large-scale
Amazon Reviews 2023 dataset, a unified benchmark covering multiple recommendation tasks,
and empirical analyses showing that general-purpose embedding benchmarks do not reliably
reflect semantic encoding quality for recommendation.

In Chapter 3, we study how tokenization can be incorporated into multi-behavior sequen-

tial recommendation. We propose MBGen, a generative recommendation framework that jointly



models behavior tokens and item tokens in a unified autoregressive sequence. This chapter shows
that predicting the next behavior type before predicting the next item can better capture user
intent, while allowing the model to leverage more training data even when these new data has
different behavior types from the target behavior.

In Chapter 4, we study how to tokenize actions into more expressive semantic IDs by
making tokenization context-aware. We propose ActionPiece, which constructs a vocabulary by
merging frequent feature patterns both within actions and across adjacent actions. In this way,
the same action can be tokenized into different tokens depending on the neighboring actions.

In Chapter 5, we study how to scale semantic IDs beyond short token sequences. We
argue that existing approaches typically tokenize each action into a short sequence, such as 4
tokens per action, which limits the expressiveness of the resulting semantic IDs. We propose
RPG, a framework that uses unordered, long semantic IDs with up to 64 tokens and predicts
these tokens in parallel through a multi-token prediction objective.

In Chapter 6, we study how generative recommendation models can recommend new
items in an inductive setting. We empirically show existing generative recommendation models
struggle with recommending items that were not seen during training. We propose SpecGR, a
plug-and-play framework in which an inductive drafter proposes candidate items and a generative
recommendation model verifies them using its learned ranking capability.

In Chapter 7, we show that token-by-token autoregressive generation induces a structured
decoding tree, causing items that are close in the tree to receive highly correlated probabilities
across users, therefore leading to less personalized recommendation. To mitigate this limitation,
we propose Latte, which introduces latent tokens before semantic IDs to create multiple latent-
token-conditioned decoding trees and relax tree-induced probability coupling.

In Chapter 8, we investigate the generalization of generative recommendation models
in comparison to conventional item ID-based models. We categorize test instances according
to whether they require memorization of observed item transitions or generalization to unseen

transitions, and show that the two modeling paradigms excel in different regimes. This chapter



further explains the advantage of generative recommendation from a token-level perspective and
proposes a memorization-aware indicator for adaptively combining generative and item ID-based
models.

In Chapter 9, we present related work of recommender systems, generative models, and
action tokenization. In Chapter 10, we summarize the main contributions of this dissertation and

discuss future directions for research in generative recommendation.



Chapter 2

Bridging Language and Items for Re-
trieval and Recommendation: Benchmark-
ing LLMs as Semantic Encoders

Following the dissertation overview in the previous chapter, this chapter begins with
semantic representations as an early form of semantic action tokenization method for recom-
mendation. It establishes how well language models can encode item semantics before the later
chapters discretize such representations into memory-efficient and scalable semantic IDs.

Feature engineering has long been central to recommender systems, yet effectively lever-
aging textual item features remains challenging. Recent advances in large language models
(LLMs) have enabled their use as semantic encoders for recommendation, but their roles and
behaviors in this setting are still not well understood. Prior studies often rely on general-purpose
embedding benchmarks (e.g., MTEB) when selecting LLMs, overlooking the unique character-
istics of recommendation tasks. To address this gap, we introduce BLAIR, a comprehensive
benchmark for evaluating LLLMs as semantic encoders in recommendation scenarios. We con-
tribute (1) a new large-scale Amazon Reviews 2023 dataset with over 570 million reviews and
48 million items, (2) a unified benchmark covering sequential recommendation, collaborative
filtering, and product search, and (3) a new complex-query product search task featuring both
semi-synthetic and real-world evaluation datasets. Experiments with 11 leading LLMs show that

their rankings on BLAIR show little correlation with MTEB, highlighting the unique challenges
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Figure 2.1. Overview of BLAIR benchmark. We evaluate LLLMs as semantic encoders to convert
item text features into semantic representations, which then train downstream recommendation
models. The benchmark covers three scenarios: (i) sequential recommendation (e.g., UniS-
Rec [87]); (i1) collaborative filtering (e.g., AlphaRec [189]); and (iii) product search with short
queries and complex queries.

of semantic encoding in recommendation.!

2.1 Introduction

Feature engineering has long been central to modern recommender systems [181, 25, 28].
However, effectively leveraging textual information (e.g., item descriptions) has remained a
challenge. While text features are rich in semantics, they are often noisy, unstructured, and
difficult to integrate directly into recommendation models. Early approaches relied on keyword
tagging [152, 210, 203], which were largely heuristic and discarded substantial semantic infor-
mation. Moreover, textual features were typically modeled using shallow statistical techniques,
lacking the broader common-sense knowledge inherent in natural language.

With the rapid advancement of large language models (LLMs) [83, 172, 30, 206, 288],
researchers have begun to employ them as semantic encoders for recommendation. Pretrained on
large-scale corpora, LLMs capture extensive world knowledge and demonstrate strong capabili-
ties in understanding and representing natural language. Consequently, an increasing number of

studies has explored using LLM-encoded text representations as inputs to train recommendation

'Our code is available at https:/github.com/hyp1231/BLalR-Bench.
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models, a direction referred to as modality-based recommendation [87, 266]. This paradigm has
shown promising results across various tasks, including sequential recommendation [87, 266],
collaborative filtering [180, 189], and product search [124, 177].

Despite this progress, the role of LLMs as semantic encoders in recommendation remains
not well understood. Existing studies typically adopt popular or recently released LLMs, or
rely on general-purpose sentence embedding benchmarks such as MTEB [154, 55] for model
selection. However, the requirements of recommendation differ substantially from those of
generic text embedding tasks. (1) In recommendation, encoded representations are usually
used as input features to train downstream models such as Transformer decoders for sequential
recommendation, whereas in text embedding tasks, representations are more often consumed
directly for similarity search or simple classifiers. (2) In recommendation, text inputs are often
short and noisy (e.g., item titles), requiring semantic encoders to provide strong disambiguation
based on world knowledge, while text embedding benchmarks typically evaluate well-formed
sentences or paragraphs.

To address this gap, we present BLAIR, which stands for Bridging Language and Items
for Retrieval and Recommendation, a comprehensive benchmark designed to evaluate LLMs as

semantic encoders in recommendation scenarios (Figure 2.1). Our contributions are as follows:

* A new large-scale e-commerce dataset: Amazon Reviews 2023. Previous Amazon
Reviews datasets [147, 75, 156] are widely used for benchmarking but were released
several years ago (last released in 2018) and contain noisy metadata. We collect a new
dataset with cleaned metadata, containing over 570 million reviews and 48 million items,

with a cutoff date of September 2023.

* A comprehensive benchmark: BLAIR. We evaluate three representative recommenda-
tion scenarios: sequential recommendation, collaborative filtering, and product search.

For each, we implement strong baselines and conduct extensive experiments with 11

top-performing LL.Ms on MTEB.



Table 2.1. Statistics of different versions of Amazon Reviews datasets. #Tokens denotes the total
number of text tokens obtained using the c1100k _base tokenizer.

Version Amazon’13 Amazon’14 Amazon’18 Amazon’23
#Categories 28 24 29 33
Customer Reviews
#Reviews 34,686,771 82,456,877 233,055,327 571,544,897
#Users 6,643,669 21,128,805 43,531,850 54,514,264
#Items 2,441,053 9,857,241 15,167,257 48,185,153
#Tokens 5.9B 9.1B 15.7B 30.1B

Min Time Jun 1995 Jun 1996 Jun 1996 Jun 1996
Max Time Mar 2013 July 2014 Oct 2018 Sep 2023

Item Metadata

#Tokens - 4.1B 7.9B 30.7B
# Meta - 9,430,088 14,741,571 35,393,189

* A new subtask: complex-query product search. Existing product search datasets typi-
cally involve short queries. To align with emerging applications that require understanding
long, complex, and ambiguous queries, we introduce a new subtask, complex-query prod-
uct search. We construct two datasets: one semi-synthetic dataset derived from real user

reviews and another curated from real-world forum posts.

Our results yield several notable insights: (1) LLM rankings on BLAIR are not positively
correlated with their rankings on MTEB, highlighting that recommendation poses distinct
challenges compared to general embedding benchmarks. (2) Even when downstream models
have the same number of parameters, performance still scales with the size of the semantic
encoder, though the effect weakens as task complexity grows. (3) We observe a strong correlation
between results on semi-synthetic and real-world datasets for complex query product search

tasks, implying that semi-synthetic data can be a cost-effective proxy for evaluation.
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Table 2.2. Statistics of representative large-scale recommendation datasets.

Dataset #Items #Users #Interactions
Netflix [8] 17,770 480,189 100,480,507
Amazon’18 [156] 15,167,257 43,531,850 233,055,327
Google Local [254] 4,963,111 113,643,107 666,324,103
Tenrec [265] 3,753,436 5,022,750 142,321,193
MicroLens [159] 1,142,528 34,492,051 1,006,528,709

Amazon Reviews 2023 48,185,153 54,514,264 571,544,897

2.2 A Large-Scale E-Commerce Dataset: Amazon Reviews
2023

The Amazon Reviews datasets are among the most representative publicly available
resources for evaluating recommendation models [147, 75, 156], offering rich item features.
Given the wide use of the Amazon Reviews datasets, we aim to include them in our benchmark.
However, existing versions of the Amazon Reviews datasets are outdated. The most recent one
was last updated in 2018.

To enhance the quality of our proposed benchmark, we collect a new version of the
dataset, named Amazon Reviews 2023%. Table 2.1 presents key statistics comparing Amazon
Reviews 2023 with earlier versions, while Table 2.2 compares Amazon Reviews 2023 with other
representative large-scale datasets. The new dataset offers several notable improvements:

* Larger scale: Amazon Reviews 2023 is substantially larger than previous versions across all
dimensions. Specifically, it contains 3.18 x more items and 2.58 X more text tokens in reviews
and item metadata than the 2018 version.

* More recent interactions: The dataset contains more recent reviews from Amazon, extending
the previous version with new data ranging from Oct 2018 to Sep 2023.

* Richer and cleaner metadata: We re-parsed the original HTML product pages into structured
JSON format, resulting in metadata with more descriptive fields (e.g., item descriptions and

features) and multi-modal information (e.g., product videos and images at multiple resolutions).

Zhttps://amazon-reviews-2023.github.io/
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Table 2.3. Data statistics of the BLAIR benchmark. Each row is a dataset. Cells that do not
apply are marked n/a. “Real” indicates real-world data, while “Sync” indicates semi-synthetic
data. More details about data split strategies (by timestamp, by ratio, or leave-last-out) can be
found in Section 2.7.1.

Data Source #Interactions . Avg. #Items Avg. Item Avg. Query
Dataset / Subtask Type  i#ltems Train Val Test Split Per User Metadata #Chars  #Chars
S 1] er At
Beauty 43,978 82,800 14,268 7,698 By Timestamp 2.45 118.83
Games Amazon’23 115,813 2,127,563 189,268 215,809 (08/11/2021, 3.41 85.40
Baby Real 179,128 2,930,822 304,617 347,884 07/16/2022) 3.53 107.26 n/a
ML-1M ML-1M 3,043 983,412 6,040 6,040 Leave- 164.82 23.78
Yelp Yelp 20,033 255,492 30,431 30,431 Last-Out 10.01 604.60
Collaborative Filtering
Beauty 43,978 41,906 31,429 31,431 2.45 118.83
Games Amazon’23 115,813 1,013,056 759,792 759,792 341 85.40
Baby 179,128 1,433,329 1,074,996 1,074,998 By Ratio 3.53 107.26
Real 433 n/a
BX BX 5,335 101,183 75,804 75,862 (4:3:3) 40.31 27.57
ML-1IM ML-1M 3,043 398,184 298,631 298,677 164.82 23.78
Yelp Yelp 20,033 126,542 94,906 94,906 10.01 604.60
Product Search
ESCI Short Real 1,367,729 27,643 96.57 22.46
Amazon-C4 Complex Sync 1,058,417 n/a n/a 21,223 n/a n/a 99.81 229.89
R-Movies  Complex Real 51,203 1,627 19.63 435.85

* Finer-grained timestamps: Previous datasets provided timestamps only at the day level, which
can introduce inaccuracies for time-sensitive tasks such as sequential recommendation. In

contrast, Amazon Reviews 2023 offers timestamps with millisecond precision.

2.3 BLAIR Benchmark

In this section, we present the structure of the proposed benchmark, BLAIR. The bench-
mark comprises three recommendation-related scenarios: sequential recommendation, collabora-
tive filtering, and product search. We first introduce the definitions and used datasets of each
task in Section 2.3.1. Then, we describe in detail a newly introduced subtask under the product
search scenario, namely complex-query product search, which contains long and ambiguous user

queries (Section 2.3.2).
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2.3.1 Task Definitions and Datasets

Given an item v with textual features x, (such as title), the first step in using LLMs as
semantic encoders is to transform these text features into dense representations: e, = LLM(x,).
Here, LLM(+) denotes a pretrained and frozen LLM, and e, € R? is the resulting semantic
representation for item v. The encoded representations {e,} can then be used as inputs to
train downstream recommendation models or directly for retrieval tasks. We consider three
representative scenarios, each with its own task definition and dataset. The statistics of all

datasets used in BLAIR are summarized in Table 2.3.

Sequential Recommendation.

In the sequential recommendation task, a user’s interaction history is represented as a
time-ordered sequence of items S;_; = [v1,v2,...,v;—1]. The goal is to predict the next item v;
that the user will interact with. Following common practice [87, 266, 189], we first add adapter
layers to align the semantic embedding space with the recommendation space. Specifically,
each item embedding is projected as e/, = Projeq(ev) € R?, where Projgeq(-) denotes a learnable
projection layer. This design ensures that the downstream recommendation model maintains a
consistent number of parameters, regardless of the dimensionality of the underlying LLM. We
then adopt the UniSRec [87] architecture to implement the sequential recommendation model.
Formally, the next-item probability is defined as:

P(v¢|Si—1) o= Trm(ey,, , €, e, ) e

2 R g Ve

where Trm(-) is a Transformer decoder [208]. The model is trained by maximizing the likelihood
of the next items using a cross-entropy loss.

For sequential recommendation tasks, we select three categories from the Amazon
Reviews 2023 dataset: All Beauty (Beauty), Video Games (Games), and Baby Products (Baby).

These categories differ in both scale (0.7M, 4.5M, and 6.0M interactions, respectively) and
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domain (fashion, entertainment, and childcare). In addition, we include two widely used public

datasets, Movielens-1M (ML-1M) [73] and Yelp [263].

Collaborative Filtering.

Given historical user-item interactions, the goal of collaborative filtering is to predict
which item a user u is most likely to interact with next. Similar to the sequential recommendation
setup, we add an adapter layer to obtain projected item representations e/, = Proj.¢(e,) € RY,
Following AlphaRec [189], the user representation e/, is computed as the average of the projected
representations of items that the user has interacted with. The prediction probability is then
defined as:

P(v|u) < cos(We!,,We.)/,

where W € R?"*4' is a linear layer, cos(+,-) denotes the cosine similarity function, and 7 is a
temperature hyperparameter. The model is trained using the InfoNCE loss with in-batch negative
sampling [27].

For collaborative filtering tasks, we use the same five datasets as in the sequential
recommendation scenario: Beauty, Games, and Baby from Amazon Reviews 2023, along with
ML-IM and Yelp. Additionally, we include the widely used Book-Crossing dataset (BX) [307].
We exclude Book-Crossing from the sequential recommendation scenario because it does not

provide timestamps to order user interactions.

Product Search.

In the product search task, given a user query g, the goal is to retrieve the most relevant
items from a large corpus. The query is encoded using the same LLM as for items: e, =
LLM(q) € R¢. For this task, we do not apply any adapter layers and directly use the raw LLM-
encoded representations for retrieval. The relevance score between a query g and an item v is
computed as e, - e, in a zero-shot manner.

We consider two subtasks under the product search scenario: (1) short-query product
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Table 2.4. Comparison of user queries for the same item in the ESCI and Amazon-C4 datasets.

Item ASIN/ID BO7RJZNY5C
Query (ESCI) salt gun

Query I want a gun that I can use while garden-

(Amazon-C4) ing to get rid of stink bugs, ants, flies,
and spiders in my house. It needs to be
amazing and help me feel less scared.

Metadata BUG-A-SALT 3.0 Black Fly Edition.

search, the conventional setting where user queries are short and specific, typically containing
concise keywords; and (2) complex-query product search, where user queries are longer, more
descriptive, and often ambiguous. For short-query product search, we use the ESCI dataset [177].
The latter subtask is newly introduced in this work, with detailed task definitions and evaluation

datasets presented in Section 2.3.2.

2.3.2 New Subtask: Complex-Query Product Search

As the natural language understanding capabilities of large language models continue to
grow, users are no longer limited to issuing short, keyword-based queries when searching for
items. Instead, they can describe their needs in more natural and expressive ways, which can be
long, ambiguous, or require reasoning to identify relevant items (e.g., Buy it in ChatGPT? and
Amazon Rufus*). To reflect this emerging trend, we introduce this subtask into our benchmark.

However, there are few public datasets that support evaluation in this setting. Collecting
real paired complex user queries and their corresponding items is infeasible, as user chat histories
are and should remain private. Therefore, we construct two datasets for this task: a semi-synthetic
dataset derived from real user reviews in the Amazon Reviews 2023 (collected in Section 2.2),

and a real-world dataset curated from Reddit forum posts.

3https://openai.com/index/buy-it-in-chatgpt/
“https://www.amazon.com/rufus/
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Table 2.5. An example from the Reddit-Movie dataset.

IMDb ID tt2582802

Query Movies with a character that is very deter-

(Reddit-Movie) mined and goes through a vigorous train-
ing to be very good/the best at something?
It doesn’t necessarily have to be a train-
ing, it could be the character learning by
trial and error, experience and doing the
thing himself. Pretty much any genre is
okay, action, sci fi, thriller, horror, ...

Movie Whiplash (2014)

Semi-Synthetic Complex Queries: Amazon-C4.

The first dataset we introduce is Amazon-C4°, short for Complex Contexts Created by
ChatGPT. The key idea is that user reviews often contain detailed intentions and rich contextual
information, which can be repurposed into complex user queries. However, directly using reviews
as queries is problematic. Reviews are usually written in a reflective tone, not in the style of a
user query. In addition, reviews may include information about the target item that causes data
leakage. To address this, we use large language models to rephrase user reviews into natural,

query-like forms, creating the semi-synthetic dataset.
Prompt for complex query synthesizing in Amazon-C4.

Given a review from Amazon, can you rephrase it with a first-person tone
as if you are the customer looking for a product? Give me the rephrased
output without saying anything else. Note that the name of the product
must not show in the output since you are looking for it. You should

ignore irrelevant information that doesn’t help with the rewriting.

Specifically, we uniformly sample more than 20,000 5-star reviews from the Amazon
Reviews 2023 dataset with at least 100 characters per review to ensure sufficient detail. We use
ChatGPT to rephrase each review into a first-person query expressing the intent to find a suitable

item (see Prompt 1 for the prompt). We then filter out cases where ChatGPT fails to perform the

Shttps://huggingface.co/datasets/McAuley-Lab/Amazon-C4
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Table 2.6. Performance comparison of LLMs as semantic encoders across different recom-
mendation scenarios. “Seq. Rec.”, “Col. Fil.”, “Short”, and “Complex” stand for sequential
recommendation (5 datasets), collaborative filtering (6 datasets), short-query product search (1
dataset), and complex-query product search (2 datasets), respectively. The best results in each
column are highlighted in bold.

Avg Avg. Product Search

Model Rank (Borda)* (Overall) (Task) Seq. Rec. Col. Fil.

Short Complex

Open-Source Models (; 1B parameters)

FacebookAI/roberta-large 11 (15.0) 0.0263 0.0190 0.0393  0.0269  0.0096 0.0001
Qwen/Qwen3-Embedding-0.6B 10 (35.5) 0.0507 0.0829 0.0415 0.0274 0.1876 0.0750
princeton-nlp/sup-simcse-roberta-large 9 (37.0) 0.0397 0.0536 0.0426  0.0265 0.1063 0.0389
sentence-transformers/sentence-t5-large 8 (42.5) 0.0513 0.0801 0.0418 0.0304 0.1691 0.0790

Open-Source Models (> 1B parameters)

Qwen/Qwen3-Embedding-4B 7 (69.5) 0.0620 0.1036 0.0416  0.0350 0.2258 0.1120
Qwen/Qwen3-Embedding-8B 6 (54.0) 0.0637 0.1069 0.0415 0.0362  0.2328 0.1172
Salesforce/SFR-Embedding-Mistral 4 (98) 0.0679 0.1160 0.0433  0.0372  0.2560 0.1273
intfloat/e5-mistral-7b-instruct 3 (101) 0.0666 0.1120 0.0434 0.0377 0.2437 0.1232
GritLM/GritLM-7B 2 (105) 0.0685 0.1161 0.0434 0.0385 0.2537 0.1290
Proprietary Models
gemini-embedding-001 (Google) 5(96.5) 0.0629 0.1040 0.0434  0.0355 0.2233 0.1140
text-embedding-3-large (OpenAl) 1(116) 0.0665 0.1112 0.0440 0.0366 0.2366 0.1278
* Rank ({) is determined by the Borda Count score. For the Borda score and all other metrics, higher values are
better (1).

conversion. A comparison between a user query in Amazon-C4 and ESCI for the same target

item is shown in Table 2.4.

Real-World Complex Queries: Reddit-Movies.

The second dataset, Reddit-Movies (R-Movies), is curated from real forum discussions.
As Amazon-C4 is semi-synthetic, one may question whether the generated queries are real-
istic enough for model evaluation. To complement it, we build Reddit-Movies based on the
reddit_movie_large_v1 dataset [79], which collects real Reddit discussions about movies and
links each movie to its IMDD ID. Specifically, we keep only posts where users explicitly ask for
movie suggestions (with the label is_seeker=True) that have at least one valid response with
more than 20 upvotes, which indicates a believable answer. For item metadata, we use the movie
title and release year. The final dataset contains more than 20,000 query-item pairs, split into

training, validation, and test sets following the original data split [79]. Note that only the test
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Figure 2.2. Performance correlation between MTEB (eng, v2) and BLalR (avg. per task).

split is used for evaluation in our benchmark.

2.4 Experiments
2.4.1 Experimental Setup

We evaluate 11 top-performing LLMs from the widely used general text embedding
benchmark MTEB [154, 55]: (1) open-source LLLMs with < 1B parameters (RoBERTa [142],
SimCSE [60], Sentence-T5 [157]); (2) open-source LLMs with > 1B parameters (ES5 [215],
SFT-Embedding [148], GritLM [155]); and (3) proprietary text embedding models from Google
(gemini-embedding-001) and OpenAl (text-embedding-3-large). Among these, we fur-
ther benchmark Qwen3-Embedding models of varying sizes (0.6B, 4B, and 8B) [284] to better
understand the scaling behavior of LLM-based semantic encoders. Please refer to Section 2.7 for

more implementation details.

2.4.2 Main Results

We present the benchmarking results in Table 2.6, with detailed per-dataset results

in Section 2.8. Several key observations emerge:
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(1) The ranking on BLAIR shows little correlation with MTEB. By analyzing the
Spearman correlation between the per-task average scores on BLAIR and MTEB (eng, v2) [55],
we observe a correlation coefficient of —0.476 with p = 0.233 (see Figure 2.2). This indicates
that the performance of LLMs on general text embedding benchmarks does not necessarily
reflect their effectiveness as semantic encoders for recommendation tasks. We attribute this to
three possible factors. First, MTEB includes tasks such as clustering and summarization that are
not directly aligned with the objectives of recommendation systems. Second, representations
in recommendation tasks are expected to be highly discriminative [87, 189], a property not
emphasized in MTEB. Third, as competition on MTEB intensifies, models may become overfitted
to its specific tasks, resulting in reduced generalization to other domains.

(2) The scaling behavior of semantic encoders weakens when downstream tasks
become complex. According to scaling laws, larger models typically achieve better perfor-
mance [109], yet this trend is not consistently observed in our benchmark. We ensure a fair
comparison by controlling the downstream model parameters across different LLM-based se-
mantic encoders, using adaptors before feeding the representations into the downstream models.
In tasks with simple downstream architectures, such as collaborative filtering (a single linear
layer; see Section 2.3.1), larger LLMs generally yield higher performance. However, in more
complex settings like sequential recommendation, where the downstream model involves a
Transformer decoder, the scaling trend becomes less pronounced. For instance, models in
the Qwen3-Embedding family show comparable performance across different sizes on the se-
quential recommendation task. A discussion on this counterintuitive observation is provided
in Section 2.9.

(3) The semi-synthetic dataset Amazon-C4 exhibits a strong linear correlation
with the real-world dataset Reddit-Movie on the complex-query product search task. By
computing the Pearson correlation coefficient between the NDCG @ 100 scores of all evaluated
models on Amazon-C4 and Reddit-Movie (Table 2.10), we find a strong linearly positive

correlation of 0.94 (p < 0.01). This indicates that Amazon-C4, despite being semi-synthetic
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Figure 2.3. Comparison of performance when using different item metadata. Each point
represents a model on a specific dataset.

and covering domains different from that in real-world complex queries, effectively captures
essential characteristics of such queries. These results demonstrate that Amazon-C4 serves as a
reliable proxy for evaluating (and potentially training) LLMs on complex-query product search
tasks.

(4) text-emb-3-large demonstrates unexpectedly strong generalization on BLAIR.
Developed by a leading company, text-emb-3-large is one of the most widely used text
embedding models. Despite ranking only 42nd (as of Oct 6, AoE) on MTEB (English, v2),
which is relatively low compared to other models evaluated in this chapter, raising doubts
about its overall capability, it exhibits remarkably good performance across diverse datasets and
tasks in BLAIR. Although its average performance is not the highest, its Borda Count ranking
reveals consistently strong results across different scenarios. These observations suggest that
text-emb-3-large possesses notable generalization ability and further indicate that evaluating

LLM generalization remains an open and non-trivial challenge.
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Table 2.7. Comparison between adaptors using matryoshka representation learning (MRL) and
principal component analysis (PCA).

Model Adaptor Seq. Rec. Col. Fil.

PCA 0.0415  0.0362
MRL 0.0359  0.0392

PCA 0.0434  0.0355
MRL 0.0384  0.0313

PCA 0.0440 0.0366
MRL 0.0383  0.0379

Qwen3-Embedding-8B

gemini-embedding-001

text-embedding-3-large

2.4.3 Performance w.r.t. Item Metadata

Although numerous item metadata attributes are available for use as item features in
the collected Amazon Reviews 2023 dataset, in BLAIR we include only the item title, as it
is the most universally available attribute, providing high information density in a concise
and easily identifiable form. In this section, we investigate whether incorporating additional
metadata can further enhance the performance of LLM-based semantic encoders. Specifically,
we conduct experiments using both the item title and description as input features, and compare
the results with those obtained using the title alone. We evaluate three representative models
(text-emb-3-large, Qwen3-Emb-8B, and SimCSE) across four datasets: Games (sequential
recommendation), Games (collaborative filtering), Amazon-C4, and ESCI.

The results in Figure 2.3 show that incorporating both the title and description does
not consistently improve performance relative to using only the title. We attribute this to two
factors. First, longer text inputs may introduce additional noise, making it harder for the model
to extract relevant information. Second, LLM world knowledge may already capture some of the
information provided in item descriptions. These observations suggest that effectively leveraging
rich, heterogeneous, and noisy item metadata in semantic encoders remains a challenging open

problem.
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2.4.4 Performance w.r.t. Adaptor Design

In our experiments, to ensure fair comparisons across different LLM-based semantic
encoders, we employ adaptors to align their representation dimensions. We use principal
component analysis (PCA) with whitening as the default adaptor due to its simplicity and effi-
ciency [97, 196]. Meanwhile, several LLMs are capable of directly producing low-dimensional
representations through matryoshka representation learning (MRL) [117]. In this section, we com-
pare the performance of PCA and MRL on three representative models (Qwen3-Embedding-8B,
gemini-embedding-001, and text-embedding-3-large) across all recommendation datasets
that require an adaptor.

As shown in Table 2.7, for tasks involving complex downstream models such as se-
quential recommendation, PCA outperforms MRL, likely because whitening encourages more
distinguishable representations. In contrast, for tasks with simpler architectures like collaborative
filtering, MRL tends to achieve better results, possibly due to its ability to preserve task-relevant
information in low-dimensional spaces. These findings suggest that the choice of adaptor should

be guided by the complexity of the downstream task and model architecture.

Table 2.8. Sequential Recommendation (NDCG @ 10) detailed results. Best per column in bold,
second best underlined.

Model / Datasets All_Beauty Video_Games Baby_Products MLIM Yelp

Open-Source Models (; 1B parameters)

FacebookAI/roberta-large 0.0177 0.0113 0.0070  0.1215 0.0391
Qwen/Qwen3-Embedding-0.6B 0.0224 0.0126 0.0072  0.1266 0.0385
princeton-nlp/sup-simcse-roberta-large 0.0232 0.0114 0.0069  0.1312 0.0404
sentence-transformers/sentence-t5-large 0.0212 0.0125 0.0075  0.1275 0.0405

Open-Source Models (> 1B parameters)

Qwen/Qwen3-Embedding-4B 0.0212 0.0127 0.0075 0.1276 0.0392
Qwen/Qwen3-Embedding-8B 0.0216 0.0138 0.0072  0.1248 0.0400
Salesforce/SFR-Embedding-Mistral 0.0231 0.0131 0.0076  0.1311 0.0416
intfloat/e5-mistral-7b-instruct 0.0238 0.0136 0.0072  0.1324 0.0398
GritLM/GritLM-7B 0.0216 0.0133 0.0074  0.1321 0.0426
Proprietary Models
gemini-embedding-001 (Google) 0.0241 0.0136 0.0073  0.1297 0.0421
text-embedding-3-large (OpenAl) 0.0237 0.0135 0.0078  0.1330 0.0418
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Table 2.9. Collaborative Filtering (NDCG@20) detailed results. Best per column in bold, second
best underlined.

Model / Datasets All Beauty Video_Games Baby Products Book_Crossing MLIM Yelp

Open-Source Models (; 1B parameters)

FacebookAI/roberta-large 0.0183 0.0087 0.0037 0.0338  0.0658 0.0310
Qwen/Qwen3-Embedding-0.6B 0.0220 0.0090 0.0047 0.0296  0.0713 0.0280
princeton-nlp/sup-simcse-roberta-large 0.0205 0.0091 0.0040 0.0285 0.0676 0.0295
sentence-transformers/sentence-t5-large 0.0202 0.0101 0.0043 0.0329  0.0869 0.0280
Open-Source Models (> 1B parameters)
Qwen/Qwen3-Embedding-4B 0.0219 0.0099 0.0041 0.0406  0.1047 0.0285
Qwen/Qwen3-Embedding-8B 0.0226 0.0098 0.0042 0.0427  0.1097 0.0284
Salesforce/SFR-Embedding-Mistral 0.0236 0.0107 0.0049 0.0416  0.1142 0.0284
intfloat/eb-mistral-7b-instruct 0.0232 0.0110 0.0049 0.0421 0.1162 0.0287
GritLM/GritLM-7B 0.0226 0.0110 0.0046 0.0425  0.1216 0.0287
Proprietary Models
gemini-embedding-001 (Google) 0.0242 0.0108 0.0051 0.0371  0.1054 0.0304
text-embedding-3-large (OpenAl) 0.0238 0.0115 0.0050 0.0436 0.1071 0.0286

Table 2.10. Product Search (NDCG @ 100) detailed results. Best per column in bold, second
best underlined.

Model / Datasets Amazon-C4 ESCI Reddit-Movies

Open-Source Models (; 1B parameters)

FacebookAI/roberta-large 0.0001  0.0096 0.0000
Qwen/Qwen3-Embedding-0.6B 0.1288 0.1876 0.0211
princeton-nlp/sup-simcse-roberta-large 0.0700 0.1063 0.0078
sentence-transformers/sentence-t5-large 0.1219 0.1691 0.0360

Open-Source Models (> 1B parameters)

Qwen/Qwen3-Embedding-4B 0.1663 0.2258 0.0576
Qwen/Qwen3-Embedding-8B 0.1752 0.2328 0.0591
Salesforce/SFR-Embedding-Mistral 0.1836  0.2560 0.0710
intfloat/e5-mistral-7b-instruct 0.1759 0.2437 0.0705
GritLM/GritLM-7B 0.1845 0.2537 0.0734
Proprietary Models
gemini-embedding-001 (Google) 0.1701  0.2233 0.0578
text-embedding-3-large (OpenAl) 0.1856 0.2366 0.0699
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2.5 Benchmarking Toolkit

To facilitate reproducibility and simplify the integration of new models and datasets, we
have developed a benchmarking toolkit available at https://github.com/hyp1231/BLalR-Bench.
The toolkit includes implementations of all datasets, tasks, and evaluation metrics used in
this chapter, along with scripts for model training and evaluation. We welcome community

contributions to further extend the benchmark.

2.6 Dataset Collection Details

The Amazon Reviews 2023 dataset is collected using a large-scale, user-centric pipeline.
We first sample user identifiers from public Amazon pages and then iteratively collect all review
pages associated with each user. This user-level design ensures completeness of individual review
histories, which is particularly beneficial for recommendation and user modeling research.

However, the review coverage for a given item may be incomplete if some users are
not included in our user pool. Additionally, due to the temporal span of the collecting process,

recently posted reviews might be missing even before the dataset cut-off date.

2.7 Experimental Setup

2.7.1 Data Split and Preprocessing
Sequential Recommendation.

We group all user-item interactions by user ID and sort them by timestamp. For each
user, we truncate their interaction history to the most recent 50 items (200 for ML-1M). Dataset-

specific preprocessing steps are as follows:

* Amazon Reviews 2023. To preserve the natural distribution, we do not filter out any users
or items based on interaction counts. Since sequential recommendation is time-sensitive,

we split the dataset by time. To be specific, we determined two cut-off timestamps
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Table 2.11. A failure case of the top-performing semantic encoder GritLM-7B on complex-query
product search in the Reddit-Movies dataset.

User query

“Over the Top Bonkers Action Movies?. I recently saw the new Suicide Squad
movie and loved it. It had all the qualities I like in an action movie: violence,
shock factor, comedy, and overall bizarreness. What are some other action
movies with these qualities? Deadpool, Kick-Ass, Turbo Kid, Tropic Thunder,
and Drive Angry are some of my other favorites.”

Relevant items

Nobody (2021), Hardcore Henry (2015), Slow Moe (2010), Dredd (2012)

Top-3 retrieved
by GritLM-7B

Ninjas vs. Zombies (2008), Cowboys vs. Zombies (2014), Cowboys vs. Vampires
(2010)

Analysis

The retrieved movies appear to match the query only at a superficial level. For
example, they contain unusual or fantastical entities such as zombies, ninjas, and
vampires, which may loosely correlate with “bizarreness.” However, they fail
to capture the core intent of the query, namely over-the-top action movies that
combine stylized violence, dark humor, and mainstream appeal. This example
suggests that current semantic encoders still struggle to model complex intent
beyond shallow lexical or thematic similarity.

1628643414042 and 1658002729837 that split all the reviews in Amazon Reviews 2023

in aratio of 8 : 1: 1. These timestamps are shared across the three categories: All Beauty,

Video Games, and Baby Products.

* Movielens-1M. We iteratively remove users and items with fewer than 20 interactions

until convergence, then apply the leave-last-out strategy: the last two interactions per user

are used for validation and testing, while all previous interactions are used for training.

* Yelp. We iteratively remove users and items with fewer than 5 interactions until conver-

gence and apply the same leave-last-out strategy as ML-1M. Using the 2020 competition

dataset, we keep only interactions from 2019.

Collaborative Filtering.

Following Sheng et al. [189], we discard timestamps and split user-item interactions into

training, validation, and test sets with a 4:3:3 ratio. For ML-1M and Book-Crossing, users and

items with fewer than 20 interactions are iteratively removed. For Yelp, the threshold is 5. No

filtering is applied to the three Amazon Reviews 2023 categories.
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Short-Query Product Search (ESCI).

We use the ESCI dataset [177] and retain only ;query, item; pairs with the label “Exact”.
We adopt the small version due to its higher-quality queries, filter out non-English queries, and
keep only those whose timestamps fall within our predefined test period (after 1658002729837).
Each item ID (ASIN) is linked to its metadata in Amazon Reviews 2023. We construct a large
multi-category candidate pool by sampling 50 in-domain items (from the same category) for

each ground-truth pair. Ranking is then performed over all multi-domain candidates for each

query.

Complex-Query Product Search.
* Amazon-C4. The data synthesizing process is described in Section 2.3.2. After that,
we follow the same multi-category candidate sampling strategy as ESCI, sampling 50
in-domain items for each ground-truth pair. Ranking is computed over both in-domain and

cross-domain candidates.

* Reddit-Movie. We use the reddit _movie_large_v1 dataset [79], which contains multi-
turn conversations where users seek movie recommendations. We retain only conversations
with the label is_seeker=True (indicating the user is seeking movie recommendations)
and apply several filtering steps: (1) contexts must include at least one valid seeker turn;
(2) recommendations must have at least 20 upvotes; (3) duplicate entries are removed
using MD5 hashes of concatenated text and context; (4) samples must contain valid movie
IDs matched with metadata. The dataset is split following the original partition, and each

jquery, item; pair represents a complex query and a recommended movie.

2.7.2 Item Metadata Processing

* Amazon Reviews 2023. For all Amazon-related datasets (Beauty, Games, Baby, Amazon-
C4, and ESCI), we use product titles as item metadata. Although we conducted a small-

scale experiment using concatenated titles and descriptions (Section 2.4.3), the inclusion
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of descriptions did not consistently improve performance. Therefore, we use only titles for

simplicity and consistency.

Movielens-1M. Movie titles and release years are used as metadata.

Yelp. We concatenate each business’s ‘name’, ‘categories’, ‘stars’, ‘review_count’, ‘city’,

‘state’, ‘attributes’, and ‘hours’ fields.

Book-Crossing. We use book titles as metadata.

Reddit-Movie. We use movie titles and release years as metadata.
2.7.3 Evaluation Metrics

For each dataset, we use the normalized discounted cumulative gain (NDCGQG) as the pri-
mary metric, with task-specific cutoffs: NDCG@ 10 for sequential recommendation, NDCG @20
for collaborative filtering, and NDCG @ 100 for product search.

To summarize results across datasets, we report three aggregated metrics in Table 2.6.
First, to alleviate the bias in the number of datasets per task and the differences in metric scales,
we follow MMTEB [55] and adopt the Borda Count [32] as the primary ranking criterion.
Second, for intuitive comparison, we also report the average across all datasets (Avg. Overall)

and the average after first averaging within each (sub)task (Avg. per Task).

2.7.4 Evaluation Pipeline

For tasks requiring model training (sequential recommendation and collaborative fil-
tering), we search over three learning rates ({1 X 10733 x1074,1 x 10*4}) and select the
checkpoint with the best validation performance for final testing.

For product search, evaluation is conducted in a zero-shot manner without training,
following each LLM’s recommended encoding procedure; for models that suggest a prompt
when encoding queries, we use “Given a user query describing a need, retrieve relevant entities

(such as products, services, or media items) that satisfy the intent and constraints.”.

27



2.8 Detailed Benchmarking Results

The results for each task are summarized in Table 2.6. Below, we provide detailed results
for all evaluated LLMs across individual datasets. The results for sequential recommendation,
collaborative filtering, and product search are presented in Table 2.8, Table 2.9, and Table 2.10,

respectively.

2.9 Discussion

Why is the correlation between BLalIR and MTEB results weak?
We hypothesize that building a strong semantic encoder requires three key capabilities

that may not be simultaneously emphasized in existing embedding benchmarks:

* The ability to accurately model semantic similarity, which is essential for tasks such as

collaborative filtering and short-query product search.

* The ability to produce distinguishable and informative feature representations, which is

important for tasks like sequential recommendation.

* Strong instruction-following and reasoning abilities, which are crucial for handling complex-

query product search.

Why scaling semantic encoders yields limited gains on complex tasks?

As observed in Section 2.4.2, in tasks with complex downstream architectures, such as
sequential recommendation (a Transformer decoder), the scaling trend becomes less pronounced
than tasks with simple downstream model architectures like collaborative filtering (a simple

linear layer). Our current hypotheses are:

* Differences in the nature of the tasks: The representational capabilities required differ between
tasks. Collaborative filtering is primarily about encoding similarity. A stronger semantic

encoder can represent item similarities in a richer and more accurate manner, which directly
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translates into performance gains in collaborative filtering tasks as the encoder scales up. For
example, Sheng et al. [189] found that stronger semantic encoders yield representations whose
distribution is more closely aligned with those learned from pure interaction data. Sequential
recommendation is essentially a sequence modeling problem that requires memorizing and
reproducing behavior patterns. To achieve this, item representations may require strong dis-
criminative capability (akin to functioning as unique indices). Representations produced by
even a smaller semantic encoder might already be sufficiently distinguishable for a complex
downstream Transformer model. Consequently, scaling the semantic encoder does not signif-
icantly enhance discriminability from the perspective of the downstream model, leading to
smaller gains compared to collaborative filtering. A similar observation was reported by Hou
et al. [87], who showed that treatments such as whitening enhance the discriminative power of

item representations and improve sequential recommendation performance.

* Sequentially dependent neural network systems and scaling behaviors: Our setup functions as
a two-stage system: a first-stage semantic encoder whose output is consumed by a second-
stage model (a linear layer for collaborative filtering, or a Transformer decoder for sequential
recommendation). We hypothesize that in such multi-stage systems, scaling the later-stage
modules may diminish the impact of scaling earlier-stage modules. While there is limited
systematic work on scaling laws in sequentially dependent systems, our findings may suggest
that where we allocate additional parameters may matter as much as how many parameters we

add.

2.10 Case Study: Failure on Complex-Query Product
Search

Table 2.11 presents a failure case from the Reddit-Movies dataset, which requires un-
derstanding a complex user query with multiple implicit preferences. This example highlights
headroom for improvement in complex-query product search. In particular, even the best-

performing semantic encoder on this dataset, GritLM-7B, only achieves an NDCG@ 100 of
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0.0734 over a candidate set of 50k movies, suggesting that surface-level semantic matching is far
from sufficient. Future improvements may require stronger intent modeling, explicit reasoning,

or the incorporation of additional ranking signals such as popularity.

2.11 Conclusion

In this chapter, we introduced BLAIR, a comprehensive benchmark for evaluating LLMs
as semantic encoders in recommendation scenarios. We contributed (1) a new large-scale
Amazon Reviews 2023 dataset, (2) a unified benchmark spanning sequential recommendation,
collaborative filtering, and product search, and (3) a novel complex-query product search task
with both semi-synthetic and real-world evaluation datasets. Our experiments with 11 leading
LLMs revealed several key insights: (1) LLM rankings on BLAIR show little correlation with
general text embedding benchmarks like MTEB, indicating that the role of semantic encoders
poses unique challenges. (2) Scaling laws apply to semantic encoders even when downstream
models are parameter-controlled, though the effect weakens with task complexity increases.
(3) Our semi-synthetic Amazon-C4 dataset shows strong correlation with real-world complex
queries, indicating that it can serve as a reliable evaluation proxy and may also benefit the training
of LLMs for complex-query tasks.

Chapter 2, in part, is a reprint of the material as it appears in “Bridging Language and
Items for Retrieval and Recommendation: Benchmarking LLMs as Semantic Encoders.” by Yu-
peng Hou*, Jiacheng Li*, Xiangjun Fu*, Zhankui He, An Yan, Xiusi Chen, and Julian McAuley,
accepted for publication at the 64th Annual Meeting of the Association for Computational
Linguistics in 2026, referenced as [95]. The dissertation author was the primary investigator and

author of this paper.
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Chapter 3

Multi-Behavior Generative Recommenda-
tion

Building on the discussion of semantic representations in Chapter 2, this chapter begins
the main part of the dissertation: tokenizing actions into semantic IDs. In the next three chapters,
we present methods for developing more expressive semantic IDs. This chapter serves as a first
step by showing how actions with different behavior types can be tokenized together with item
tokens for semantic ID-based generative recommendation.

Multi-behavior sequential recommendation (MBSR) aims to incorporate behavior types
of interactions for better recommendations. Existing approaches focus on the next-item pre-
diction objective, neglecting the value of integrating the target behavior type into the learning
objective. In this chapter, we propose MBGen, a novel Multi-Behavior sequential Generative
recommendation framework. We formulate the MBSR task into a consecutive two-step process:
(1) given item sequences, MBGen first predicts the next behavior type to frame the user intention,
(2) given item sequences and a target behavior type, MBGen then predicts the next items. To
model such a two-step process, we tokenize both behaviors and items into tokens and construct
one single token sequence with both behaviors and items placed interleaved. Furthermore, MB-
Gen learns to autoregressively generate the next behavior and item tokens in a unified generative
recommendation paradigm, naturally enabling a multi-task capability. Additionally, we exploit

the heterogeneous nature of token sequences in the generative recommendation and propose
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a position-routed sparse architecture to efficiently and effectively scale up models. Extensive
experiments on public datasets demonstrate that MBGen significantly outperforms existing

MBSR models across multiple tasks.!

3.1 Introduction

Multi-behavior sequential recommendation (MBSR) has gained attention for its ability to
incorporate various behavior types (e.g., click, purchase, add-to-cart) in addition to conventional
sequential recommendation [69, 70, 264, 195, 258]. In the MBSR problem, the model is given
an additional sequence of behaviors alongside the item sequence to predict the next interacted
item. There are two lines of existing work. The first uses a two-stage aggregation paradigm
that groups item sequences into subsequences based on the corresponding behavior types, then
the subsequences are encoded separately and then aggregated for prediction [70, 69]. Another
paradigm directly models the complete item sequence, using the behavior types as auxiliary
sequential input [264, 195, 258].

Despite their effectiveness, existing models are primarily trained to predict the next items,
neglecting the value of integrating behavior types into the training objective. Most previous
methods can only predict the next items given a specific target behavior [258, 103, 244, 245].
Some methods extend the model’s capability to predict the next items under various behavior
types [264, 195]. However, none of these models can jointly predict the next items and behaviors.
The merits of learning to predict the next behavior types are twofold. First, it helps identify the
user’s intention, which further benefits in predicting the next items. For instance, after users
add an item to their cart, they may proceed to checkout, add another complementary item, or
continue exploring. Based on these varying intentions, the recommendations should be adjusted
accordingly. Second, behavior-type prediction enables platforms to introduce new functions to
improve user experience. Depending on the user’s intention, we could redirect the user to the

checkout page, display a pop-up window with complementary items, or guide the user back to

'Our code is available at https:/github.com/anananan116/MBGen.
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the home page for further exploration.

Considering the above discussions, we argue that the MBSR task should be broken down
into two consecutive steps. Given the item and behavior sequence, the first step is determining
the next behavior. The second step is to predict the next item to interact with, based on both the
predicted behavior and the input sequences. However, it’s non-trivial to model such a two-step
process. (1) Two-step dependency. An intuitive solution is to follow the multi-task learning
paradigm and design an auxiliary behavior-type prediction objective. Although such a multi-task
learning approach can simultaneously predict the next items and behavior types, it fails to model
the two-step dependency. In the proposed two-step scheme, the item prediction should also take
the predicted behavior type as input. (2) Varying magnitude of solution spaces. Furthermore, the
magnitude of the solution space of these two tasks significantly varies. There are usually no more
than ten behavior types to predict [264, 195]. In contrast, the items to predict are usually millions
of scale [271, 34], resulting in a much larger solution space. Learning two objectives with varying
solution spaces may result in unbalanced learning and lead to sub-optimal performance [277].

(3) Model capabilities. In addition, the complex two-step modeling scheme challenges the
model’s capabilities. Most current MBSR models follow the settings of conventional sequential
recommendation and are quite shallow (typically with 2 Transformer layers) [264, 195, 258]. It
could be difficult for models with limited capabilities to capture the sequential patterns of both
behavior types and items. An effective way to improve model capability is to scale up the model
parameters [109]. However, existing literature shows that it is difficult to scale up the model
parameters of sequential recommendation models [275]. We also observe that existing MBSR
models face similar difficulties in scaling up. (See Figure 3.2)

To this end, we introduce MBGen, the first Multi-Behavior sequential recommendation
model under the Generative recommendation framework. To address the imbalanced solution
space issue, we tokenize each item into a tuple of “item tokens”, where item tokens share a
much smaller solution space. We propose modeling the two-step process using a data-centric

approach, where behavior tokens and item tokens are flattened and placed interleaved into a
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single token sequence (Figure 3.1). This tokenized sequence allows the attention mechanism
to capture token-level fine-grained behavior—item, item—item, and behavior—behavior
dependencies. Furthermore, we can train a sequence-to-sequence generative model with a unified
next-token prediction objective. MBGen naturally learns to predict the next behavior types and
items in an auto-regressive manner. Such a data-driven approach allows us to model the two-step
process in a unified framework. Note that the proposed framework inherently has multi-task
capability. We can provide any target behavior type as the prompt input to condition the item
token generation. MBGen can also jointly predict the next behavior types and items as usual if
the target behavior type is not given. Lastly, the constructed token sequence is heterogeneous
by nature. We propose a position-routed sparse network to route each input to different expert
networks, which efficiently scales up the model and improves performance.

The main contributions of our work are as follows:

e We frame the multi-behavior sequential recommendation task as a two-step process
and integrate target behavior types into the learning objective.

e We present the first data-centric, token-level generative model for the multi-behavior
sequential recommendation tasks with a unified next-token prediction objective.

e Extensive experiments on public datasets show that our model significantly outperforms

previous MBSR models by 31% ~ 70%.

3.2 Methods

In this section, we present MBGen, a framework designed to seamlessly integrate various
behavior-related recommendation tasks into a single framework. In Section 3.2.1, we first
formally define the three multi-behavior recommendation tasks. Then, in Section 3.2.2, we
introduce our tokenizer that maps each raw item ID to multiple item tokens to achieve token-
level fine-grained pattern modeling. We then elaborate on our model’s capability on multiple

multi-behavior recommendation tasks in Section 3.2.3. We finally present the proposed position-
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Figure 3.1. The overall framework of the proposed multi-behavior generative recommendation
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Represenl in base-] k

and-behavior-aware Transformer block in Section 3.2.4 to better model the heterogeneous token

sequences. The overall framework of MBGen is illustrated in Figure 3.1.

3.2.1 Problem Formulation

Multi-behavior sequential recommendation models the next item to interact with, given
the historical interaction sequence (in other words, item sequence) and the corresponding behavior

types. Formally, we denote % = {u1,ua,...,uj7/} as the set of users and ¥ = {vy,vy,...

Vit
as the set of items. At the same time, we define a set of behaviors that are associated with each

interaction: # = {by,b»,... b9 }, among which the most important behavior is marked to be

the target behavior, e.g., “purchase” is the typical target behavior in e-commerce platforms in

99 ¢

comparison to other behaviors like “view”, “add-to-cart”, and “add-to-favorite”. For each user u,

: <VZ71,19271>]-

The user’s last interaction (v%,b%) is the prediction target. As discussed in Section 3.1, we

we define the behavior-aware interaction history sequence to be S, = [<vbf, ”1‘> ,

propose to formulate the MBSR problem as a two-step process. First, the interaction history S,
determines the behavior type of the next interaction b%, which helps frame the user intention.

Then, S, and b}, jointly determine the next interacted item vi. Thus, we can model the probability
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distribution of the next behaviors and items as follows:

P(by,vu|Su) = P(by|Su) - P(v|Su, br).

Then, we describe the three behavior-related tasks in the MBSR problem, i.e., target
behavior item prediction, behavior-specific item prediction, and behavior-item prediction. In
the target behavior item prediction task, we model P(v,|S,,b,) given b, = by, where b; is
the target behavior for simplicity. Similarly, in the behavior-specific task, the model predict
P(v,|Sy,by) given arbitrary behavior b, € 4. In contrast, the behavior-item prediction task gives
no information about the next behavior. The model predicts both P(b,|S,) and P(v,|S,,b,) given

Su-
3.2.2 Learning Balanced Behavior&Item IDs

In the presented generative recommendation framework, to balance the solution space
of the next behaviors (usually less than ten) and items (millions), we propose to tokenize each
item into a tuple of tokens. Existing works [174, 132] use RQ-VAE [268] as the item tokenizer
to encode dense item features into tokens. However, we observe that this practice is suboptimal
due to the extremely unbalanced code distribution (Table 3.6), which necessitates a larger pool
of tokens and an additional digit to prevent collisions. In this section, we propose to tokenize
items into distribution-balanced tokens. More balanced token distribution leads to smaller token
pools and reduced solution spaces, resulting in better performance [166, 88]. We refer to the
item tokens that come from associate item features as Balanced Semantic ID (SID). We also
propose a balanced item tokenization method that takes only item IDs as inputs, referred to as

the Balanced Chunked ID (CID).

Balanced Semantic ID. For the widely-used RQ-VAE tokenization [174], we observe that token
imbalances stem from the high correlations between residual vectors and the quantized first-digit

token. The second and subsequent digits of tokens derived from the residuals should ideally

36



be uniformly distributed, regardless of the first digit of the token. However, existing methods
use a global codebook to quantize residual vectors, regardless of which first-digit token the
item is assigned. Thus, residuals with the same first-digit token are likely to be quantized to
have the same second-digit (also subsequent) token. With this in mind, we propose individually
quantizing the residuals of each first-digit token rather than maintaining a single codebook for
all residuals.

(1) Code level 1. When deriving the first digit, we fit a quantized auto-encoder with
the item features as input. This process can also be seen as an RQ-VAE [268] with only one
quantization layer. We first feed the item feature x into an encoder E(+) (a simple feed-forward
network in our case) to learn the latent representation z := E(x) € R, where d is the dimension

RE*4 where K is the codebook size. We

size. Meanwhile, we maintain a codebook ¢ := E €
then find the closest codebook entry and use the corresponding entry index r as the first-digit
token, i.e., r = argmin, ||z — e;|. We then use another neural network as a decoder to reconstruct
the input item feature: X := D(e,). This network is trained with two losses: (1) the reconstruction
l0ss Lrec = ||& — x||* and, (2) the quantization loss Zuan = ||z — sg [e,] ||*, where sg[-] denotes
the stop gradient operation. The final loss is given by .Z = Z.c + B-ZLyuan, Where B is the
hyperparameter to balance the two losses. The codebook is maintained by running average as
proposed in Razavi et al. [176]. The residual z — e, will be used for deriving the second-digit
token.

(1) Code level 2 and 3. When deriving the second digit, for every item that shares the first
digit, we fit an individual k-means model with K as the number of clusters. Then the index of
each cluster is used as the second-digit token. By fitting individual k-means models for residuals
that share the same first-digit token, we can generate more balanced second-digit tokens. Such
balanced distribution allows us to tokenize the same number of items with fewer codebook layers
and smaller codebook sizes. In this way, the proposed balanced semantic ID (SID) tokenization

method reduces the model’s decision space and computational consumption due to the shorter

input sequences [166]. Eventually, we randomly assign the third-dight token for every item with
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the same first and second digits to resolve the collision issue and ensure every SID uniquely

identifies an item.

Balanced Chunked ID. We also propose a tokenizer that does not require any associated item
features. For a given item ID, we first remap it into one random integer i. To reduce the space
size | /| of these integers, we represent the integer in base k. This process ensures that each item
is represented by a tuple of digits, where each digit serves as a token. Although this approach
lacks semantic information from item features, it still generates effective item tokens by ensuring

a balanced token distribution.

ibehavior, item( Tokenizer. We use a separate behavior token to encode each type of behavior
and add the behavior token before the item tokens to encode behavior information in the
multi-behavior interaction sequence. Overall, we will tokenize each item v € ¥ into a tuple
of tokens C” := [CY, ey, ,cm that uniquely identifies each item v. Combining the behavior
token b, each interaction can be represented as the tuple [b, cy,c5, cﬂ In this way, the above-
mentioned MBSR problem has been formalized as a next-token prediction task. Given the user

interaction history S}, = [b",c\!, 5", 3!, ..., b1 c" ¢y 5", the task is to predict the

next interaction [b",c\",cy",c5"] token-by-token.

3.2.3 Generative Multi-Task Multi-Behavior Modeling

Sequence-to-Sequence Generative Framework. To solve the above-mentioned two-step
MBSR problem, we first tokenize the original item and behavior sequence into one single token
sequence using the item and behavior tokenizer proposed in Section 3.2.2. Then, the token
sequences are fed into an encoder-decoder Transformer [208] module to generate the next tokens
autoregressively. When the decoder is trained to give the next token prediction, it naturally learns
the two-step prediction objective in the MBSR problem, i.e., first predicts the next behavior
to frame user intention, then predicts the next item given the next behavior type. Additionally,

to capture the personalized sequential and behavior interaction pattern, we follow Rajput et al.
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[174] and map the raw user IDs to U tokens using the hashing trick [233]. The mapped user ID
is prepended to the input token sequence to help capture the personalized interaction features on

the encoder side.

Multi-Task Capability. Learning from the proposed token sequences naturally gives MBGen
multi-tasking capabilities. As mentioned, we formulate the MBSR problem into three tasks:
target behavior item prediction, behavior-specific item prediction, and behavior-item prediction.
For both target behavior item prediction and behavior-specific item prediction tasks, we prompt
the sequence model with [(BOS),b|, where b is the target behavior token in target behavior item
prediction task, and can also be an arbitrary behavior token in behavior-specific item prediction
task. In this way, we effectively condition the generation of the following item tokens using the
provided behavior token. For the behavior-item prediction task, the model is only provided with
the (BOS) token and is responsible for generating both the behavior token and the item tokens.
To the best of our knowledge, MBGen is the first model that can make predictions on the next

behavior and the behavior-specific next-item prediction simultaneously.

3.2.4 The Position-and-Behavior-Aware Transformer

Position Routed Mixture of Experts. Note that the input token sequences described in Sec-
tion 3.2.2 are heterogeneous by nature. For example, the first token in each behavior-item
tuple always encodes the behavior information. Inspired by the Mixture of Expert (MoE) ar-
chitecture [56, 100], we propose to set up multiple expert networks to model the sequence
heterogeneity. The input of each digit from a behavior-item tuple [b, ¢y, c2,c3] will be routed to
different expert networks. Existing MoE models typically use a trainable gating network to route
the input to each expert network. It’s known that such a gating technique usually suffers from
problems like representation collapse [29]. Thus, we propose to route the inputs purely by the
relative position of each token. In detail, we duplicate the Feed Forward Network (FFN) in the

Transformer blocks. The behavior token and three item tokens are routed to four different FFN
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Table 3.1. Statistics of the preprocessed datasets. “Avg. n”” denotes the average length of item
sequences. “Avg. w” denotes the average number of words in the item text.

Datasets #Users #Items #Inters. Avg.n Avg. w

Retail 147,894 97,842 7,651,493 7820 51.74
1JCAI 423,119 351,221 32,685,371 93.06 77.25

experts, respectively. All other tokens (e.g., (EOS), (BOS), user token) are routed to another FFN
expert. Another merit of the proposed position routed module is that it efficiently scales up the

model parameters without additional computational budget.

Behavior Injected Feed Forward Layer. To further enhance the model’s capability of under-
standing the fine-grained behavior-item interaction, we design an additional behavior embedding
table in the FFN layers. Each FFN layer accepts an additional input of the current behavior type.
The behavior types for the item tokens are decided by the associated behavior token, and the
behavior types for the behavior tokens and the special tokens are set to be the padding token.
The corresponding behavior embedding is then concatenated with the input of the FFN layer to

facilitate a better mix of item and behavior information.

3.3 Experiment

3.3.1 Experiment Setup

Datasets

We evaluate our proposed MBGen model with the following two public datasets[245]:

Retail. The retail dataset is collected from Taobao, one of the world’s largest e-commerce
platforms. There are four types of behaviors: purchase, add-to-cart, add-to-favorite, and click.
The purchase behavior is seen as the target behavior in this dataset. Some baselines also refer to
this dataset as “Taobao”/*Tmall”.

IJCAL This dataset was used for the [JCAI competition and contains real-world data

collected from e-commerce platforms. Similar to the retail dataset, there are four types of
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behaviors: purchase, add-to-cart, add-to-favorite, and click. The purchase behavior is seen as the
target behavior in this dataset.

We filter all the datasets to exclude the items that appear less than 5 times in the training
sequence. The statistics of the filtered datasets are shown in Table 3.1. We do not use the Yelp
dataset used as in [264, 195]. In the Yelp dataset, the user rating field (on a scale of 1 (worst) to
5 (best)) is split into three types of behaviors: dislike (rating < 2), neutral (2 < rating < 4), and

like (rating > 4). However, this doesn’t align with the real-life distribution of behaviors.
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Baselines

We compare the proposed approach with the following baseline methods:

(1) Sequential Recommendation Models. For all sequential recommendation models, we treat
the multi-behavior item sequence as a regular single-behavior item sequence to enhance the
sequential baseline models.

e GRU4Rec [201] uses a Gated Recurring Unit (GRU) to enhance long-term memory in
recommendation tasks.

e SASRecy; [108] utilizes a self-attentive model to capture item correlations. We use
the M subscript to denote the usage of multi-behavior sequence, aligning with the notation in
previous works [264].

e BERT4Recy; [197] adopts a bi-directional self-attentive model with a cloze objective
for sequence modeling. We use the M subscript to denote the usage of multi-behavior sequence,
aligning with the notation in previous works [264].

e TIGER [174] proposes a novel learned Semantic ID representation for each item and
achieved State of the Art (SOTA) performance in sequential recommendation tasks.

(2) Multi-behavior Recommendation Models.

e MB-GCN [103] leverages a unified graph structure to represent multiple types of
user-item interactions.

e MB-GMN [245] incorporates a meta-learning paradigm to capture interaction diversity
and behavior heterogeneity.

(3) Multi-behavior Sequential Recommendation Models.

e HSTU [271] uses actions to unify retrieval and ranking in the same model. In our
reproduction, we include behaviors as “actions”. In detail, we place the item and behavior tokens
interleaved as jitem, behavior;, for each interaction.

e MBHT [258] utilizes hypergraph learning to uncover item-wise multi-behavior corre-

lations.
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e PBAT [195] takes the user’s personalized behavior interaction pattern into account
using learned user-associated features.

e MB-STR [264] adopts a sparse Mixture of Experts (MoE) architecture and sequential
pattern generator to handle the semantic gap between different behaviors.

e SASRecp [108] and BERT4Recg [197] are enhanced from the original sequential
recommendation methods by seeing each item with a different behavior type as a new item, thus
building a new set of items of size |¥'| x |%|. The enhanced models gain the ability to perform
both behavior-specific and behavior-item prediction tasks. We denote the enhanced version of

SASRec as SASRecg, and the enhanced version of BERT4Rec as BERT4Recg.
Evaluation Settings

Following previous works [264, 195, 258], we adopt two widely used ranking metrics,
Recall@K and NDCG@K, where K € {5,10}. For dataset splitting, we apply the leave-one-out
strategy, i.e. the latest interacted item as test data, the item before the last one as validation data.
Different from previous works [264, 195, 258], the ground-truth item of each sequence is ranked
among all the other items instead of some sampled negative items for reliable evaluation [113].
We conduct a beam search with 50 beams to rank the top 10 candidates in all items to evaluate
the Recall@K and NDCG @K metrics for the proposed MBGen model. All item sequences are

truncated to a length of 50 for training and evaluation of our proposed model and the baselines.
Implementation Details

We reproduce most of the baselines (apart from MB-GMN) in the RecBole [285, 286]
framework and use the same truncated item sequence to train all the models.

Item Tokenizer. We use a vocabulary size of (K x m) where m = 3 for all datasets.
K =96 for the IICAI dataset, K = 64 for the retail dataset. Unlike previous works [174, 104, 132]
that require associated item features as additional input, we use the embedding table of a

pretrained sequential recommendation model (MB-STR [264] in our case) as the item feature
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and input of semantic ID generation. In the first quantization phase of balanced SID, the
Quantized Auto-Encoder has hidden layers of size [2048,1024,512,256] in its encoder and
decoder with the ReLU activation function. The latent dimension is set to be 32. The codebook
size is the same as K for each dataset. We use a batch size of 2048, a learning rate of 0.001, and
a B of 0.25 to train the model using the Adagrad optimizer until full convergence. We choose
the same k for the two datasets in the generation of balanced CID.

Sequence-to-Sequence Model. We implement our sequence-to-sequence prediction
model based on the Switch Transformers [56] architecture. We use a model dimension of 256,
an inner dimension of 512 with ReLLU activation function, and 6 heads of dimension 64 in the
self-attention layer. The model has 4 regular encoder layers and 4 sparse decoder layers, and we
add behavior injection in the first two encoder and decoder layers. Each sparse layer has 5 of
experts in the sparse FFEN layer. We set the batch size to 512, learning rate to 0.001, and trained
our model with the AdamW optimizer for 350000 steps on both datasets. The learning rate is
tuned in {0.0008,0.001,0.0012} and the weight decay is tuned in {0.005,0.001}. The models
with the best NDCG@ 10 performance on the validation set are selected to be tested on the test

set.

3.3.2 Overall Performance

Target Behavior Item Prediction

We compare the two variants (using SID and CID proposed in Section 3.2.2, respectively)
of our proposed MBGen with the baseline methods on the target behavior item prediction task
and report the results in Table 3.2. We only use sequences that end with an interaction with target
behavior for target behavior evaluation.

For baseline methods, we observe that all baselines that incorporate sequential informa-
tion significantly outperform non-sequential baseline models (i.e., MB-GCN, and MB-GMN),
verifying that sequential patterns are a crucial part of the MBSR problem. Furthermore, we

cannot finish training and evaluating the MB-GCN and MB-GMN models in a reasonable time
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on the IJCAI dataset since it’s not designed for retrieval tasks on such a large-scale dataset.
Different from the results reported in previous MBSR works, we observe that some sequential
recommendation models (e.g., SASRec, and MB-STR) outperform all the MBSR models. This
could be caused by the following reasons: (1) Some previous works [258, 195] train the sequen-
tial recommendation baseline models using only the target behavior sequence, which undermines
the performance of the sequential recommendation baselines. (2) Previous works [264] use the
SASRec and GRU4Rec models that was trained with the original binary entropy loss instead of
the cross entropy loss, which is known to provide a significant improvement over the original
SASRec model [270]. (3) In our evaluation setting, the ground-truth item of each sequence is
ranked among all the other items instead of some sampled negative items as in [264, 258, 195].
We also notice that the behavior-enhanced SASRecg and BERT4Recg models perform worse
than the original SASRec and Bert4Rec modes. This could be due to the increased sparsity of
the data after we create additional items for each behavior type. Additionally, we observe that
the generative recommendation method (i.e., TIGER) significantly outperforms conventional
sequential recommendation models (e.g., SASRec and GRU4Rec) when retrieving from a large
number of candidates in the IJCAI dataset. For the proposed MBGen model, both of its variants

significantly outperform all baselines in both datasets by 30% to 70%.
Behavior-Specific Item Prediction

We compare the proposed MBGen model with the four baselines with the behavior-
specific item prediction capability and present the results in Table 3.3. In this task, the model is
given the behavior type of the last interaction that the user performs and is required to predict the
interacted items. We note that all models perform worse on behavior-specific item prediction
task than target behavior item prediction task. This follows our intuition the target behavior
(e.g., purchase) usually indicates a stronger preference than other behaviors (e.g., click). Thus,
it could be easier to predict interactions with target behavior than arbitrary behavior. The

proposed MBGen model also performs best in the behavior-specific item prediction task among
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Table 3.3. Performance comparison on the behavior-specific item prediction task.

Retail 1JCAI
Model
NDCG@5 NDCG@10 NDCG@5 NDCG@10
BERT4Recp 0.0021 0.0013 0.0037 0.0018
SASRecg 0.0468 0.0580 0.0822 0.0946
PBAT 0.0346 0.0430 0.0799 0.0944
MB-STR 0.0606 0.0715 0.1109 0.1257

MBGen (SID) 0.2053 0.2131 0.3023 0.3317
MBGen (CID)  0.2030 0.2076 0.2972 0.3261

Table 3.4. Performance comparison on the behavior-item prediction task.

Retail 1ICAI
Model
NDCG@5 NDCG@10 NDCG@5 NDCG@10
BERT4Recg 0.0013 0.0007 0.0024 0.0010
SASRecg 0.0299 0.0395 0.0287 0.0375
HSTU 0.1579 0.1616 0.1607 0.1654
MBGen (SID) 0.1712 0.1803 0.2155 0.2301

MBGen (CID)  0.1720 0.1800 0.2443 0.2730

all baselines.
Behavior-Item Prediction

We evaluate the performance of our proposed MBGen and other baselines on the behavior-
item prediction task that requires the model to make predictions on both the behavior type and
the item of the user’s next interaction. We count a prediction as correct if the prediction of both
behavior and item matches the ground-truth behavior and item. As shown in Table 3.4, despite its
lack of capability on the other two tasks, HSTU performs best among all baseline models. Our
proposed MBGen model also outperforms all baseline methods in the behavior-item prediction
task. We also note only a 10%-20% drop in performance compared to the behavior-specific
prediction task, showing our model’s solid ability in the next-behavior prediction task in the

MBSR problem.
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Table 3.5. Ablation analysis on three MBSR tasks. The best performance is denoted in bold font,
and underlined font is used to denote the best performance in ablation models if one variant of
our proposed MBGen achieves the best performance. We use PR to denote the position routed
sparse FFN layer, BI to denote the behavior injection module, and I7 to denote the item tokenizer.
N@5 and N@10 are short for NDCG@5 and NDCG@ 10, respectively.

Retail IJCAI

Model Target Behavior Behavior Specific Behavior-Item Target Behavior Behavior Specific Behavior-Item
N@5 N@10 N@5 N@l10 N@5 N@I0 N@5 N@I0 N@5 N@I0 N@5 N@10
PBA Transformer Modules Ablation

w/o PR 0.3765 0.3894 0.1977 0.2050 0.1643 0.1730 0.3325 0.3778 0.2897 0.3188 0.2122 0.2258
w/o Bl 0.3818 0.3970 0.1946 0.2030 0.1593 0.1697 0.3138 0.3575 0.2756 0.3038 0.2029 0.2159
w/o PR & BI  0.3853 0.3999 0.1979 0.2059 0.1633 0.1729 0.3155 0.3607 0.2743 0.3036 0.1945 0.2085

Item Tokenizer Ablation

HSTU N/A N/A NA N/A  0.1579 0.1616 N/A N/A N/A N/A 0.1607 0.1654
w/o IT 0.3565 0.3598 0.1946 0.1959 0.1585 0.1637 0.3318 0.3396 0.2875 0.2926 0.2373 0.2506
TIGER 0.2049 0.2263 N/A N/A N/A  N/A 0.2595 0.2788 N/A N/A N/A  N/A
RQ-VAE (128%) 0.3690 0.3861 0.1951 0.2074 0.1592 0.1715 0.2993 0.3265 0.2649 0.2833 0.1853 0.1947
RQ-VAE (256%) 0.3460 0.3634 0.1665 0.1799 0.1315 0.1445 0.3323 0.3684 0.2909 0.3156 0.2008 0.2149

Ours

MBGen (SID) 0.3800 0.3954 0.2053 0.2131 0.1712 0.1803 0.3498 0.3949 0.3023 0.3317 0.2155 0.2301
MBGen (CID) 0.3815 0.3934 0.2030 0.2076 0.1720 0.1800 0.3454 0.3913 0.2972 0.3261 0.2443 0.2730

3.3.3 Ablation Study

We analyze how each of the proposed components affects final performance. Table 3.5
shows the performance of the two full variants of our proposed MBGen model and eight models

with some key designs removed.

PBA Transformer Module Ablation

(1) w/o Position Routed Sparse FFN: The position routed sparse structure in the PBA
Transformer model helps to scale up the model without an increase in inference cost. We see a
degradation in performance due to the lack of model capacity, as expected.

(2) w/o Behavior Injection: Removing the behavior injection module undermines the
model’s ability to capture the semantics of the behaviors at a token level.

(3) w/o Position Routed Sparse & FFN Behavior Injection: The ablation of both modules

could largely hurt the model’s capacity and ability to capture fine-grained behavior patterns. This
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observation is even more pronounced in the larger-scale IJCAI dataset.

Tokenizer Ablation

(1) HSTU Tokenizer: The tokenizer proposed in HSTU [271] tokenizes an interaction
into an item token followed by a behavior token. As mentioned, we argue that this method doesn’t
adhere to the two-step nature of the MBSR problem. We observe a worse performance than the
w/o item tokenizer variant due to its reversed behavior and item token order. Additionally, such a
tokenizer also lacks the capability of conditioning next-item prediction on known behavior types.

(2) w/o Ttem Tokenizer: We remove the item tokenizer and replace the original 3 item
tokens with one single item token. The model cannot model the token-level behavior-item
interaction patterns without the item tokenizer. When the item tokenizer is removed, it’s also
harder to retrieve the next-item prediction from large amount of candidates. We do observe that
this variant with the item tokenizer removed outperforms our proposed Semantic ID variant, and
we hypothesize that this is caused by the complicated probability distribution when we retrieve
top candidates using beam search. We detail this discussion in Section 3.3.4.

(3, 4, 5) RQ-VAE Tokenizer: We test the behavior-aware RQ-VAE tokenizer on two
codebook sizes, which are both larger than the codebook size of the proposed balanced item
tokenizer due to the above-mentioned code imbalance nature of the RQ-VAE tokenizer. Thus, an
even smaller RQ-VAE codebook size is impractical due to the very serious collision problem.
Both the code imbalance, the bigger codebook size, and more codebook layers make it hard
for the model to perform next-item prediction. We perform quantitative analysis and further
discuss the code distribution of the RQ-VAE tokenizer and our proposed balanced tokenizer
in Section 3.3.4. Additionally, we also compare the behavior-aware RQ-VAE tokenizer with
the original TIGER tokenizer without behavior-aware designs, which demonstrates the role
that behavior token plays in our model. In addition to the incapability of behavior-specific and

behavior-item predictions, we also observe a big performance decay in target behavior prediction
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Table 3.6. Quantitative analysis on the code distribution of different item tokenizers. The lower
the variance and collision, the more balanced the generated codes are.

. Retail IJCAI
Metrics
Balanced SID RQ-VAE SID Balanced SID RQ-VAE SID
L1 Variance 90,093 152,325 3,651,624 7,562,833
L2 Variance 71 238 601 2,487
L3 Variance 0.2368 0.6778 0.024 1.15
L4 Collisions N/A 51,083 N/A 220,263
0.22 Model Type 095" Model Type
0.20 PBAT 0.3327  w/o PR (SID)
SASRec 0.330- MBGen (CID)
0.18 MB-STR MBGen (SID)
0.328+
0.16
2
gonz @ 0'3227
o0 o0
=] S 0.320-
0.08 0.318+
0.06 0.316
0.04 0.314+
0.02 0.312-
0.00 0.310
0 40 80 120 160 200 240 280 320 360 400 0.40 0.48 0.56 0.64 0.72 0.80
MFLOPS GFLOPS
Figure 3.2. Baseline models scalability Figure 3.3. MBGen variants scalability com-
comparison on target behavior item predic- parison on behavior-specific item prediction
tion task on IJCAI dataset. The model com- task on IJCAI dataset. The model computa-
putational budget is measured from one sin- tional budget is measured from one single for-
gle forward call on inference. ward call on inference.

tasks. This shows the effectiveness of our designed behavior-aware tokenizer schema.

3.3.4 Further Analysis

Quantitative Analysis on Code Distribution

We perform a quantitative analysis on the empirical distribution, and the results are
shown in Table 3.6. We omit the analysis for the Chunked IDs variant since it theoretically
grants a perfectly balanced code distribution. For a fair comparison, we fit RQ-VAE models with
the same codebook size as the codebook sizes of our proposed balanced semantic IDs. For the
codebook layer m, we count the number of items with the same first m digits for each possible

code combination. For instance, there are 64 x 64 = 4096 possible combinations on the first two
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Figure 3.4. Comparison of retrieval performance with respect to different numbers of beams
used in beam search along with the performance of proposed behavior aware sampling method
on [JCALI (left) and Retail (right) datasets.

digits for the retail dataset. We calculate the histogram of the distribution of the first m digits.
Then, we compare the variance of such empirical distribution (the smaller, the more balanced the
code distribution). We observe that our proposed Balanced SID has a significantly more balanced
code distribution in each codebook layer. Furthermore, we measure the number of collisions
on the fourth layer in the RQ-VAE tokenizer; the result shows that more than half of the items
in both datasets have some other items that share the same first three codes with them due to
extremely unbalanced code assignment. In contrast, there are only three layers in our designed

balanced item tokenizers.
Behavior-Aware Sampling

As shown in Figure 3.4, we observe that increasing the number of beams significantly
improves the performance of our model on the behavior-item prediction task. We propose that
this is caused by the inability to capture the complicated conditional probability distribution of
the beam search algorithm. In both datasets, some behaviors (e.g., purchase and add-to-favorite)
appear much less often than others (e.g., click). Such an unbalanced probability distribution
can make it hard for the beam search to retrieve the behavior-item pairs that jointly have a high

probability but with a rarer behavior type. To that end, we experiment with a behavior-aware
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sampling method that achieves considerable improvement in the retrieval task without the need
for more beams in the beam search. We first record the probability of each behavior and retrieve
the same proportion of items conditioned on each behavior. For instance, if the probability of
the four behaviors is [0.3,0.42,0.18,0.1], we use the beam search to get the top [3,4,2, 1] results
for each given behavior. We then combine the results as our top-10 behavior-item prediction.
As shown in Figure 3.4, such a behavior-aware sampling method significantly outperforms the

original beam search algorithm with 10 beams in both datasets.
Scalability Analysis

We show the relation between the model capacity and the model performance of baseline
methods in Figure 3.2. We observe that the baseline models have a degradation of performance as
we scale up the mode, especially the MB-STR and PBAT models. As in Figure 3.3, we observe
that the variants of MBGen have better scalability when compared to the baseline models.
Furthermore, we observe that our model with the position routed sparse FFN architecture
performs better than the variant model without the sparse architecture with the same amount of

computation consumption.

3.4 Conclusion

In this chapter, we propose MBGen, the first generative recommendation on the multi-
behavior sequential recommendation problem. Different from previous models that only model
the second step (next item prediction given next behavior) of the MBSR problem, we construct a
unified multi-behavior generative recommendation paradigm that’s coherently trained on both
steps of the MBSR problem. We further design a balanced behavior-aware item tokenizer that
allows our model to learn from token-level fine-grained interaction patterns. Exploiting the
heterogeneous nature of our constructed behavior-item sequence, we designed a position-routed
sparse architecture to efficiently scale up the model. Extensive experiments are conducted with

public datasets to show that our model significantly outperforms all baseline models in multiple
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MBSR tasks.

Chapter 3, in part, is a reprint of the material as it appears in “Multi-Behavior Generative
Recommendation.” by Zihan Liu*, Yupeng Hou*, and Julian McAuley, in Proceedings of the
33rd ACM International Conference on Information and Knowledge Management in 2024,

referenced as [144]. The dissertation author was the primary investigator and author of this

paper.
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Chapter 4

ActionPiece: Contextually Tokenizing
Action Sequences for Generative Recom-
mendation

Observing the context-independent nature of existing action tokenization methods, this
chapter asks whether making action tokenization context-aware would be more powerful, i.e.,
whether the same action should be tokenized differently under different contexts.

Generative recommendation (GR) is an emerging paradigm where user actions are
tokenized into discrete token patterns and autoregressively generated as predictions. However,
existing GR models tokenize each action independently, assigning the same fixed tokens to
identical actions across all sequences without considering contextual relationships. This lack of
context-awareness can lead to suboptimal performance, as the same action may hold different
meanings depending on its surrounding context. To address this issue, we propose ActionPiece
to explicitly incorporate context when tokenizing action sequences. In ActionPiece, each action
is represented as a set of item features. Given the action sequence corpora, we construct the
vocabulary by merging feature patterns as new tokens, based on their co-occurrence frequency
both within individual sets and across adjacent sets. Considering the unordered nature of feature
sets, we further introduce set permutation regularization, which produces multiple segmentations

of action sequences with the same semantics. !

'Our code is available at https://github.com/google-deepmind/action_piece.
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245 76 92 245
) 284 362 276 291 feature set:
Action 747 679 560 635
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Feature Sets 1067 1100 1131 1123
92
Segment 1 ®747 245 g4 @)76 679 %2 1100 %8 291 %‘9‘3
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Figure 4.1. Illustration of the tokenization process of ActionPiece. Each action is represented as
an unordered feature set. This figure presents two possible tokenized sequences, where features
are grouped into different segments. The same action can be tokenized into different tokens
depending on the surrounding context. A detailed case study can be found in Section 4.3.5.

4.1 Introduction

Generative recommendation (GR) [204, 174, 290, 271] is an emerging paradigm for the
sequential recommendation task [82, 108]. By tokenizing the user actions (typically represented
by the interacted items) into discrete tokens, GR models learn to autoregressively generate tokens,
which are then parsed into recommended items. These tokens share a compact vocabulary
that does not scale with the item pool size, improving model scalability, memory efficiency,
and recommendation performance. The input action sequence is vital in understanding user
intentions [82, 122, 108], which organizes a user’s historical interactions in chronological order.
The same action (e.g., purchasing the same item) may have different meanings in different action
sequences. Evidence of taking a certain action can be found in the context, such as whether other
items in the sequence share the same brand, color tone, or price range [280, 297, 87, 88, 266].

Despite the importance of contextual relations among actions, existing methods tokenize

each action independently of its context (summarized in Table 4.1). The typical pipeline for
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tokenizing action sequences involves two steps: (1) Tokenizing each action/item individually
into a pattern of tokens; (2) Replacing each action in the input sequence with its corresponding
token pattern. In this way, the tokens do not explicitly contain the context. Instead, they solely
rely on the autoregressive model’s parameters being well-trained to generalize effectively in
understanding the context, which challenges the capabilities of GR models. As a comparison,
tokenization in language modeling also originates from context-independent methods, such as
word-level tokenization [199, 5]. A decade of progress has led to most tokenization methods for
modern large language models (LLMs) [162, 4, 206, 288] adopting context-aware approaches,
including BPE [186] and Unigram tokenization [115], which tokenize the same word roots along
with their adjacent context into different tokens.

In this chapter, we aim to make the first step towards context-aware tokenization for
modeling action sequences. In analogy to how characters or bytes serve as the basic units in
language modeling, we consider the associated features of an item as initial tokens. The idea is
to iteratively find the most commonly co-occurring pairs of tokens among the training action
sequences, then merge them into new tokens to represent segments of context. However, it’s
non-trivial to achieve this. Unlike text, where characters naturally form a sequence, the features
associated with an action form an unordered set [280, 297]. Thus, the proposed tokenization
algorithm should be applied on sequences of token sets. We need to carefully consider which
pairs of tokens should be counted, whether within a single set or between two adjacent sets, and
how much weight should be given to these different types of relationships.

To this end, we propose ActionPiece, which enables the same actions to be tokenized
into different tokens based on their surrounding context. (1) Vocabulary construction begins
by initializing the vocabulary to include every unique feature as initial tokens. The vocabulary
is then constructed by iteratively learning merge rules. Each merge rule specifies that a pair of
tokens can be merged into a new token. In each iteration, we enumerate the training corpus
to count the co-occurrence of existing tokens. Considering the structural differences between

token pairs, e.g., whether they occur within a single set or between two adjacent sets, we assign

56



Table 4.1. Comparison of different action tokenization methods for generative recommendation.
“Contextual” denotes whether the same actions can be tokenized into different tokens based on
the surrounding context. “Unordered” denotes whether the item features or semantic IDs are
used in an order-agnostic manner.

Action Tokenization Example Contextual Unordered

Product Quantization ~ VQ-Rec [88]
Hierarchical Clustering  P5-CID [96]
Residual Quantization  TIGER [174]

Text Tokenization  LMIndexer [104]
Raw Features HSTU [271]
SentencePiece SPM-SID [193]

AR R
N XX XXX\

ActionPiece Ours

Algorithm 1. ActionPiece Vocabulary Construction

Input: Sequence corpus .¥”, initial tokens ¥, target size Q
Output: Merge rules %, constructed vocabulary #
1: Initialize vocabulary ¥ < ¥ # Each initial token corresponds to one unique item feature
2: B+ 0
3: while |[7| < O do
# Count: accumulate weighted token co-occurrences
count(-,-) < Count(.",¥") # Algorithm 2
# Update: merge a frequent token pair into a new token
Select (cu,¢y) — argmax, o) count(c;, ¢ ;)
"« Update(",{(cu,cv) = Cnew}) # Algorithm 3
K — X JI{(cy,cv) = Cnew } # New merge rule
10: ¥ < ¥ U{cnew} # Add new token to the vocabulary
11: end while
return Z, 7V

R A A

different weights to different pairs. (2) Segmentation refers to dividing raw features in action
sequences into groups that can be replaced by tokens from the vocabulary. To fully exploit the
unordered nature of the feature set of each action, we introduce set permutation regularization.
By randomly permuting the features within each set, we can produce multiple token sequences
of a single action sequence that preserve the same semantics. These variations act as natural

augmentations for training data and enable inherent ensembling during model inference.
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4.2 Method

In this section, we present ActionPiece, a context-aware method for tokenizing ac-
tion sequences for generative recommendation. First, we formulate the task in Section 4.2.1.
Then, we introduce the proposed tokenizer, covering vocabulary construction and segmenta-
tion, in Section 4.2.2. Finally, we describe the model training and inference process using

ActionPiece-tokenized sequences in Section 4.2.3.

4.2.1 Problem Formulation

Given a user’s historical actions S = {i,i,...,i }, organized sequentially by their times-
tamps, the task is to predict the next item i;, | the user will interact with.

Action as an unordered feature set. In the development of modern recommender
systems, each item i; is usually associated with a set of features <7; [280, 297, 28]. Assuming
there are m features per item, the k-th feature of item i; is denoted as f;x € %, where %} is
the collection of all possible choices for the k-th feature. Compared to representing actions
using ordered semantic IDs (e.g., those produced by RQ-VAE [174, 193]), the unordered set
setting offers two key advantages: (1) It does not require a specific order among features, which
aligns better with how items or actions are represented in most recommender systems; (2) It
enables the inclusion of more general discrete and numeric features, such as category, brand,
and price [164, 107].

Action sequence as a sequence of sets. Representing each item as an unordered set,
the input action sequence can be written as S’ = {#,.%%, ..., .4}, which is a chronologically
ordered sequence of sets. There is no order within each set, but there are orders between the
features from different sets. The tokenizer design should account for the ordered and unordered
relationships among features.

Generative recommendation task. In this chapter, we aim to design a tokenizer that

maps an input action sequence S’ to a token sequence C = {cy,c3,...,c;}, where [ denotes the
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sequence of token sets .-~ token

0O 5 Ij P(O,Q) = |L8,_8l\ = 4(; ! tokens in the same set: Eqn. (1)
oo o O oo
O O PO, = |‘O(|):||:||:|H =1 >1< 3 tokens from adjacent sets: Eqn. (2)
flattening
ces O_O_O_im_D_D ces P(O,O) = ;g,_gl‘ = 3(% ! tokens in the same set: Eqn. (1)

Figure 4.2. Illustration of how weights of co-occurring token pairs are counted during vocabulary
construction. In this example, two adjacent sets in the sequence are considered: one with 4
tokens (represented as () and another with 3 tokens (represented as [J]). Token pairs are counted
within a single set (< (), () > and < 0,0 >) and across the two adjacent sets (< (), >).

number of tokens in the sequence. Note that / is typically greater than the number of actions
t. Next, we train a GR model to autoregressively generate tokens {c;.1,...,c,}, which can be

parsed as next-item predictions Z; 1.

4.2.2 Contextual Action Sequence Tokenizer

The proposed tokenizer is designed to transform action sequences (represented as se-
quences of feature sets) into token sequences. In the ActionPiece-tokenized sequences, each
token corresponds to a set containing varying numbers of features. For example, a token can
represent: (1) a subset of features from one item; (2) a single feature; (3) all features of one
item; or (4) features from multiple items. We also label these four types of tokens in Figure 4.1.
Below, we first describe how to construct the ActionPiece tokenizer’s vocabulary given a corpus
of action sequences (Section 4.2.2). Then, we introduce how to segment action sequences into a
new sequence of sets, where each set corresponds to a token from the constructed vocabulary

(Section 4.2.2).
Vocabulary Construction on Action Sequence Corpus

Given a corpus of action sequences .¥”, the goal of vocabulary construction is to create a
vocabulary 7" of Q tokens. Each token represents a combination of features that frequently occur
in the corpus. Similar to BPE [186], we construct the vocabulary using a bottom-up approach.

The process starts with an initial vocabulary of tokens #(. The construction proceeds iteratively,
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adding one new token to the vocabulary at each iteration until the predefined target size is reached.
Each iteration consists of two consecutive steps: count, where the most frequently occurring
token pair is identified, and update, where the corpus is modified by merging the selected pair
into a new token. An algorithmic workflow is illustrated in Algorithm 1.

Vocabulary initialization. In BPE, each token represents a sequence of bytes. Thus, the
most fundamental units—the initial tokens—are single bytes, which form the initial vocabulary of
BPE. Similarly, each token in ActionPiece represents a set of features. Therefore, we initialize
ActionPiece with a vocabulary in which each token represents a set containing one unique
item feature. Formally, we denote the initial vocabulary as ¥y = {c = {f}|f € F#1U...UF,}.
After initializing the vocabulary, each action sequence (of feature sets) can be represented as a
sequence of token sets.

Count: context-aware token co-occurrence counting. In each iteration of vocabulary
construction, the first step is to count the co-occurrence of token pairs in the corpus. These pairs
capture important feature combinations, which are encoded by creating new tokens. There are
two types of token co-occurrence within a sequence of sets: (1) two tokens exist within the same
set, or (2) two tokens exist in adjacent sets in the sequence. Notably, the second type allows
ActionPiece to explicitly include context information.

Weighted co-occurrence counting. In one-dimensional token sequences (e.g., text), all
token pairs are typically treated equally. However, in sequences of token sets, token pairs vary
based on their types and the sizes of their respective sets. To account for these differences, we
propose assigning different weights to token pairs. To determine the weight for each token pair,
we relate sequences of token sets to token sequences by randomly permuting the tokens within
each set and flattening them into a single token sequence. Let P(c,c’) represent the expected

probability that tokens ¢ and ¢’ are adjacent in the flattened sequence. For two tokens from the
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Figure 4.3. Illustration of how the linked list, which maintains the action sequence, is updated
when merging two tokens into a new token. Three cases are considered: (1) both tokens are in
the same action node; (2) the tokens are in two adjacent action nodes; (3) one token is in an
action node, while the other is in an intermediate node.

same set, we have:

il —1 2
P(c1,¢2) = P(ca,01) = | (Dlm) = %7k c1,¢2 € 9, “4.1)
2 l

and for two tokens from adjacent sets, we have:

1
(C17C3) | /[| % | /i+1|7 Cl e 1y C3 e H‘l ( )

By considering the probabilities of all adjacent token pairs in the flattened sequence as 1, the
weights for token pairs in the original sequence of token sets correspond to the probabilities
given in Equations (4.1) and (4.2). An illustration is shown in Figure 4.2.

Accumulating co-occurrence weights. The weights described above are calculated based
solely on the co-occurrence type and the set size. They do not take into account the specific
tokens being analyzed. Tokens c; and c; might appear in the same set in one sequence but in two
adjacent sets in another sequence. By iterating through the corpus, we sum up the weights for
each token pair whenever they appear together multiple times.

Update: corpus updating with action-intermediate nodes. The next step in each

iteration is to merge the token pair with the highest accumulated co-occurrence weight. Since
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token merging may change the set size, we use a double-ended linked list [308] to maintain each
action sequence, where each node represents a set of tokens. Merging tokens within the same set
is straightforward, i.e., replacing the two tokens with a new one. However, merging tokens from
two adjacent sets is more complex, e.g., determining which set should include the new token.

Intermediate Node. We introduce the concept of “intermediate node” to handle tokens
that combine features from multiple sets. Initially, all nodes in the maintained linked lists contain
features specific to their corresponding actions. These nodes are referred to as “action nodes.”

(1) When tokens from two adjacent action nodes are being merged, we insert a new intermediate
node between the two action nodes. The new token is stored in the intermediate node, and the
merged tokens are removed from their respective action nodes;

(2) When merging tokens from an action node and an intermediate node, the new token
replaces the original token in the intermediate node. The reason is that this new token also
combines features from multiple actions. After the merge, the token from the action node is
removed.

Following the above update rules ensures that there is at most one intermediate node between
any two action nodes, and each intermediate node contains no more than one token. When
calculating co-occurrence weights involving an intermediate node, it can simply be treated as a
set of size 1.

Efficient implementation. Naively counting and updating the corpus requires a total
time complexity of O(QNLm?), where Q is the target vocabulary size, N is the number of action
sequences in the training corpus, and L is the average length of these sequences. However, it is
unnecessary to count co-occurrences from scratch in each iteration. This is because only a small
portion of the maintained linked lists is modified compared to the previous iteration.

Data structures. To address this, we propose creating inverted indices to map token pairs
to all the linked lists that contain them. A global heap is maintained to return the token pair with
the highest accumulated co-occurrence. The key challenge lies in updating these data structures.

We carefully compute the changes in accumulated co-occurrences and update the inverted indices.
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For the heap, we employ a lazy-update strategy. We insert the latest weights with a tag. When
fetching a value from the heap, we check the tag to verify if the value is up-to-date. If it is not,
we discard the value and fetch the next one.

Time complexity. Let H = O(NLm) represent the maximal heap size. Using the pro-
posed algorithm, we successfully reduce the original time complexity to O(log Qlog H - NLm?),
achieving efficient vocabulary construction. In practice, the later iterations take significantly
less time than the initial ones. This is expected and because tokens with higher accumulated
co-occurrence weights typically appear frequently in the early stages. However, the overall
construction time benefits from the reduced amortized complexity. Further details about the

vocabulary construction algorithm are provided in Section 4.6.
Segmentation by Set Permutation Regularization

Segmentation is to convert original action sequences into a sequence of feature sets. Each
set in the segmented sequence corresponds to a token in the vocabulary.

Naive segmentation. One segmentation strategy in ActionPiece involves applying the
same technique used to construct the vocabulary. Specifically, this technique iteratively identifies
token pairs with high priorities (represented by the IDs of tokens, where tokens added earlier
may have higher priority). However, we observed that this strategy can lead to a bias, where only
a subset of tokens in the vocabulary is frequently used (as shown empirically in Section 4.3.4).

Set permutation regularization (SPR). To address this issue and account for the un-
ordered nature of sets, we propose set permutation regularization, which generates multiple
segmentations for each action sequence. The key idea is to avoid enumerating all possible pairs
between tokens in a set or adjacent sets. Instead, we generate a random permutation of each set
and treat it as a one-dimensional sequence. By concatenating all the permutations, we create a
long token sequence. This sequence can then be segmented using traditional BPE segmentation
methods [186]. In this approach, different permutations can produce distinct segmented token

sequences with the same semantics. These sequences serve as natural augmentations for model
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Table 4.2. Comparison between the widely used text tokenization method, byte-pair encoding
(BPE) [186], and the proposed context-aware action sequence tokenization method, ActionPiece.

Aspect BPE ActionPiece

Data Type text sequences action (unordered feature set) sequences

Token a byte sequence a feature set

Initial Vocabulary single bytes single-feature sets

Merging Unit adjacent byte pairs feature pairs within one set or between adjacent sets
Co-occurrence Weighting  raw frequency counting probabilistic weighting (Figure 4.2)

Segmentation Strategy greedy fixed-order merging  set permutation regularization (Algorithm 4)
Intermediate Structures N/A intermediate nodes for cross-action merges

training (Section 4.2.3) and enable inherent ensembling during model inference (Section 4.2.3).

4.2.3 Generative Recommendation Models

Training on Augmented Token Sequences

For an action sequence and its ground-truth next action in the training corpus, we tokenize
them into token sequences Cj, and Cyy, respectively. Taking Cj, as input, we train a Transformer
encoder-decoder module [173] to autoregressively generate Coy (e.g., next-token prediction
objective [174]). During training, we tokenize the action sequence using the set permutation
regularization described in Section 4.2.2 in each epoch. This approach naturally augments the

training sequences, which empirically improves model performance, as shown in Section 4.3.3.
Inference-Time Ensembling

During model inference, we tokenize each action sequence g times using set permutation
regularization. By passing these ¢ tokenized sequences through the model, we obtain g output
ranking lists (e.g., using beam search for inference when TIGER [174] is the GR backbone). We
then combine these ranking lists by averaging the scores of each predicted item. This approach
applies data-level ensembling, which has been shown to enhance recommendation performance,

as discussed in Section 4.3.4.
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4.2.4 Discussion

Orders in action sequences. In recommender systems, user actions are typically rep-
resented as sets of features, such as the title and price of the associated item. These features
typically have no inherent order within a single action. However, in sequential recommendation
tasks, a user’s historical actions are usually ordered by timestamp to capture temporal behavioral
dynamics. Building on this, we model action sequences as sequences of feature sets: while the
features within each action remain unordered, the temporal ordering of actions is preserved. This
evolving composition of features over time captures meaningful sequential patterns.

ActionPiece vs. BPE. While ActionPiece follows a similar algorithmic framework as
BPE, the key distinction lies in the data formats they are designed to model. BPE operates on
one-dimensional byte sequences, whereas ActionPiece is tailored for tokenizing sequences of
feature sets. Modeling each action as an unordered set aligns better with the inherent structure of
action sequences. For clarity, we summarize the key differences in Table 4.2.

Efficiency impact of SPR. Despite introducing set permutation regularization, the
training efficiency remains comparable to existing methods such as TIGER. Feature permutation
is performed on the CPU and runs asynchronously alongside TPU/GPU-based model updates,
resulting in no noticeable degradation in training speed. At inference time, SPR introduces
additional FLOPs due to the ensemble of augmented test cases. However, the overall latency
remains comparable to baseline methods, as the augmented versions can be processed in parallel
across multiple computing devices (e.g., TPUs or GPUs). This parallelism offsets the added
computation, enabling our method to maintain efficient inference despite the use of inference-

time ensembling.
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Table 4.3. Statistics of the processed datasets. “Avg. t” denotes the average number of actions in
an action sequence.

Datasets #Users #Items #Actions Avg.

Sports 35,598 18,357 260,739 8.32
Beauty 22,363 12,101 176,139 8.87
CDs 75,258 64,443 1,022,334 14.58

Table 4.4. Performance comparison of different methods on the Amazon Reviews dataset [147].
The best and second-best performance is denoted in bold and underlined fonts. “R@K” and
“N@K” are short for “Recall@K” and “NDCG@K?”, respectively. “Improv.” denotes the
percentage improvement of our method compared to the strongest baseline method.

ID-based Feature + ID Generative
Datasets Metric Improv.
BERT4Rec SASRec  FDSA  S3-Rec VQ-Rec P5-CID TIGER LMIndexer HSTU SPM-SID ActionPiece

R@5 0.0115 0.0233 0.0182 0.0251 0.0181 0.0287 0.0264 0.0222 0.0258 0.0280 0.0316 00005 +12.86%
N@5 0.0075 0.0154 0.0122 0.0161 0.0132 0.0179 0.0181 0.0142 0.0165 0.0180 0.0205 1002 +11.71%

Sports R@10  0.0191 0.0350 0.0288 0.0385 0.0251 0.0426 0.0400 — 0.0414 0.0446  0.0500 - o007 +12.11%
N@10 0.0099 0.0192 0.0156 0.0204 0.0154 0.0224 0.0225 — 0.0215 0.0234  0.0264 .. o003 +12.82%
R@5 0.0203  0.0387 0.0267 0.0387 0.0434 0.0468 0.0454 0.0415 0.0469 0.0475 0.0511 00014 +7.58%
Beauty N@5 0.0124  0.0249 0.0163 0.0244 0.0311 0.0315 0.0321 0.0262 0.0314 0.0321 0.0340 10011 +5.92%
R@10  0.0347 0.0605 0.0407 0.0647 0.0741 0.0701 0.0648 — 0.0704 0.0714 0.0775 L 00017 +4.59%
N@10 0.0170 0.0318 0.0208 0.0327 0.0372 0.0400 0.0384 — 0.0389 0.0399 0.0424 . o011 +6.00%
R@5 0.0326  0.0351 0.0226 0.0213 0.0314 0.0505 0.0492 — 0.0417 0.0509 0.0544 . o005 +6.88%
CDs N@5 0.0201  0.0177 0.0137 0.0130 0.0209 0.0326 0.0329 — 0.0275 0.0337  0.0359 . o004 +6.53%
R@10  0.0547 0.0619 0.0378 0.0375 0.0485 0.0785 0.0748 — 0.0638 0.0778 0.0830 . 00008 +5.73%
N@10 0.0271 0.0263 0.0186 0.0182 0.0264 0.0416 0.0411 — 0.0346 0.0424 0.0451 . o005 +6.37%

4.3 Experiments
4.3.1 Experimental Setup

Datasets. We use three categories from the Amazon Reviews dataset [147] for our
experiments: “Sports and Outdoors” (Sports), “Beauty” (Beauty), and “CDs and Vinyl” (CDs).
Each user’s historical reviews are considered “actions” and are sorted chronologically as action
sequences, with earlier reviews appearing first. To evaluate the models, we adopt the widely
used leave-last-out protocol [108, 287, 174], where the last item and second-to-last item in each
action sequence are used for testing and validation, respectively. The statistics of the processed
datasets are shown in Table 4.3. More details about the datasets can be found in Section 4.8.

Compared methods. We compare the performance of ActionPiece with the following
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methods: (1) ID-based sequential recommendation methods, including BERT4Rec [197], and
SASRec [108]; (2) feature-enhanced sequential recommendation methods, such as FDSA [280],
S3-Rec [297], and VQ-Rec [88]; and (3) generative recommendation methods, including P5-
CID [96], TIGER [174], LMIndexer [104], HSTU [271], and SPM-SID [193], each representing
a different action tokenization method (Table 4.1). A detailed description of these baselines is
provided in Section 4.9.

Evaluation settings. Following Rajput et al. [174], we use Recall@K and NDCG@K
as metrics to evaluate the methods, where K € {5,10}. Model checkpoints with the best
performance on the validation set are used for evaluation on the test set. We run the experiments
with five random seeds and report the average metrics.

Implementation details. Please refer to Section 4.10 for detailed implementation and

hyperparameter settings.

4.3.2 Overall Performance

We compare ActionPiece with sequential recommendation and generative recommenda-
tion baselines, which use various action tokenization methods, across three public datasets. The
results are shown in Table 4.4.

For the compared methods, we observe that those using item features generally outper-
form item ID-only methods. This indicates that incorporating features enhances recommendation
performance. Among the methods leveraging item features (“Feature + ID” and “Generative”),
generative recommendation models achieve better performance. These results further confirm
that injecting semantics into item indexing and optimizing at a sub-item level enables gener-
ative models to better use semantic information and improve recommendation performance.
Among all the baselines, SPM-SID achieves the best results. By incorporating the SentencePiece
model [116], SPM-SID replaces popular semantic ID patterns within each item with new tokens,
benefiting from a larger vocabulary.

Our proposed ActionPiece consistently outperforms all baselines across three datasets,
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Table 4.5. Ablation analysis of ActionPiece. The recommendation performance is measured
using NDCG@10. The best performance is denoted in bold fonts.

Variants Sports Beauty CDs

TIGER with varying vocabulary sizes

(1.1) TIGER - 192 (4 x48)  0.0231 0.0362 N/Af

(1.2) TIGER - 768 (3 x2%)  0.0220 0.0378 0.0331
(1.3) TIGER - 1k (4 x2%)  0.0225 0.0384 0.0411
(1.4) TIGER-49k (6 x 2'3)  0.0162 0.0317 0.0338
(1.5) TIGER-66k (4 x2'%)  0.0194 N/A*  0.0319

Vocabulary construction

(2.1) w/o tokenization 0.0215 0.0389 0.0346
(2.2) w/o context-aware 0.0258 0.0416 0.0429
(2.3) w/o weighted counting 0.0257 0.0412  0.0435

Set permutation regularization

(3.1) only for inference 0.0192 0.0316 0.0329
(3.2) only for training 0.0244 0.0387 0.0422
(3.3) TIGER + SPR 0.0202 0.0330 0.0351
ActionPiece (40k) 0.0264 0.0424 0.0451

Tnot applicable because the number of conflicts among semantic ID prefixes (the first three tokens) in
CDs exceeds 48.

*not applicable because 2'4 is larger than #items in Beauty.

Sports Beauty CDs
[] 1.0 1.00
0.04297% 0.044
o Cone \‘ 0.9 S 0.042 0.95
g © \ o © 0.90 -
0n o 1 v O 0.040 n
= g ! %82 9 0.85 =
Q 0.038 a .
2 o 2 o.038
LD : 0.80
005 \-.___. 0.036 ~<m__
—-_———n ~u
N/ASk 10k 20k 30k 40k N/ASk 10k 20k 30k 40k N/ASk 10k 20k 30k 40k
Vocabulary Size Vocabulary Size Vocabulary Size

—e— NDCG@10 -®- NSL
Figure 4.4. Analysis of recommendation performance (NDCG @10, 1) and average tokenized
sequence length (NSL, |) w.r.t. vocabulary size across three datasets. “N/A” indicates that
ActionPiece is not applied, i.e., action sequences are represented solely by initial tokens.
achieving a significant improvement in NDCG @ 10. It surpasses the best-performing baseline

method by 6.00% to 12.82%. Unlike existing methods, ActionPiece is the first context-aware

action sequence tokenizer, i.e., the same action can be tokenized into different tokens depending
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256.89% Naive
287.01% SPR (#epochs=1)
195.33% SPR (#epochs=5)

Token Utilization Rate (%)

Figure 4.5. Analysis of token utilization rate (%) during model training w.r.t. segmentation
Strategy.

on its surrounding context. This allows ActionPiece to capture important sequence-level feature

patterns that enhance recommendation performance.

4.3.3 Ablation Study

We conduct ablation analyses in Table 4.5 to study how each proposed technique con-
tributes to ActionPiece.

(1) To examine whether the performance gain of ActionPiece stems from the choice of vocab-
ulary size, we conduct an ablation study by varying the vocabulary size of TIGER. We increase
the number of semantic ID digits per item (4 — 6) and the number of candidate semantic IDs per
digit (28 — 2'3 or 2'4), resulting in two TIGER variants with vocabularies larger than Action-
Piece. We also include two variants with reduced vocabulary sizes by decreasing the number of
digits or candidates per digit. Despite the broader range of vocabulary sizes, all TIGER variants
perform worse than ActionPiece, and in some cases, even worse than the original TIGER with
1,024 tokens. These results suggest that the performance improvement of ActionPiece is not
simply due to scaling the vocabulary size up or down. Instead, they highlight the difficulty of
effectively scaling vocabulary size in generative recommendation models, consistent with the
observations from Zhang et al. [279].

(2) To evaluate the effectiveness of the proposed vocabulary construction techniques, we intro-
duce the following variants: (2.1) w/o tokenization, which skips vocabulary construction, using
item features directly as tokens; (2.2) w/o context-aware, which only considers co-occurrences
and merges tokens within each action during vocabulary construction and segmentation; and

(2.3) w/o weighted counting, which treats all token pairs equally rather than using the weights
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defined in Equations (4.1) and (4.2). The results indicate that removing any of these techniques
reduces performance, demonstrating the importance of these methods for building a context-
aware tokenizer.

(3) To evaluate the effectiveness of SPR, we revert to naive segmentation, as described in Sec-
tion 4.2.2, during model training and inference, respectively. The results show that replacing SPR
with naive segmentation in either training or inference degrades performance. We also introduce
an ablation variant that applies SPR to the existing GR model TIGER. The results indicate that
SPR alone is insufficient to improve the GR model. When applied to action sequences tokenized
by context-independent methods, SPR does not change token frequencies and merely disrupts
the internal token order within RQ-VAE-based semantic IDs. In contrast, ActionPiece derives
different tokens for the same item based on its neighboring context, improving token utilization

and serving as an effective form of data augmentation.

4.3.4 Further Analysis

Performance and Efficiency w.r.t. Vocabulary Size

Vocabulary size is a key hyperparameter for language tokenizers [150, 35]. In this
chapter, we investigate how adjusting vocabulary size affects the generative recommendation
models. We use the normalized sequence length (NSL) [35] to measure the length of tokenized
sequences, where a smaller NSL indicates fewer tokens per tokenized sequence. We experiment
with vocabulary sizes in {N/A, 5k, 10k, 20k, 30k, 40k}, where “N/A” represents the direct use
of item features as tokens. As shown in Figure 4.4, increasing the vocabulary size improves
recommendation performance and reduces the tokenized sequence length. Conversely, reducing
the vocabulary size lowers the number of model parameters, improving memory efficiency.
This analysis demonstrates that adjusting vocabulary size enables a trade-off between model

performance, sequence length, and memory efficiency.
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Figure 4.6. Analysis of performance (NDCG@10, 1) w.r.t. the number of ensembled segments
q during model inference.

Token Utilization Rate w.r.t. Segmentation Strategy

As described in Section 4.2.3, applying SPR augments the training corpus by producing
multiple token sequences that share the same semantics. In Table 4.5, we observe that incorporat-
ing SPR significantly improves recommendation performance. One possible reason is that SPR
increases token utilization rates. To validate this assumption, we segment the action sequences in
each training epoch using two strategies: naive segmentation and SPR. As shown in Figure 4.5,
naive segmentation uses only 56.89% of tokens for model training, limiting the model’s ability
to generalize to unseen action sequences. In contrast, SPR achieves a token utilization rate of
87.01% after the first training epoch, with further increases as training progresses. These results
demonstrate that the proposed SPR segmentation strategy improves the utilization of ActionPiece

tokens, enabling better generalization and enhanced performance.
Performance w.r.t. Inference-Time Ensembles

As described in Section 4.2.3, ActionPiece supports inference-time ensembling by using
SPR segmentation. We vary the number of ensembled segments, g, in {N/A, 1, 3, 5, 7}, where
“N/A” indicates using naive segmentation during model inference. As shown in Figure 4.6,
ensembling more tokenized sequences improves ActionPiece’s recommendation performance.
However, the performance gains slow down as ¢ increases to 5 and 7. Since a higher g also
increases the computational cost of inference, this creates a trade-off between performance and

computational budget in practice.
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4.3.5 Case Study

To understand how GR models benefit from the unordered feature setting and context-
aware action sequence tokenization, we present an illustrative example in Figure 4.1.

Each item in the action sequence is represented as a feature set, with each item consisting
of five features. The features within an item do not require a specific order. The first step
of tokenization leverages the unordered nature of the feature set and applies set permutation
regularization (Section 4.2.2). This process arranges each feature set into a specific permutation
and iteratively groups features based on the constructed vocabulary (Section 4.2.2). This results
in different segments that convey the same semantics. Each segment is represented as a sequence
of sets, where each set corresponds to a token in the vocabulary.

By examining the segments and their corresponding token sequences, we identify four
types of tokens, as annotated in Figure 4.1: (1) a subset of features from a single item (token
14844 corresponds to features 747 and 923 of the T-shirt); (2) a set containing a single feature
(feature 76 of the socks); (3) all features of a single item (token 7995 corresponds to all features
of the shorts); and (4) features from multiple items (e.g., token 8316 includes feature 923 from
the T-shirt and feature 679 from the socks, while token 19895 includes feature 1100 from the
socks as well as features 560 and 943 from the shorts). Notably, the fourth type of token
demonstrates that the features of one action can be segmented and grouped with features from
adjacent actions. This results in different tokens for the same action depending on the surrounding

context, showcasing the context-aware tokenization process of ActionPiece.

4.4 Notations

We summarize the notations used in this chapter in Table 4.6.
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Table 4.6. Notations and explanations.

Notation Explaination
i, 01,1 Item, item identifier, item ID
t The number of actions in the input action sequence; the timestamp when the model makes a prediction
[ The ground-truth next item
Bt The predicted next item
S={i1,ia,...,it} The action sequence where each action is represented with the interacted item ID
o, A, A A set of item features or tokens

m = | g7j| The number of features associated with each item
Fik The k-th feature of item i;
Fi The collection of all possible choices for the k-th feature

S'={o,qb,...,9} The action sequence where each action is represented with a set of item features
¢, c1,Cj Input & generated tokens

l
C={ci,c2...,c1}
{CH,],...,C,]}
V4
Xz
{(Cuacv) — Cnew}

The number of tokens in the token sequence

The token sequence tokenized from the input action sequence S’

The tokens generated by the GR model

The vocabulary of ActionPiece tokenizer

The merge rules of ActionPiece tokenizer

One merge rule indicating two adjacent tokens ¢, and ¢, can be replaced by a token cpey
The size of ActionPiece vocabulary

The probability that tokens ¢ and ¢’ are adjacent when flattening a sequence of sets into a token sequence
The number of action sequences in the training corpus

The average length of action sequences in the training corpus

Maximal heap size, O(NLm)

The number of segmentations produced using set permutation regularization during inference

4.5 Algorithmic Details

In this section, we provide detailed algorithms for vocabulary construction and segmenta-

tion.

4.5.1 Vocabulary Construction Algorithm

The overall procedure for vocabulary construction is illustrated in Algorithm 1. As
described in Section 4.2.2, this process involves iterative Count (Algorithm 2) and Update (Al-

gorithm 3) operations.

4.5.2 Segmentation with Set Permutation Regularization Algorithm

The detailed algorithm for segmenting action sequences into token sequences using set
permutation regularization (SPR) is shown in Algorithm 4. In practice, we often run Algorithm 4

multiple times to augment the training corpus or ensemble recommendation outputs, as described
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Algorithm 2. ActionPiece Vocabulary Construction — Count (Figure 4.2)

Input: Action sequence corpus ., current vocabulary ¥
Output: Accumulated weighted token co-occurrences count(-,-)
1: fori«+0to|¥],j< Oto|7]|do

2:  count(cj,cj) <0
3: end for
4: for all sequence S’ € .7’ do
5.t « length(S’) # Number of action nodes in sequence
6: fork<Ototr—1do
7 &, +— S'[k] # Current action node
8 # Process all unordered token pairs within o7
9: for all ¢;,c; € @7,i # jdo
10: count(c;, c;) < count(c;,cj) +2/|.o%]| # Weight of tokens within a single set (Equa-
tion (4.1))
11: count(cj,c;) « count(cj,c;) +2 /|| # Symmetric update
12: end for
13: # Process all ordered token pairs between Ay and Ay |
14: if k <t—1 then
15: 1 < S'k+1]
16: for all ¢; € o7, c; € < do
17: count(c;,c;) < count(c;,c;j) + 1 /(| o] x |2%1|) # Weight of tokens from two
adjacent sets (Equation (4.2))
18: end for
19: end if
20:  end for
21: end for

return count(-,-)

in Section 4.2.3.

4.6 Efficient Vocabulary Construction Implementation

To efficiently construct the ActionPiece vocabulary, we propose using data structures

such as heaps with a lazy update trick, linked lists, and inverted indices to speed up each iteration

of the construction process. The key idea is to avoid recalculating token co-occurrences in every

iteration and instead update the data structures. The pseudocode is shown in Figure 4.7.
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Algorithm 3. ActionPiece Vocabulary Construction — Update (Figure 4.3)

Input: Action sequence corpus .’ before updating, current merge rule {(c,,c¢y) — Cpew |
Output: Updated action sequence corpus .’

1: for all sequence S’ € .’ do

2:  t+ length(¥)

3 fork<Otor—1do
4 ), +— S'[k]
5: # Merge tokens in one action node
6: if ¢, € @ and ¢, € &7 then
7 Replace ¢, and ¢, in 7 with cpew
8 end if
9: # Merge tokens from two adjacent nodes
10: if k <t—1 then
11: L1 < S'k+1]
12: if ¢, € 9 and ¢, € %, | then
13: if @7, @7, | are both action nodes then
14: Create intermediate node M between .27, and %7 | |
15: M < {cpew} # Linked list: <y — M — o7
16: G — ), \ Cy
17: i1 1\ ¢y
18: else if .27 is intermediate node then
19: e < {Cnew }
20: Gy1 S G\ Cy
21: else if .7, is intermediate node then
22: G — 2\ ¢y
23: 52{/(—1—1 — {Cnew}
24: end if
25: end if
26: end if
27:  end for
28: end for
return .’

4.6.1 Data Structures

The data structures used in the proposed algorithm are carefully designed to optimize
the efficiency of vocabulary construction. Here is a detailed discussion of their roles and

implementations:

* Linked list: Each action sequence in the training corpus is stored as a linked list. This

allows efficient local updates during token merging. When a token pair (¢, ¢,) is replaced
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Algorithm 4. Segmentation via Set Permutation Regularization (SPR) (Section 4.2.2)

Input: Action sequence S, merge rules %

Output: Segmented token sequences C
1: C < [] # Initialize permuted initial token sequence
2: for all token set o7; € S do

3:

10:
11:
12:
13:
14:
15:
16:

e A A

Generate random permutation of <7 as [c,¢2, ..., C|]
Extend C with [cy,¢2,. .., ¢| ] # Concatenate permutations
end for

: # Apply BPE [186] segmentation on permuted sequence
repeat

Z' + 0 # Candidate merge rules
fori<—0to |C|—1do
if {(Ci,Ci+1) — C/} € % then
R — RZ J{(ci,ciy1) = '}

end if
end for
Select {(ck,crr1) — ¢’} € Z' with the smallest index among all merge rules %
C <+ [c1,---y¢k-1,¢ s cryn,...] # Replace (cx,cry 1) with a new token ¢’

17: until Z’ is 0
return C

by a new token ¢, only the affected nodes and their neighbors in the linked list need to

be modified (as shown in Algorithm 3 and Figure 4.3).

Heap with lazy update trick: A max-heap prioritizes token pairs by their co-occurrences.
Instead of recalculating the heap entirely in each iteration, a “lazy update” strategy is
employed: outdated entries (with mismatched co-occurrence counts) are retained but
skipped during extraction. In the pseudocode, the loop checks if the top element is
outdated via is_outdated. Invalid entries are discarded, and only valid ones are processed.
Updated co-occurrences are pushed as new entries (with negative counts for max-heap

emulation).

Inverted indices: The pair2head dictionary maps token pairs to the sequences containing
them. When a pair (¢, ¢,) is merged, the algorithm directly retrieves affected sequence IDs

via pair2head[(c_u, c_v)], avoiding a full corpus scan. After merging, the inverted
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indices are incrementally updated: new token pairs (e.g., (Cprev; Crew) and (Cnew Cpext)) are
added to pair2head, while obsolete pairs are removed. This enables targeted updates and

ensures subsequent iterations efficiently access relevant sequences.

These structures collectively reduce time complexity by focusing computation on dynamically
changing parts of the corpus and avoiding redundant global operations. The linked list enables
localized edits, the heap minimizes priority recalculation, and the inverted indices eliminate

brute-force searches, making the algorithm scalable to large corpora.

4.6.2 Time Complexity

The time complexity of the efficient vocabulary construction algorithm can be analyzed

through two main components: initialization and iterative merging.

* Initialization phase involves building the initial max-heap to track co-occurrence frequen-
cies. Given N input sequences (each with an average length of L), we count co-occurrences

for all O(m?) token pairs within each set of size m. This requires O(NLm?) time.

* Iterative merging phase dynamically processes the involved sequences. The total number

of such sequences across all iterations is approximately

0 (%) 10 (%) btO <g) ~ O(log ON).

For each sequence, updating the linked list requires O(Lm) time, counting co-occurrences
takes O(Lm?) time, and inserting co-occurrences into the max-heap requires at most
O(Lm?log H) time. Here, H represents the heap size, which is at most O(NLm). Thus, the

overall time complexity for iterative merging is

O(log QN (Lm + Lm* + Lm*logH)) = O(log Qlog H - NLm?).
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Therefore, the overall time complexity of our proposed vocabulary construction algorithm
is O(logQlogH - NLm?), where the iterative merging phase dominates. This complexity is

significantly better than the naive vocabulary construction complexity of O(QNLm?).

4.7 Additional Discussions
4.7.1 Benefits of Set Permutation Regularization

SPR benefits the model from multiple perspectives:

* Token utilization perspective. SPR effectively prevents the features of a single action from
being consistently merged into the most compressed (high-level) tokens. Instead, it allows
the action to be tokenized into both high-level and low-level tokens, depending on the
permutation and token merge rules. This increases the number of tokens actively involved
during both training and inference. As shown in Figure 4.5 and discussed in Section 4.3.4,
SPR significantly improves token utilization - from 56.89% to 95.33% by the 5th epoch -

indicating that a greater proportion of tokens are trained after applying SPR.

* Data augmentation perspective. From the perspective of data augmentation, SPR enriches
the token sequences available for model training. Without SPR, each action sequence
can only be tokenized into a single, fixed token sequence. In contrast, SPR allows each
action sequence to be tokenized in multiple ways (as shown in Figure 4.1). While these
augmented sequences preserve the same semantic information, they expose the model to
richer token patterns. Training on these diverse token sequences helps the model generalize

better, as evidenced by the performance of variant (3.1) in Table 4.5.

» Ensemble perspective. SPR also enables inference-time augmentation. A given input
action sequence can be augmented into multiple token sequences during inference. Each

sequence may yield a different ranking of the next possible items. By ensembling these
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recommendation results, overall performance can be enhanced, as demonstrated by variant

(3.2) in Table 4.5 and further illustrated in Figure 4.6.

4.7.2 Connections Between ActionPiece and Feature Crossing

A core component of ranking models is automatically capturing feature-crossing patterns
that are helpful for recommendation performance [187, 216, 217, 9], which is conceptually
related to ActionPiece. The key difference lies in the level at which interactions are modeled.
Prior works typically perform automatic feature crossing at the model level, learning interactions
implicitly through the network architecture. In contrast, ActionPiece merges features at the data
level.

Although we do not directly compare against these specific feature-crossing models,
we include several baselines that follow a similar design philosophy. For example, HSTU
in Table 4.4 and variant (2.1) in Table 4.5 use the same underlying item features as ActionPiece
but input them in a flattened form, without merging. In these setups, feature interactions are
expected to be learned by the autoregressive model via self-attention and feed-forward layers,
i.e., at the model level.

Our results demonstrate that ActionPiece, which performs data-level feature merging,
consistently outperforms these methods in both recommendation quality (Tables 4.4 and 4.5)
and efficiency (Figure 4.4). This is particularly evident in normalized sequence length (NSL):
both HSTU and variant (2.1) yield NSL values of 1, reflecting longer sequences compared to the

more compact sequences tokenized by ActionPiece.

4.8 Datasets

Categories. Among all the datasets, “Sports” and “Beauty” are two widely used bench-
marks for evaluating generative recommendation models [174, 104, 96]. We conduct experiments
on these benchmarks to ensure fair comparisons with existing results. Additionally, we introduce

“CDs”, which contains about 4 x more interactions than “Sports”, making it a larger dataset for
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evaluating the scalability of GR models. For “CDs”, since there are no publicly available results
from generative recommendation methods to date, we closely followed the experimental settings
used in public benchmarks like “Sports” and “Beauty” to ensure fair comparisons.

Sequence truncation length. Following Rajput et al. [174], we filter out users with
fewer than 5 reviews and truncate action sequences to a maximum length of 20 for “Generative”
methods, including ActionPiece. For “ID-based” and “Feature + ID” baselines, we set the
maximum length to 50, as suggested in their original papers.

Item text features. Following Rajput et al. [174], Zheng et al. [290], Hou et al. [95],
Sheng et al. [190], the first step for feature engineering is to combine multiple raw text features
into a single sentence for each item. Then, we use a pretrained sentence embedding model to
encode this sentence into a vector representation. In all our implementations, we concatenate
title, price, brand, feature, categories, and description, and use sentence-t5-base [157] as the

sentence embedding model.

* The encoded sentence embeddings of 768 dimension are directly used as textual item

representations for UniSRec.

* We quantize the sentence embeddings using residual quantization (RQ) [174, 268, 293] into
three codes, each with 256 candidates. To prevent conflicts, we add an extra identification
code. These four codes together serve as the RQ-based semantic IDs for TIGER and

SPM-SID.

* For other baselines that require item features, such as FDSA, S3-Rec, VQ-Rec, HSTU,
and our method, we follow Hou et al. [88] and quantize the sentence embeddings using
optimized product quantization (OPQ) [61]. Except for VQ-Rec, where the sentence
embeddings are quantized into 32 codes as suggested in the original paper, we quantize
the sentence embeddings into 4 codes for all other methods to ensure a fair comparison.
The codebook size is 256 for each digit of code. For generative methods HSTU and

ActionPiece, we also include an additional identification code to prevent conflicts. Note
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that, unlike RQ-based semantic IDs, features produced by product/vector quantization do

not require a specific order.

4.9 Baselines

We compare ActionPiece with the following representative baselines:

4.9.1 ID-Based Sequential Recommendation Methods

* SASRec [108] represents each item using its unique item ID. It encodes item ID sequences
with a self-attentive Transformer decoder. The model is trained by optimizing a binary

cross-entropy objective.

* BERT4Rec [197] also represents each item using its unique item ID. Unlike SASRec, it
encodes sequences of item IDs with a bidirectional Transformer encoder. The model is

trained using a masked prediction objective.

4.9.2 Feature-Enhanced Sequential Recommendation Methods

* FDSA [280] integrates item feature embeddings with vanilla attention layers to obtain fea-
ture representations. It then processes item ID sequences and feature sequences separately

through self-attention blocks.

+ S3-Rec [297] first employs self-supervised pre-training to capture the correlations between
item features and item IDs. Then the checkpoints are loaded and fine-tuned for next-item

prediction, using only item IDs.

* VQ-Rec [88] encodes text features into dense vectors using pre-trained language models.
It then applies product quantization to convert these dense vectors into semantic IDs. The
semantic ID embeddings are pooled together to represent each item. Since the experiments
are not performed in a transfer learning setting, we omit the two-stage training strategy
outlined in the original paper. Instead, we reuse the model architecture and train it from

scratch using an in-batch contrastive loss with a batch size of 256.
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4.9.3 Generative Recommendation Methods

Each generative recommendation baseline corresponds to an action tokenization method

described in Table 4.1.

e P5-CID [96] is an extension of P5 [63], which formulates recommendation tasks in a
text-to-text format. Building on P35, the authors explored several tokenization methods to
index items for better recommendations. In this chapter, we use P5-CID as a representative
hierarchical clustering-based action tokenization method. It organizes the eigenvectors of
the Laplacian matrix of user-item interactions into a hierarchy and assigns cluster IDs at
each level as item indices. When implementing this baseline method, we adopt the same
model backbone as ActionPiece (encoder-decoder Transformers trained from scratch) and

use the indices produced by P5-CID.

* TIGER [174] encodes text features similarly to VQ-Rec but quantizes them into semantic
IDs using RQ-VAE. The model is then trained to autoregressively predict the next semantic
ID and employs beam search for inference. We use a beam size of 50 in beam search to

generate the top-K recommendations.

* LMIndexer [104] takes text as input and predicts semantic IDs. The text description
of each item is first tokenized using a text tokenizer. The resulting text tokens are then
concatenated to form input action sequences. The model is trained with self-supervised
objectives to learn the semantic IDs of target items. The reported results in Table 4.4 are
taken from the original paper. We do not report the results of LMIndexer on the large
dataset “CDs” because it does not converge under similar computing budget as the other

methods.

* HSTU [271] discretizes raw item features into tokens, treating them as input tokens for
generative recommendation. The authors also propose a lightweight Transformer layer

that improves both performance and efficiency. For action tokenization, we use the same
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Table 4.7. Hyperparameter settings of ActionPiece for each dataset.

Hyperparameter Sports Beauty CDs
learning_rate 0.005 0.001 0.001
warmup_steps 10,000 10,000 10,000
dropout_rate 0.1 0.1 0.1
weight_decay 0.15 0.15 0.07
vocabulary_size 40,000 40,000 40,000
n_inference_segments 5 5 5
beam _size 50 50 50
num_layers 4 4 4
d_model 128 128 256
d_ff 1,024 1,024 2,048
num_heads 6 6 6
d_kv 64 64 64
optimizer adamw adamw adamw
Ir_scheduler cosine cosine cosine
train_batch_size 256 256 256
max_epochs 200 200 200
early_stop_patience 20 20 20

item features as our method and arrange them in a specific order to form the tokenized

tokens of each item.

« SPM-SID [193] first tokenizes each item into semantic IDs. It then uses the SentencePiece
model (SPM) [116] to merge important semantic ID patterns within each item into new
tokens in the vocabulary. While the original paper introduces this method for ranking
models, we adapt it for the generative recommendation task. Specifically, we concatenate
the SPM tokens as inputs, feed them into the TS5 model, and autoregressively generate

SPM tokens as recommendations.

4.10 Implementation Details

Baselines. The results of BERT4Rec, SASRec, FDSA, S3-Rec, TIGER, and LMIndexer
on the “Sports” and “Beauty” benchmarks are taken directly from existing papers [297, 174, 104].

For other results, we carefully implement the baselines and tune hyperparameters according to
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the suggestions in their original papers. We implement BERT4Rec, SASRec, FDSA, and S3-Rec
using the open-source recommendation library RecBole [285]. For other methods, we implement
them ourselves with HuggingFace Transformers [235] and PyTorch [163]. We use FAISS [52]
to quantize sentence representations.

ActionPiece. We use an encoder-decoder Transformer architecture similar to TS5 [173].
We use four layers for both the encoder and decoder. The multi-head attention module has six
heads, each with a dimension of 64. For the public benchmarks “Sports” and “Beauty”, we
follow Rajput et al. [174] and set the token embedding dimension to 128 and the intermediate
feed-forward layer dimension to 1024. This results in a total of 4.46M non-embedding parameters.
For the larger “CDs” dataset, we use a token embedding dimension of 256 and an intermediate
feed-forward layer dimension of 2048, leading to 13.11M non-embedding parameters. For model
inference, we use beam search with a beam size of 50. Note that the baselines P5-CID, TIGER,
and SPM-SID use the same model architecture, differing only in their action tokenization
methods. For ActionPiece-specific hyperparameters, we set the number of segmentations
produced using set permutation regularization during inference to ¢ = 5. We tune the vocabulary
size in {5k, 10k,20k, 30k, 40k} .

Training. We train the GR models from scratch for up to 200 epochs, using early stopping
if the model does not achieve a better NDCG@ 10 on the validation set for 20 consecutive epochs.
The training batch size is set to 256. The learning rate is selected from {1 x 1073,3 x 1073,5 x
10_3} with a warmup step of 10,000. We use a dropout rate of 0.1 and tune the weight decay
from {0.07,0.1,0.15,0.2}. For all methods implemented by us, we conduct five repeated
experiments using random seeds {2024,2025,2026,2027,2028}. The model checkpoints with
the best average NDCG @ 10 on the validation set are selected for evaluation on the test set, and
we report these results. Each model is trained on a single 40G NVIDIA A100 GPU.

Inference. The inference process of ActionPiece follows the same procedure as TIGER.
The decoder autoregressively generates token sequences representing the target items. During

training, we use the original item features as labels, without any augmentation or token merging.
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At inference time, for each augmented version of a test case, we apply beam search to generate
top-ranked token sequences. The most probable sequences (i.e., prefixes) are retained in the
beam (with beam size specified in Table 4.7), and the model continues generating tokens one at a

time until the target sequence length is reached.

4.11 Conclusion

In this chapter, we introduce ActionPiece, the first context-aware action sequence to-
kenizer for generative recommendation. By considering the surrounding context, the same
action can be tokenized into different tokens in different sequences. We formulate generative
recommendation as a task on sequences of feature sets and merge important feature patterns
into tokens. During vocabulary construction, we propose assigning weights to token pairs based
on their structures, such as those within a single set or across adjacent sets. To enable efficient
vocabulary construction, we use double-ended linked lists to maintain the corpus and introduce
intermediate nodes to store tokens that combine features across adjacent sets. Additionally, we
propose set permutation regularization, which segments a single action sequence into multiple
token sequences with the same semantics. These segments serve as natural augmentations for
training and as ensemble instances for inference.

Chapter 4, in part, is a reprint of the material as it appears in “ActionPiece: Contextually
Tokenizing Action Sequences for Generative Recommendation.” by Yupeng Hou, Jianmo Ni,
Zhankui He, Noveen Sachdeva, Wang-Cheng Kang, Ed H. Chi, Julian McAuley, and Derek
Zhiyuan Cheng, in International Conference on Machine Learning in 2025, referenced as [91].

The dissertation author was the primary investigator and author of this paper.
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| |def vocab_construction_iteration(max_heap, vocab, rules, pair2head):

2 """Performs one iteration of efficient vocabulary construction.

3 Args:

4 max_heap (PriorityQueue): Max-heap storing (co_occurrence, (
c_u, c_v)) pairs.

5 vocab (List[Tuple]): Current vocabulary with merge rules.

6 rules (Dict): Merge rule {(c_u, c_v): c_new} mapping.

7 pair2head (Dict): Inverted indices that store mappings from
the token pair to all sequences that contain this token
pair.

9 # Get most frequent valid pair (c_u, c_v) from max-heap

10 # Efficient version of "Count" in Algorithm 1

1 # Avoid recalculating co-occurrences for each iteration, by
maintaining them in a max-heap with the lazy update trick

2 while not max_heap.empty():
13 co_occurrence, (c_u, c_v) = max_heap.get()
14 if not is_outdated((c_u, c_v), co_occurrence): # QOutdated
values are lazily removed.
15 break
16 # Create new token and update vocabulary
17 c_new = len(vocab)
18 vocab.append ((c_u, c_v))
19 rules[(c_u, c_v)] = c_new
20 # Update sequences containing (c_u, c_v)
21 seq_ids = pair2head[(c_u, c_v)].copy() # IDs of affected
sequences
2 delta_counts = defaultdict(int)
23 for sid in seq_ids:
24 # Merge all (c_u, c_v) pairs in sequence
25 new_seq = merge_sequence (seqgs[sid], c_u, c_v, c_new) #
Replace pairs
26 seqs [sid] = new_seq
27 # Calculate pair co-occurrence changes
28 new_freqs = count_pairs(new_seq) # Get token co-occurrences
of the updated sequence
29 delta = diff_counts(new_freqs, old_freqgs[sid]) # Compute co

-occurrence differences
30 update_index (pair2head, delta, sid) # Update inverted index

31 old_counts[sid] = new_freqgs

32 # Accumulate global co-occurrence changes

33 for p, cnt in delta.items():

34 delta_counts [p] += cnt

35 # Lazy update max-heap with new co-occurrences

36 for (c_u, c_v), delta in delta_counts.items():

37 if abs(delta) < eps: continue # eps: minimum update
threshold

38 all_pair_freqs[(c_u, c_v)] += delta # Global co-occurrences

39 max_heap.put( (-all_pair_freqs[(c_u, c_v)], (c_u, c_v)) )

Figure 4.7. Pseudocode for a single iteration of the efficient vocabulary construction algorithm,
illustrating how a max-heap with lazy updates is used to track and merge frequent token pairs.
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Chapter 5

Generating Long Semantic IDs in Parallel
for Recommendation

This chapter asks how expressive semantic IDs can become when they are no longer
constrained to very short sequences. It closes the tokenization-focused part of the dissertation by
pairing longer semantic IDs with a modeling objective that keeps inference efficient.

Semantic ID-based recommendation models tokenize each item into a small number
of discrete tokens that preserve specific semantics, leading to better performance, scalability,
and memory efficiency. While recent models adopt a generative approach, they often suffer
from inefficient inference due to the reliance on resource-intensive beam search and multiple
forward passes through the neural sequence model. As a result, the length of semantic IDs
is typically restricted (e.g., to just 4 tokens), limiting their expressiveness. To address these
challenges, we propose RPG, a lightweight framework for semantic ID-based recommendation.
The key idea is to produce unordered, long semantic 1Ds, allowing the model to predict all
tokens in parallel. We train the model to predict each token independently using a multi-token
prediction loss, directly integrating semantics into the learning objective. During inference, we
construct a graph connecting similar semantic IDs and guide decoding to avoid generating invalid
IDs. Experiments show that scaling up semantic ID length to 64 enables RPG to outperform

generative baselines by an average of 12.6% on the NDCG @ 10, while also improving inference
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efficiency.!

5.1 Introduction

A semantic ID represents an item as a sequence of discrete tokens from a shared vocab-
ulary [88, 174, 271, 293]. Unlike traditional recommender systems that rely on unique item
IDs [82, 108], semantic IDs eliminate the need for large embedding tables that scale with the
total number of items. Early semantic ID-based recommendation models follow a retrieval
paradigm, learning vector representations for items based on their semantic IDs and retrieving
those closest to the user representation [88, 166]. Although effective, these models still require
runtime memory proportional to the number of items. More recently, a generative paradigm has
emerged [63, 174], where models are trained to autoregressively generate the next semantic ID
in a token-by-token manner. These generative models make recommendations by decoding in the
semantic ID space, resulting in runtime memory and latency independent of the number of items.
Additionally, fine-grained semantics are explicitly integrated into the training objective by having
the model generate sub-item tokens instead of entire items, resulting in strong performance.

Despite their promise, semantic ID-based generative models introduce significant latency
issue in model inference. Compared to retrieval-based methods, where recommendations
involve a single-step decoding process (i.e., each token represents one item, and the next item
is recommended by decoding the next token), generative models require multi-step decoding.
For example, TIGER [174] autoregressively generates the next item’s semantic IDs in a token-
by-token manner. In this multi-step decoding process, each step requires at least one batch
of sequence model forwarding. To generate a ranking list of size K, TIGER employs beam
search [67], maintaining the top b beams (semantic ID prefixes) and forwarding them through
the neural encoder at each step. Because of autoregressive token generation and beam search,
generative recommendation models require significantly more neural network forward passes for

a single recommendation.

'Our code is available at https:/github.com/facebookresearch/RPG_KDD2025.
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Moreover, the inference methods of existing generative recommendation models limit
the expressiveness of semantic IDs. To ensure token-by-token autoregressive generation runs
with reasonable latency, these models typically tokenize each item into a short sequence of
semantic IDs. For example, TIGER uses 4 tokens per item, resulting in a decoding process of
4 steps per recommendation. However, representing an item with so few discrete tokens may
be insufficient, especially as item features carry richer semantics. Retrieval-based methods like
VQ-Rec [88] use longer semantic ID sequences (e.g., 32 tokens per item), but applying such
long sequences in generative models is impractical. Running beam search for 32 steps would be
computationally prohibitive.

In this chapter, we aim to develop a semantic ID-based recommendation model that offers
both efficient inference and expressive semantic IDs. Instead of generating semantic IDs token by
token, we propose generating all tokens of the next item’s semantic ID in parallel. This approach
allows us to decode the entire semantic ID in a single step. Since the number of decoding
steps is independent of the semantic ID length, we can design expressive and long semantic
IDs. However, applying this idea is non-trivial due to the following challenges: (1) Sparse
decoding space. Generating all tokens in parallel removes sequential dependencies between
tokens. However, it also means that predicting one token is independent of the predictions of
other tokens. This lack of awareness makes it extremely difficult to map the predicted token
combination to an existing semantic ID from the item pool. For example, if each semantic ID
consists of 32 tokens, with each token selected from a codebook of 256, the total number of
possible semantic IDs is 25632 ~ 1077 Even if there are billions of items, the valid semantic
IDs remain sparse compared to this vast decoding space (10° < 1077). (2) Efficient unordered
decoding. In recommendation tasks, we typically generate a top-K recommendation list for
each input instance. Naively enumerating all candidate items would require runtime memory
similar to retrieval-based methods, negating the benefits of generative approaches. Existing
decoding methods, such as beam search, assume that tokens within a semantic ID follow a

specific order. However, this assumption is unnecessary when generating tokens in parallel.
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Therefore, a well-designed semantic ID decoding method is needed to handle unordered tokens
efficiently.

To this end, we propose RPG, which stands for Recommendation with Parallel semantic
ID Generation. To align with parallel decoding, we tokenize each item into an unordered long
semantic ID (up to 64 tokens per item) using optimized product quantization [99, 62]. To enable
the model to generate semantic IDs in parallel, we train it with a multi-token prediction (MTP)
objective [65] instead of the conventional next-token prediction objective [174]. By applying
MTP, sub-item semantics are explicitly incorporated into the training objective, similar to next-
token prediction. Given MTP as the training objective, the prediction score for a candidate
semantic ID is computed by summing the log probabilities of the ground-truth tokens across all
digits. A key observation is that when two semantic IDs differ in only a few digits, their prediction
scores should remain similar. Inspired by the widely used constrained beam search [85], which
constructs a tree structure linking semantic prefixes that differ by only one digit, we propose a
graph-constrained decoding method for unordered semantic IDs. This method connects similar
semantic IDs (which have close prediction scores) by an edge in the graph structure. The
decoding process follows an iterative graph propagation approach. Starting with a randomly
initialized beam of semantic IDs, we propagate on the graph to identify semantic IDs that are
close to the existing beam. We retain those with higher prediction scores and repeat the process
for a predefined number of iterations to obtain the final top-K recommendations.

We show that the runtime memory and time complexities of RPG’s inference process are
independent of the number of candidate items. Extensive experiments on three public benchmarks
and a larger public dataset demonstrate that RPG benefits from expressive long semantic IDs and
parallel generation, achieving the overall best performance among the compared baselines while

being more efficient than existing semantic ID-based generative methods.
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Figure 5.1. The overall framework of RPG.

5.2 Method

In this section, we introduce RPG, a recommendation model that generates each token
of the next semantic ID in parallel. We formulate this task as a sequential recommendation
problem. Given a user, RPG takes a sequence of previously interacted items, s = {iy,is,...,i;—1},
as input and predicts the next item ;. First, we describe how RPG tokenizes and represents each
item using a long semantic ID (Section 5.2.1). Next, we explain how RPG learns to generate
semantic IDs in parallel by optimizing the multi-token prediction objective (Section 5.2.2). We
then introduce graph-constrained decoding, which efficiently decodes unordered long semantic
IDs during inference (Section 5.2.3). Finally, we discuss the connections between RPG and
both retrieval-based and generative models. Figure 5.1 illustrates the overall framework of the

proposed approach.

5.2.1 Long Semantic ID-based Item Representation

In recommender systems, each item is typically associated with multiple content features
(e.g., text descriptions and images). A common pipeline for item representation first encodes raw
features into dense vector representations using a semantic encoder (e.g., pretrained language
models [157, 158]). Then, these vectors are tokenized into discrete tokens. Most existing
semantic ID-based generative approaches use relatively short semantic IDs, typically with
only four digits, due to efficiency concerns. In this chapter, we aim to design a model that

generates each token in a semantic ID in parallel, enabling the use of longer semantic IDs
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without significantly impacting efficiency. In this section, we describe how we convert raw

features into semantic IDs and how we represent each item using long semantic IDs.
Long Semantic ID Construction

After obtaining semantic representations for each item [174, 290], we adopt product
quantization instead of the commonly used residual quantization-based methods (e.g., RQ-
VAE [268, 174]). There are two key reasons for this choice: (1) predicting tokens in semantic
IDs in parallel eliminates the need for sequential dependencies in RQ-based methods; (2) existing
studies suggest that RQ-based semantic IDs suffer from unbalanced information distribution
among tokens and poor scalability [279]. Concretely, following Hou et al. [88], we use optimized
product quantization (OPQ) [99, 62] to produce a tuple of m tokens (c,...,c,) for each item i,
where ¢; € €V ={1,...,M},c; € ¥ = {M+1,...,2M}, and so on. Here, M represents the
codebook size for each digit of the semantic ID. Each token in the tuple is drawn from a different
codebook, with each codebook corresponding to the semantic information of a subvector of
the original semantic representation. In this chapter, we set the semantic ID length m to a
maximum of 64, which is significantly longer than the typical length of 4 used in generative

recommendation models.
Semantic ID Embedding Aggregation

After tokenizing each item into a semantic ID of length m, we consider how to represent
each item in the input sequence. For each codebook, we assign a learnable token embedding
table E ; € RM*4_ This allows us to obtain the corresponding token embeddings (€1 ¢, - .-, €m.c,)
for item i. Given that semantic IDs can be as long as 64 in this chapter, directly concatenating
them may make the input token sequence too long, leading to efficiency and context length
challenges [174]. To address this, we adopt an item-level input representation for sequence
modeling. Specifically, we aggregate the token embeddings into a single item representation,

v; € RY, defined as v; = Aggr(e| ¢,,--.,€mc,), where Aggr(+) is an aggregation function. In
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practice, we can use mean or max pooling to aggregate the token embeddings efficiently [88].

5.2.2 Learning to Generate Semantic IDs in Parallel

Given the input item representation sequence {vy,v2,...,v;_1} and the target semantic
ID (¢t,1,¢125---,C1,m), We first introduce the learning objective that allows the model to generate
tokens in parallel (Section 5.2.2). Then, we present an efficient method for logit calculation in

models optimized with this objective.
Multi-token Prediction Objective

The key idea behind an efficient semantic ID-based recommendation model is to predict
all tokens in the next semantic IDs in parallel. To achieve this, we draw inspiration from the
multi-token prediction (MTP) objective [65]. First, we encode the item representation sequence
using Transformer decoders, obtaining a sequence representation s € R?. We then formulate
the problem as training the model to fit the probability P(c; 1,...,¢; m|s), which represents the
likelihood that a given token combination appears in the next semantic IDs among all possible
combinations. Since each token produced by OPQ encodes a separate subvector of the target
item’s semantic representation, we assume that tokens in the tuple are conditionally independent
given the input sequence s. This allows us to factorize the probability as HT:l PU) (c1,j]s), where
PU) (¢, j|s) is the probability of the j-th token being in the next semantic ID. Formally, the MTP

loss is defined as:

exple,, - 8;(s)/7)

: 5.1
o exple] g,(5)/7) 6-1)

ZlogIP (cr,j]9) ZtlogE

where 7 is the temperature hyperparameter, g J() is a projection head (specifically, an MLP
module [27, 11]) that maps sequence representations to the space of tokens in codebook A
Note that the MTP loss functions differently from the widely used cross-entropy loss

defined in the item pool [108, 88]. MTP loss optimizes the probability of the target semantic
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ID in the token space, i.e.,, against all possible token combinations. In contrast, traditional
item-based cross-entropy loss optimizes the probability of the ground-truth item ID in the item
space, i.e.,, against all other items. Additionally, similar to the next-token prediction loss used in
generative recommendation models [174, 271], MTP directly integrates tokens in semantic IDs

into the learning objective, enabling fine-grained semantic learning.
Efficient Logit Calculation

Given a model optimized with MTP loss, we propose an efficient logit calculation method.
During inference, we compute . in Equation (5.1) as the logits. A straightforward approach
is to calculate logits for each candidate item individually by enumerating token embeddings,
computing logits for each token, and summing them. This results in a time complexity of O(Nmd)
for N candidate items. However, this method involves redundant dot product calculations
between sequence representations and token embeddings. Popular tokens may undergo multiple
dot product operations with the sequence representation. To address this inefficiency, we first

cache the dot product between the sequence representation and all token embeddings:
pV) = softmax(E; - g;(s)/7) € RM, (5.2)

where M is the codebook size, independent of the number of candidate items. Then, for a

candidate semantic ID (cy,...,c,), the logits can be computed as:

Y logpt!, (5.3)
=1

achieving a reduced time complexity of O(Mmd + Nm). This cached version is more efficient
when N > dde . The choice of method depends on the serving scenario, and people can decide

which inference approach works best for their needs.
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Figure 5.2. The relationship between the number of differing digits in two semantic IDs and the
absolute difference in their predicted logits on the “Sports” dataset. As the number of differing
digits increases, the model predicts increasingly different logits.

5.2.3 Next Semantic ID Decoding with Graph Constraints

For a model trained with the MTP objective, we aim to develop a decoding approach that
is: (1) more efficient than naively enumerating all candidate items or applying beam search, and

(2) more likely to generate valid semantic IDs rather than illegal token combinations.

Observation. The key insight lies in the unordered nature of PQ-based semantic IDs and logit
calculation. Specifically, the logit of a candidate item is computed by summing the logits of each
token in the corresponding semantic ID (Equation (5.3)). Consequently, when two semantic IDs
differ by only a few digits, their logits should remain similar, as many token logits are identical.

This observation is also empirically verified in Figure 5.2.

Overview. Inspired by constrained beam search [85], which uses a tree structure to connect
similar semantic prefixes, we propose a graph-constrained semantic ID decoding method. This
method links similar semantic IDs through a graph structure to guide the decoding process. The
main idea is to start by sampling a random set of semantic IDs, propagate through the graph to
explore new semantic IDs with slightly higher or lower logits, retain those with the best logits,

and repeat this process for a fixed number of steps.
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Building Graph to Connect Similar Semantic IDs

After training a model, we construct the decoding graph, which connects semantically

similar semantic IDs. A node represents a valid semantic ID from the item pool. For any two

T

nodes, (¢1.1,...,¢1,m) and (¢2.1,...,¢2,,), we compute their semantic similarity as ZT—I €ici i
) B ’ ’ = Cl,j

ej.c, ;- These similarity scores serve as edge weights in the graph. Since the initial graph is dense,
it is inefficient and impractical. To address this, we sparsify it by retaining only the top k edges
with the highest similarities for each node. Once built, the graph can be used throughout model

inference until the model is retrained or the items are re-tokenized.
Decoding with Iterative Graph Propagation

Given an input sequence, we first cache the token logits following Equation (5.2).

(1) Sampling an initial beam. Decoding begins by sampling b semantic IDs from the
item pool. We use the term “beam” by analogy with beam search, where b denotes the beam
size.

(2) Propagating on the decoding graph. Similar to constrained beam search, the next
step is to explore a larger set of semantic prefixes (or semantic IDs) and retain the best ones. Since
neighboring nodes in the graph tend to have similar logits, we expand the beam by propagating
through the graph, including all b x k neighbors of the current beam into a temporary set.

(3) Keeping the best b nodes. After expanding the beam, we compute their logits using
the cached logits from Equation (5.3). The b nodes with the highest logits are then retained as
the next beam.

(4) Iterating for g steps. We repeat steps (2) and (3) for g iterations to obtain the final
results. Since each node has an edge to itself, this iterative beam update ensures that the average
logits never decrease. In the worst case, if the beam remains unchanged for two consecutive
steps, the logits will stay the same. The semantic IDs in the final beam are recommended as top

K predictions.
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Complexity Analysis

The decoding method has g steps, with each step involving at most O(bk) nodes. This
results in a time complexity of O(Mmd + bgkm) by replacing O(N) with O(bgk) in Section 5.2.2,
making it independent of the number of items. In practice, the graph propagation process can be

further parallelized, e.g., by using distributed computation techniques like MapReduce [39].

5.2.4 Discussion

In this section, we discuss the differences and connections between RPG and both

retrieval-based and generative models.
Comparison of RPG and Retrieval-based Models

Compared to retrieval-based models like VQ-Rec [88], RPG offers two advantages that
are typically exclusive to generative models: (i) its inference time complexity is independent
of the total number of items, and (ii) it explicitly integrates sub-item level semantics into the
learning objective. While the proposed graph-constrained decoding can be viewed as a form
of approximate nearest neighbor (ANN) search, most existing ANN methods, such as those
based on quantization codes [52], still require enumerating all items, resulting in time complexity

proportional to the total number of items.
Comparison of RPG and Generative Models

Compared to generative models like TIGER [174], RPG reduces the number of sequence
encoder forward passes per input instance from approximately O(bm) to just O(1), greatly
improving inference efficiency (Section 5.3.3). Additionally, RPG benefits from a long semantic

ID, which is empirically shown to be more expressive (Section 5.3.5).
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Table 5.1. Statistics of the processed datasets. “Avg. "’ denotes the average number of interactions
per input sequence.

Datasets #Users #Items #Interactions Avg. ¢

Sports 18,357 35,598 260,739 8.32
Beauty 22,363 12,101 176,139 8.87
Toys 19,412 11,924 148,185 8.63
CDs 75,258 64,443 1,022,334 14.58
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5.3 Experiments

In this section, we empirically demonstrate the effectiveness and efficiency of the pro-

posed method RPG.

5.3.1 Experimental Setup

Dataset. We conduct experiments using four categories from the Amazon Reviews
dataset [147]: “Sports and Outdoors” (Sports), “Beauty” (Beauty), “Toys and Games” (Toys),
and “CDs and Vinyl” (CDs). The first three categories are commonly used for benchmarking
semantic ID-based generative recommendation methods [174, 96, 104]. Additionally, we in-
clude “CDs”, which has approximately four times more interactions than “Sports”, to evaluate
performance on larger datasets.

Following previous studies [174, 88, 297], we treat users’ historical reviews as “interac-
tions” and arrange them chronologically to form input interaction sequences, with earlier reviews
appearing first. We adopt the widely used leave-last-out evaluation protocol [108, 287, 174],
where the last item in each sequence is reserved for testing and the second-to-last item for
validation. Table 5.1 presents the detailed statistics of the four datasets.

Baselines. We evaluate the performance of RPG by comparing it with the following item
ID-based and semantic ID-based baselines.

e Caser [202] encodes the item ID sequence patterns using convolutional filters.

e GRU4Rec [82] is a recurrent neural network (RNN)-based approach proposed for session-
based recommendation.

e HGN [146] applies the gating mechanism to RNN-based models.

e BERT4Rec [197] uses a bidirectional Transformer encoder to model item ID sequences and
is trained with a Cloze-style objective.

e SASRec [108] uses a self-attentive Transformer decoder to model item ID sequences by

optimizing a binary cross-entropy objective.
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e FDSA [280] processes the item ID sequences and item feature sequences separately through
self-attention blocks.

e S3-Rec [297] is first pretrained by optimizing self-supervised objectives to capture the
correlations between item features and item IDs. Then the model is fine-tuned for next-item
prediction objective, using only item IDs.

¢ VQRec [88] tokenizes each item using product quantization into semantic IDs. The semantic
ID embeddings are pooled together to represent each item.

e TIGER [174] tokenizes each item using RQ-VAE. The model is then trained to autoregres-
sively generate the next semantic ID token by token and employs beam search for inference.

e RecJPQ [166] applies joint product quantization to replace item embeddings with a concate-
nation of shared sub-embeddings.

e HSTU [271] discretizes raw item features into tokens, treating them as input tokens for gen-
erative recommendation. To ensure a fair comparison, we use the same 4-digit OPQ-tokenized
semantic IDs as the item tokens.

Evaluation setting. We use Recall@K and NDCD @K as metrics to evaluate the methods,
where K € {5,10}, following Rajput et al. [174]. Model checkpoints with the best performance
on the validation set are used for evaluation on the test set.

Implementation details. We use most of the baseline results from Rajput et al. [174],
while implementing other baselines mainly using RecBole [285]. We carefully tune the baselines’
hyperparameters following the original papers’ suggestions. For model training, we train all
implemented models for a maximum of 150 steps with a batch size of 256. We tune the learning
rate in {0.01,0.003,0.001}. We use an early stopping strategy to stop training if the validation
results do not improve for 20 consecutive epochs.

We implement our method using HuggingFace transformers [235] and FAISS library [52].
To ensure a fair comparison with the baseline that has the largest number of parameters (TIGER,
13M), we use a 2-layer Transformer decoder with an embedding dimension of d = 448, a

feed-forward layer dimension of 1024, and 4 attention heads, which achieve a similar num-

101



ber of parameters. We tune the temperature T € {0.03,0.05,0.07} and semantic ID length
m € {4,8,16,32,64}. For the semantic encoder model in this chapter, we mainly use OpenAI’s
text-embedding-3-large” to show the expressive abilities of long semantic IDs, but also
conduct additional experiments using sentence-t5-base [157] for fair comparison with bench-
mark results (Section 5.3.5). For model inference, we use a beam size b = 10, tune the number
of edges per node k € {50, 100,500} and iteration steps g € {2,3,5}. Please refer to Section 5.5

for more details.

5.3.2 Overall Performance

We compare RPG with item ID-based and semantic ID-based baselines across three
benchmarks and one larger public dataset. The results are shown in Table 5.2.

Across all datasets, methods leveraging semantic IDs generally outperform traditional
item ID-based approaches. This aligns with the broader observation that incorporating item
features and richer semantic information boosts recommendation quality. Within the semantic
ID-based category, TIGER and HSTU consistently secure the second-best positions. These
strong performances show the benefits of integrating semantic tokens into learning objectives
over traditional methods.

Compared to all baselines, the proposed RPG achieves the best overall performance,
ranking first in 11 out of 12 metrics. It outperforms the strongest baseline by an average of
12.6% on the NDCG @ 10 metric. Similar to generative models, RPG uses semantic tokens as
predictive targets, learning sub-item semantics. By generating tokens in semantic IDs in parallel,
RPG efficiently and effectively leverages long and expressive semantic IDs with up to 64 digits

per item.

Zhttps://openai.com/index/new-embedding-models-and-api-updates/
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5.3.3 Inference Efficiency Analysis

One of the main advantages of RPG is the efficient inference method (Section 5.2.3) that
has a complexity unrelated to the size of the item pool. We’ve conducted efficiency analyses
from a complexity perspective in Section 5.2.3. In this section, we empirically demonstrate the
efficiency of RPG. Based on the “Sports™ dataset, we add varying numbers of dummy items
to the item pool, achieving item pool sizes from 2 x 10* to 50 x 10* items. We then measure
the required runtime memory (GB) and clock time (s) for model inference over one epoch on
the test set. We illustrate the results in Figure 5.3. Note that all results are measured under a
fixed set of hyperparameters, so the reported inference memory and time may not correspond to
the best-performing configuration for each model. Here, runtime memory primarily refers to
the GPU memory used to compute logits and generate the next tokens, including intermediate
activations, rather than the total storage required to hold model parameters. A detailed breakdown
of memory usage is provided in Table 5.8.

We observe that both retrieval-based baselines, SASRec and VQ-Rec, require increasing
memory and inference time as the item pool expands. In contrast, the generative baseline TIGER
and the proposed RPG maintain constant memory usage and inference time regardless of the
total number of items. Moreover, RPG reduces runtime memory consumption by nearly 25 x
and achieves an inference speedup of almost 15 x compared to TIGER. These results show that
RPG inherits the scalability of generative models (i.e., inference cost independent of the number
of items), while being significantly more efficient than existing generative baselines in both

memory and time.

5.3.4 Ablation Study

We conduct ablation analyses in Table 5.3 to study how each module contributes to the
overall performance of RPG.

(1) We first examine whether OPQ is a good choice for tokenizing items into long semantic
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Figure 5.3. Comparison of runtime memory consumption and inference time w.r.t. the item pool
size on the “Sports” dataset.

Table 5.3. Ablation analysis of RPG. The recommendation performance is measured using
NDCG@10. The best performance is denoted in bold fonts.

Variants Sports Beauty Toys CDs

Semantic ID Setting

(1.1) OPQ — Random 0.0179 0.0359 0.0288 0.0078
(1.2) OPQ — RQ 0.0242 0.0421 0.0458 0.0406
Model Architecture
(2.1) no proj. head 0.0252  0.0423 0.0430 0.0361
(2.2) shared proj. head 0.0256 0.0424 0.0438 0.0368
Model Inference
(3.1) beam search 0.0000 0.0000 0.0000 0.0000
(3.2) w/o graph constraints  0.0082 0.0214 0.0205 0.0183
RPG (ours) 0.0263 0.0464 0.0490 0.0415

IDs. We replace OPQ with (1.1) randomly assigned discrete tokens or (1.2) RQ-based semantic
IDs, and in both cases, performance drops. The drop is especially significant when using random
tokens, indicating that the multi-token prediction loss effectively learns the semantics embedded
in the long semantic IDs and fails when there is no semantic meaning in the IDs.

(2) We then examine the designs of the projection head used in the MTP loss (Equation (5.1)).

By default, we use a separate projection head for each digit of the semantic IDs. We implement
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Figure 5.4. Scalability analysis of the performance (NDCG @ 10) of RPG w.r.t. semantic ID
length.

two other variants: (2.1) removing the projection head and directly using the final hidden state
of the sequence model to compute token logits, and (2.2) using a single shared projection head
for all digits of the semantic IDs. Both variants lead to performance drops, highlighting the
importance of mapping the sequence representation to different semantic spaces for decoding
each digit of the tokens.

(3) We further experiment with two alternative inference methods: (3.1) beam search, which
is commonly used in autoregressive generative models, and (3.2) inference without graph
constraints, where the decoding graph is removed, and a similar number of semantic IDs are
visited as in RPG, approximately 25% of the item pool (Table 5.6). Our results show that beam
search struggles because OPQ-based semantic ID lacks sequential dependencies. As a result, it
easily falls into local optima during long beam search steps. Additionally, removing the decoding
graph significantly reduces performance, highlighting its importance in guiding the generation of

long semantic IDs.

5.3.5 Further Analysis

Scalability of Semantic ID Lengths

The length of semantic IDs, m (i.e., the number of digits in semantic IDs), is an important

factor affecting recommendation efficiency and performance. We vary m € {4,8,16,32,64} to
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examine how well the proposed method, RPG, scales with semantic ID length. From Figure 5.4,
we observe that, in general, longer OPQ-based semantic IDs lead to better performance. However,
for smaller datasets, they may converge earlier. The optimal length for the “Sports,” “Beauty,”
and “Toys” datasets is 16, 32, and 16, respectively. For our largest dataset “CDs”, a semantic ID

length of 64 achieves the best performance. These results demonstrate that our method scales

effectively with increasing semantic ID length, particularly for larger datasets.
Expressive Ability Analysis

One assumption of using long semantic IDs is that they offer better expressive power
than short ones. The original paper of TIGER indicates that they employ a Sentence-T5 semantic
encoder (specifically, sentence-t5-base in our reproduction). In this experiment, we introduce
a more powerful semantic encoder, OpenAl’s text-embedding-3-large, to examine whether
the semantic ID design can be expressive and benefit from the improved semantic encoder. We
primarily compare TIGER with our proposed method, RPG, using different semantic encoders
and varying semantic ID lengths.

From Table 5.4, we observe that replacing sentence-t5-base with the strong OpenAl’s
model text-embedding-3-large does not always improve TIGER’s performance when using
4-digit RQ-based semantic IDs. However, for RPG, a longer semantic ID performs better than
a 4-digit one, even when using sentence-t5-base, and it already surpasses TIGER with the
same encoder. Improving the encoder while maintaining long semantic IDs (up to 64 digits)
further boosts performance. This demonstrates that the long semantic ID designed in RPG is

more expressive and can benefit from a stronger semantic encoder.
Cold-Start Recommendation

Since RPG optimizes by directly predicting semantic IDs within the token space, it is
natural to hypothesize that it has a similar cold-start recommendation ability to other semantic

ID-based methods like VQ-Rec and TIGER. We conduct experiments to evaluate how well RPG
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Table 5.4. Analysis of the expressive ability of short and long semantic IDs. The recommendation
performance is measured using NDCG@10. “PLM” denotes the pretrained language model that
encodes raw item features into representations. The best performance of each model is denoted
in bold.

Model PLM #digits Sports Beauty Toys CDs

TIGER sentence-t5-base 4 0.0225 0.0384 0.0432 0.0411
text-emb-3-large 4 0.0243 0.0411 0.0390 0.0409
sentence-t5-base 4 0.0152 0.0292 0.0330 0.0186
text-emb-3-large 4  0.0117 0.0235 0.0275 0.0175
sentence-t5-base 16764 0.0238 0.0429 0.0460 0.0380
text-emb-3-large 16~ 64 0.0263 0.0464 0.0490 0.0415

RPG
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Figure 5.5. Cold-start analysis on the “Sports” dataset. Test items are divided into four groups
based on the number of times they appear in the training set.

recommends long-tail items. We divide the test set items into four groups based on their occur-
rence in the training set: [0, 5], [6, 10], [11, 15], and [16, 20]. As shown in Figure 5.5,
RPG achieves the best overall cold-start recommendation performance, demonstrating the strong
ability of the MTP objective to learn item semantics. The long semantic IDs also enhance the

tokens’ semantic richness, further improving performance.
Hyperparameter Analysis

In this section, we tune the hyperparameters of the graph-constrained decoding method
to analyze their impact on recommendation performance. The experiments are conducted on

the “Sports” dataset with a default beam size of b = 10, number of edges per node k = 50, and
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Figure 5.6. Model inference hyperparameter analysis. Each subplot shows the effect of varying
one hyperparameter while keeping the others fixed.

iteration steps g = 2. The results are shown in Figure 5.6.

Beam size b. The beam size determines the number of semantic IDs retained in the beam at
each step. In traditional beam search, a larger beam size brings the inference results closer
to the global optimum, while a smaller one may lead to a local optimum. We vary the beam
size as b € {10,20,30,40,50}. From Figure 5.6, we observe that, using NDCG@ 10 as the
recommendation performance metric, a beam size larger than 10 does not differ significantly
from 10. These results suggest that it is generally safe to use a relatively small beam size (as

long as it is larger than the K in the top-K metric) to improve efficiency.

Number of edges per node k. The parameter k controls the number of edges per node in the
graph, determining how many candidate connections are considered at each decoding step. A
higher k allows the model to explore more diverse paths, potentially improving recommendation
performance. We evaluate k with values {10,20, 50, 100,200,300}. From Figure 5.6, we observe
a clear upward trend in NDCG @10 as k increases, with performance stabilizing beyond k£ = 100.
This suggests that incorporating more edges enhances the model’s ability to identify relevant
recommendations, but excessive values provide diminishing returns. Since increasing k also

increases computation, we need to balance performance and efficiency by choosing an appropriate

k.

Number of iteration steps g. The iteration steps g determine how many rounds of graph
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propagation are performed. We evaluate ¢ with values {0,1,2,3,4,5}. As shown in Figure 5.6,
increasing ¢ significantly improves NDCG@ 10 from g = 0 to ¢ = 2, indicating that additional
iterations enhance recommendation performance. However, performance saturates after g = 2,
suggesting that the beam may converge for g > 2. This indicates that a small number of decoding

steps (e.g., ¢ =2 or g = 3) is sufficient to reach optimal performance while maintaining efficiency.

5.4 Notations

We summarize the notations used throughout the chapter in Table 5.5.

5.5 Additional Implementation Details

All experiments were conducted on a single NVIDIA RTX 3090 GPU (24GB). For
moderate-scale datasets (Sports, Beauty, Toys), each model training under a fixed hyperparameter
setting takes less than 2 GPU hours. We tuned “learning rate”, “temperature”, and “#digit”,
totaling 45 hyperparameter settings, resulting in under 90 GPU hours per dataset. For the
large-scale dataset (CDs), each training takes under 8 hours, totaling about 180 GPU hours for
all checkpoints reported. Regarding model inference, we evaluate all checkpoints on validation
sets using the method described in Section 5.2.2. After identifying the best checkpoint, we
further tune inference-time hyperparameters (k and g) over 9 combinations. This tuning process

is lightweight and requires less than 1 GPU hour in total. We present the best hyperparameters

for each dataset of RPG in Table 5.6.

5.6 Additional Discussion

What happens when equipping TIGER with long semantic IDs? To explore how
existing semantic ID-based generative recommendation models perform with longer semantic
IDs, we conduct experiments on the Sports dataset using TIGER [174] as the base model. We

employ text-embedding-3-large as the PLM to generate semantic IDs and increase the
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Table 5.5. Notations and explanations.

Notation Explaination

i The item IDs

N The number of items

t The length of interaction sequences

ci The individual tokens in semantic IDs

m The length (number of tokens) of semantic IDs
A The vocabulary of tokens in semantic IDs

M The codebook size for each digit of the semantic ID

E; The embedding lookup table for semantic IDs’ jth digit
d The dimension for token and item embeddings

€l

The token embedding
v; The item representation
s The user (sequence) representation
T The temperature hyperparameter

() The projection head

pt) The log probability (i.e., logit) of the next token

k The number of edges for each node in the decoding graph
b The beam size

q The number of steps in the decoding process

Table 5.6. Best hyperparameters of RPG for each dataset.

Hyperparameter Sports Beauty Toys CDs
semantic ID length m 16 32 16 64
learning rate 0.003 0.01 0.003 0.001
temperature T 0.03 0.03 0.03 0.03
beam size b 10 10 10 10
# edges per node k 100 100 50 500
# iteration steps ¢ 2 3 5 3

Number/ratio of visited items under the best hyperparameter.

# visited items 2x103 3x10° 25x10° 1.5x10*
ratio of visited items 1090% 24.79%  20.97% 23.28%

number of digits by applying more levels of residual quantization. As shown in Table 5.7,
increasing the number of digits from 4 to 16 consistently degrades TIGER’s performance and
significantly slows down inference. These results highlight the difficulty of scaling semantic
ID length in existing models. In contrast, RPG not only handles long semantic IDs efficiently

(Figure 5.3) but also benefits from increased ID length in terms of performance (Figure 5.4).
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Table 5.7. Performance and inference time per epoch of TIGER w.r.t. #digit of semantic IDs.
“O0OM?” denotes out-of-memory.

#digit NDCG@10 Time (s)

4 0.0243 259
8 0.0219 788
16 0.0054 2,544
32 OOM OOM

Table 5.8. Memory consumption breakdown. The term “fetched storage” refers to the amount
of storage actually accessed to generate a ranking list for a user. The memory consumption of
sequence encoders (i.e., Transformer blocks) is omitted.

Method NDCG@10 Storage Fetched Storage
SASRec 0.0192 O(Nd) O(Nd)
RecJPQ 0.0102 O(Md + Nm) O(Md + Nm)
VQ-Rec 0.0173 O(Mmd + Nm) O(Mmd + Nm)
RPG 0.0263 O(Mmd+N(m+k)) O(Mmd+ bgkm)

Can multiple items share the same token set? Yes, this is possible. In RPG, each node in the
decoding graph is initialized per item, rather than per unique token set. That said, since RPG
uses long semantic IDs (e.g., 64 tokens), the likelihood of two distinct items sharing the exact
same token set is very low.

Why does RPG perform worse than TIGER when #digits = 4? As shown in Table 5.4,
RPG underperforms TIGER when both use semantic IDs of length 4. However, comparing the
two models under the same ID length is not particularly meaningful, given their fundamental
differences in learning objectives, inference mechanisms, and semantic ID construction. When
using their optimal semantic ID lengths, RPG consistently outperforms TIGER across all datasets
while also achieving better inference efficiency (Figure 5.3).

Memory consumption breakdown. To better understand the memory footprint of RPG com-
pared to existing methods, we provide a detailed breakdown in Table 5.8. RPG consumes more
total storage, as it maintains a token embedding table, an item-token mapping table, and a

decoding graph. However, during inference, RPG is the only model that avoids accessing the
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entire storage but accesses a small subset of items, typically around 10-25%.

5.7 Conclusion

In this chapter, we propose RPG, an efficient and effective semantic ID-based recom-
mendation approach. Instead of autoregressively generating tokens, our key idea is to predict
each digit in parallel. This removes the sequential dependency between digits, allowing the use
of unordered, long, and expressive semantic IDs. To enable parallel generation, we optimize
the model with a multi-token prediction loss, explicitly integrating semantics into the learning
objective. For inference, we leverage the observation that similar semantic IDs produce sim-
ilar prediction logits. Based on this, we introduce a graph-constrained decoding method. By
connecting semantic IDs with similar meanings, we iteratively refine the maintained beam of
semantic IDs through graph propagation. Experimental results show that RPG is both effective
and efficient in terms of memory consumption and inference speed.

Chapter 5, in part, is a reprint of the material as it appears in “Generating Long Semantic
IDs in Parallel for Recommendation.” by Yupeng Hou, Jiacheng Li, Ashley Shin, Jinsung Jeon,
Abhishek Santhanam, Wei Shao, Kaveh Hassani, Ning Yao, and Julian McAuley, in Proceedings
of the 31st ACM SIGKDD Conference on Knowledge Discovery and Data Mining V. 2 in 2025,

referenced as [90]. The dissertation author was the primary investigator and author of this paper.
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Chapter 6

Inductive Generative Recommendation via
Retrieval-based Speculation

The dissertation then moves from constructing semantic IDs to studying how generative
recommendation models can use them. This chapter starts the modeling-focused part by examin-
ing whether semantic ID generation can support inductive recommendation for items that were
not observed during training.

Generative recommendation (GR) is an emerging paradigm that tokenizes items into
discrete tokens and learns to autoregressively generate the next tokens as predictions. While
this token-generation paradigm is expected to surpass traditional transductive methods, poten-
tially generating new items directly based on semantics, we empirically show that GR models
predominantly generate items seen during training and struggle to recommend unseen items.
In this chapter, we propose SpecGR, a plug-and-play framework that enables GR models to
recommend new items in an inductive setting. SpecGR uses a drafter model with inductive
capability to propose candidate items, which may include both existing items and new items.
The GR model then acts as a verifier, accepting or rejecting candidates while retaining its strong
ranking capabilities. We further introduce the guided re-drafting technique to make the proposed
candidates more aligned with the outputs of generative recommendation models, improving
verification efficiency. We consider two variants for drafting: (1) using an auxiliary drafter

model for better flexibility, or (2) leveraging the GR model’s own encoder for parameter-efficient
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Figure 6.1. (1 & 2) GR models struggle to generate unseen items in an inductive setting. (3)
SpecGR, a draft-then-verify framework, leverages GR models to verify candidates from an
inductive drafter, enabling new-item recommendations.

self-drafting. Extensive experiments on three real-world datasets demonstrate that SpecGR
exhibits both strong inductive recommendation ability and the best overall performance among

the compared methods. !

6.1 Introduction

Generative recommendation (GR) is an emerging paradigm for sequential recommenda-
tion tasks [174, 271, 290]. By tokenizing each item into a few discrete tokens (named semantic
IDs), models are trained to autoregressively generate the next tokens, which are then parsed as
predicted items. Compared to conventional sequential recommendation methods [108, 197], GR
models scale up more easily and achieve better performance [174, 41], benefiting from the power

of scaling laws [275, 271].

'Our code is available at https:/github.com/Jamesding000/SpecGR.
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Unlike item ID-based transductive models such as SASRec [108], which cannot recom-
mend new items due to the absence of their IDs in the trained model, GR models are expected
to exhibit inductive capabilities by capturing semantic correlations and generating semantic
tokens for previously unseen items. However, our empirical analysis shows that GR models
systematically assign higher likelihoods to seen semantic ID sequences than to unseen ones. As
shown quantitatively in Table 6.2, GR yields near-zero recommendation performance on unseen
items. We attribute this to the models’ tendency to overfit to the semantic ID patterns present in
the training data [257], making it unlikely for their outputs to match the semantic IDs of new
items (Figure 6.1). In scenarios where up-to-date recommendations are critical (e.g., news or
short-video platforms), a flexible, on-the-fly inference framework is essential for the practical
deployment of GR models.

In this chapter, we aim to develop inductive generative recommendation models that
can recommend new items on-the-fly. Achieving this goal is non-trivial. In traditional recom-
mendation systems, inductive recommendation [238] is typically achieved by incorporating side
information and K-nearest neighbor (KNN) search. Although GR models can also tokenize items
with side information into semantic IDs, as previously discussed, they struggle to generate unseen
semantic ID patterns through autoregressive decoding [58, 174]. Recent efforts have explored
blending GR outputs with items retrieved by non-GR methods [174, 257]. However, these
approaches fail to fully exploit the modeling strengths of GR models, resulting in suboptimal
performance.

To this end, we propose SpecGR (Speculative Generative Recommendation), an in-
ductive generative recommendation framework that can be integrated with GR models in a
plug-and-play manner. We extend the concept of the drafter-verifier framework in the original
speculative decoding technique [119, 18, 81]. Rather than relying on a lightweight homologous
model for inference acceleration, we explore the integration of models with different paradigms
and capabilities. Specifically, we employ a KNN-based inductive model as the drafter to generate

small batches of candidate items, while a GR model with stronger recommendation capabilities
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serves as the verifier, responsible for accepting or rejecting these candidates. Instead of merely
blending outputs from different models, SpecGR ensures that all final recommendations are
ranked based on scores assigned by the GR verifier. In addition, we propose guided re-drafting to
improve the quality of candidate items proposed by the drafter model, leveraging the semantic ID
prefixes generated by the verifier GR model. Furthermore, to reduce the overhead of maintaining
a separate drafter model, we introduce SpecGR++ that enables the encoder of the GR model to
serve as a drafter.

Extensive experiments are conducted on three public datasets. We split the training
and evaluation sets chronologically using fixed timestamp cut-offs. This setup ensures that
recommendation models are evaluated in a setting where new items appear over time. The
experimental results demonstrate that SpecGR significantly improves the ability of GR models to

recommend new items and achieves strong overall performance compared to existing methods.

6.2 Methodology
6.2.1 Problem Setup and Formulation

We follow the inductive sequential recommendation task [87, 266]. The input is a
sequence of items {x;,x,...,x, } ordered chronologically based on user interaction time. Each
item x € .# has associated text features, such as title, description, and category. Here, w denotes
the length of the item sequence. The task is to predict the next item of interest. Note that in the
inductive setting, the target item may not appear in the training set, called new or unseen items
in the following sections.

In this chapter, we focus on developing a general inductive recommendation framework
for generative recommendation models. Typical GR models like TIGER [174] will tokenize
each item x; into a semantic ID pattern, ID; := [{c}), (c}),. .., {(c!)], where I denotes the number
of digits of one item’s semantic ID pattern, and (c) denotes one digit of semantic ID. In this way,

the input for GR models can be represented as follows by replacing the items in the original item
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Figure 6.2. Illustration of the proposed SpecGR method, a draft-and-verify framework that
iteratively performs drafting and verification until enough items are accepted. (a) Inductive
Drafting. The inductive drafter first retrieves a set of candidates that contain new items. We
present two drafting methods: using an auxiliary model or the GR’s encoder output (namely,
self-drafting) for item retrieval. (b) Target-aware Verifying. The GR model accepts or rejects
the candidates based on the likelihood of being the target. (c) Guided Redrafting. If not enough
items are accepted, the GR filters the candidate space for the next drafting round based on the
generated beam sequences.

sequence with the corresponding semantic IDs:

X = [(bos),IDy,IDy,...,ID,, (eos)], 6.1)

where (bos) and (eos) are special tokens indicating the start and ending positions of a semantic
ID sequence. Then the GR models are trained to generate K semantic ID patterns, which will be
further parsed into recommended items with top-K probabilities. In the inductive setting, we
assume that new items have been assigned semantic ID patterns. These new items can be parsed

if the outputs of the GR models match the new semantic ID patterns.
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6.2.2 Speculative Generative Recommendation

We begin by providing an overview of the proposed SpecGR framework, as illustrated
in Figure 6.2. The framework consists of four components: (1) Inductive Drafting. Given the
same input item sequence as the generative recommendation model, a drafter model with induc-
tive recommendation capabilities proposes a set of candidate items as recommendation drafts.
(2) Target-aware Verifying. The GR model, acting as a verifier, either accepts or rejects the
candidates based on the probability that they could be targets of the input sequence. (3) Guided
Re-drafting. If the number of accepted items does not meet the required recommendations K,
the GR model guides the drafter to re-draft and propose the next set of candidate items. (4)
Adaptive Exiting. Once K items are accepted, the framework exits and outputs the items, sorted
by the scores given by the GR model. This process selects high-quality, unseen items through
drafting and verifying, while maintaining the strong recommendation capabilities of generative

recommendation models.
Inductive Drafting

Instead of expecting GR models to directly generate the semantic IDs of unseen items,
we employ an inductive drafter model to first propose “recommendation drafts” that may include
unseen items. Given the input item sequence X, the drafter model D(-) performs inductive draft-
ing by recommending a set of § candidates 2 = D(X), where |-2| = §. Note that in the original
speculative decoding technique, the drafter model is considered an efficient approximation of the
target model [119, 18], functioning as a homologous model to the verifier model. Here, we extend
the above restriction in choosing drafter models. We do not require the drafter model to be a GR
model but instead an inductive model to bring new capabilities to the following verifier model (in
our case, the GR model). This approach allows high-quality unseen items to be introduced into
the system, which are then verified by the more expressive generative model and finally included
in the recommendations. Hence, the inductive drafter can be any inductive recommendation

model, and we will discuss two effective instantiations in the subsequent Drafting Strategies
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section.
Target-aware Verifying

While inductive drafters excel at recommending unseen items, they are not as effective
as GR models in modeling input sequences and providing recommendations. Therefore, after
obtaining candidates 2 from the inductive drafting process, we use the generative model to
verify them, rejecting items with low likelihood.

e Target-aware likelihood for ranking. Given a candidate item as a potential target, we
use the GR model as a query-likelihood model (QLM) [306, 305, 160]. The QLM scores the
query, i.e., input sequence and the potential target, by measuring the likelihood of the model
consecutively generating the tokens in the query. Previous studies have demonstrated that
generative language models, such as TS [173], exhibit robust zero-shot query-likelihood ranking
performance in document retrieval tasks, without explicit fine-tuning for document ranking [306].
Accordingly, conditioning on the input sequence X, we adopt the conditional probability of
generating the target semantic ID pattern as the verification score.

e Likelihood score calculation. However, naively applying the QLM for verification
would result in low scores for unseen items. This happens because not all digits of semantic IDs
are derived from item semantics. In addition to the tokens learned purely from item semantics,
existing methods usually add an extra digit to avoid conflicts, known as the item identification
token [174, 144]. For unseen items, the probability of generating this identification token lies
outside the modeling distribution and therefore primarily consists of noise.

To provide a fair verification score for unseen items, we exclude the identification token
and calculate only the probability of other digits. The target-aware verification score can be

computed as:

>~
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where V(-) denotes the verifier model, which takes the input sequence X and the potential target
item x; as inputs, outputing the log-likelihood probability scores. / denotes the total number of
digits in each semantic ID pattern, where the last digit is assumed to be the item identification
token. P(-) denotes the backbone autoregressive model, which takes semantic ID sequences and
outputs the likelihood scores. ¢! refers to the i-th digit of the semantic ID for the target item x;.
The set .#* \ .# represents the unseen items.

To alleviate the bias caused by varying lengths of semantic IDs for unseen and existing
items, we normalize the log-likelihood scores by the corresponding number of digits. After
obtaining the likelihood score, we accept the items if V(x;,X) > 7, where ¥ is a hyperparameter

and can be tuned on the validation set.
Guided Re-drafting

If fewer than K items are accepted from the initial batch of drafted candidates, the drafter
model D(-) must generate an additional batch of § new candidates. Intuitively, since these
candidates appear lower in the drafter’s ranking, their expected acceptance probability under the
verifier V(+) is substantially reduced. To counteract this decline in acceptance rate, we introduce
the guided re-drafting mechanism that steers subsequent candidate batches toward regions of the
item space that better match the verifier’s scoring distribution.

Guided re-drafting operates by steering the drafter models using a set of semantic ID
prefixes generated by the verifier models (GR models). Specifically, after verifying the j-th batch
of recommendation drafts, the verifier model generates a set of beam sequences % using beam
search, where each sequence is a j-digit semantic ID prefix. In the next draft-verify iteration, the

drafter model is guided to propose only candidates 2; whose prefixes match those in % ;:
CQ]: {Xi’Xi ED(X),(Cll,Clz,,Cl]) 6%1}7 (63)

where #; denotes the set of semantic ID prefixes, with a hyperparameter f3 as the set size.
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Guided re-drafting happens along with the beam search decoding process of the GR model.
It is important to note that the total number of draft-verify iterations will not exceed /, which
corresponds to the maximum length of the semantic IDs, and is also equal to the maximum

number of decoding steps.
Adaptive Exiting

SpecGR can adaptively terminate the draft-verify iterations based on the number of
candidate items accepted by the verifier (GR) model. When the number of accepted items
reaches K, the loop exits, avoiding the need to generate full-length sequences of /. This adaptive
approach reduces inference time, as fewer generation steps are required. If, after the final
iteration, there are still not enough accepted items, the beam sequences will be appended to the
recommendation list until K is reached. As a result, even in the worst case, SpecGR does not
incur additional time overhead compared to decoding with beam search. Finally, we rank the
recommendation list by using the verification scores of the accepted items, along with the beam

scores if items from beam sequences are included.

6.2.3 Drafting Strategies

In this section, we present two methods for drafting: by using an auxiliary draft model,

and by reusing the encoder of generative recommendation models (namely SpecGR++).
Auxiliary Draft Model

The most straightforward way to draft is to introduce an auxiliary inductive recommen-
dation model. An example is UniSRec [87], which uses modality-based item representations for
KNN search. When new items are added, their representations can be directly incorporated into
the item pool. The model can then retrieve new items if their modality-based representations are

similar to the sequence representations.
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Self-Drafting via GR Encoder

Despite the flexibility of using an auxiliary model as the drafter, issues such as commu-
nication latency and distribution shift may arise. Thus, we propose SpecGR++, which reuses
the encoder module of the generative recommendation model to function as an inductive drafter
model. The general idea is to encode both (1) the semantic IDs of a single item, and (2) the input
semantic ID sequence of user history, using the same encoder module. Then we apply KNN
search to retrieve semantic IDs of both existing and new items.

e Semantic ID-based item and sequence representations. To derive sequence repre-
sentations, we use the same input format as our GR model (Equation (6.1)). To derive item
representations, we format the semantic IDs of a single item x; in the same way as the encoder’s
input, i.e., [(bos),ID;, (eos)], where ID; represents the semantic ID pattern of item x;. To obtain
the item and sequence representations, we take the last hidden state from the GR encoder and
apply mean pooling.

e Item—sequence contrastive pretraining. Prior work shows that hidden states from
generative models are not directly suitable as representations [157, 158]. To obtain strong
inductive embeddings, we jointly train the GR encoder with a contrastive objective following [27,

87]. Given sequence embeddings s; and next-item embeddings i;, the contrastive loss is:

Bemp
Zer ). loe e’zp $i-4j/7) (6.4)
Bemp = ,eml exp(s;-ij /1)

We optimize .Z¢y jointly with the next-token generation loss:

Bgen Ly,
LGen = — Z ZlogP Chs | €<t Xp)- (6.5)
gen b= =1

To ensure sufficient in-batch negatives for the contrastive objective, we use a larger embedding
batch (i.e., Bemb > Bgen). The final multi-task loss is expressed as .2 = A1.Zc1, + ZGen, Where

A1 is a hyperparameter balancing the two tasks.
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Table 6.1. Performance comparison of different models. The best and the second-best perfor-
mance is denoted in bold and underlined fonts, respectively. “R@K” is short for “Recall @K”
and “N@K” is short for “NDCG@K”. “Improv.” denotes the improvement ratio of SpecGR
compared to the best-performing baseline model.

ID-based  Feature + ID Modality-based Generative Ours
Dataset Metri I A
atase etrie SASRecp FDSA S3-Rec SASRecr UniSRec Recformer TIGER TIGER: LIGER SpecGRp, SpecGR++ mprov
R@10 0.0186 0.0190 0.0195 0.0179 0.0225 0.0243 0.0222  0.0226  0.0139 0.0254 0.0250 +4.53%
Games N@10  0.0093 0.0101 0.0094 0.0091 0.0115 0.0111 0.0114  0.0115 0.0068 0.0128 0.0124  +10.40%
AMES R@50  0.0477  0.0496 0.0473  0.0507 0.0621 0.0740 0.0584  0.0611  0.0635 0.0778 0.0717 +5.13%
N@50 0.0162 0.0167 0.0154 0.0161 0.0200 0.0218 0.0193  0.0198 0.0172 0.0239 0.0225 +9.72%
R@10  0.0093 0.0095 0.0100 0.0091 0.0119 0.0126 0.0132  0.0130  0.0059 0.0138 0.0134 +3.99%
Office N@10 0.0047 0.0050 0.0052  0.0048 0.0062 0.0039 0.0071  0.0070  0.0029 0.0072 0.0070 +1.68%
R@50 0.0217 0.0224 0.0234  0.0233 0.0322 0.0340 0.0308 0.0312  0.0268 0.0360 0.0332 +5.93%
N@s50 0.0074  0.0078 0.0080 0.0078 0.0105 0.0106 0.0109  0.0110  0.0072 0.0119 0.0113 +8.76%
R@10 0.0052 0.0067 0.0058 0.0072 0.0084 0.0074 0.0090  0.0087  0.0048 0.0099 0.0101 +11.90%
Ph N@10  0.0027 0.0035 0.0028 0.0037 0.0045 0.0036 0.0047  0.0046  0.0022 0.0050 0.0052  +10.64%
oS R@50  0.0143 00184 00151  0.0188 0.0233 0.0236 0.0232  0.0233  0.0226 0.0285 0.0275 +20.64%
N@50 0.0047 0.0060 0.0048  0.0062 0.0077 0.0070 0.0078  0.0078  0.0059 0.0090 0.0090  +14.80%

Table 6.2. Model performance breakdown on the “in-sample” and “unseen” subsets. The
proportions of the test cases in each subset relative to the entire test data have been labeled. The
best and second-best results are bolded and underlined.

Games Phones
Model #Params.
o) Overall In-Sample Unseen Overall In-Sample Unseen
(39.7%) (60.3%) (31.8%) (68.2%)

R@50 N@50 R@50 N@50 R@50 N@50 R@50 N@50 R@50 N@50 R@50 N@50

UniSRec 2.90 0.0621 0.0200 0.1386 0.0461 0.0118 0.0029 0.0233 0.0077 0.0604 0.0211 0.0060 0.0014
Recformer 233.73 0.0740 0.0218 0.1082 0.0333 0.0514 0.0142 0.0236 0.0070 0.0340 0.0103 0.0188 0.0055
TIGER 13.26 0.0584 0.0193 0.1472 0.0486 - - 0.0232  0.0078 0.0730 0.0245 - -
TIGERc 13.26 0.0611 0.0198 0.1447 0.0482 0.0061 0.0011 0.0233 0.0078 0.0691 0.0238 0.0019 0.0003
LIGER 13.26 0.0635 0.0172 0.0438 0.0160 0.0765 0.0179 0.0226 0.0059 0.0472 0.0107 0.0111 0.0037

SpecGRaux 16.16 0.0778 0.0239 0.1485 0.0457 0.0312 0.0096 0.0285 0.0090 0.0748 0.0237 0.0069 0.0021
SpecGR++ 13.28 0.0717 0.0225 0.1323 0.0439 0.0318 0.0084 0.0275 0.0090 0.0730 0.0246 0.0063 0.0017

e Learning-to-rank fine-tuning. Following Li et al. [121], to further enhance the
ranking ability of the semantic ID encoder, we continue to fine-tune the encoder using the
cross-entropy loss Zcg on a larger batch of negative items (equivalent to ¢ in Equation (6.4)
with Bemp = |-Z|). To enable efficient large-batch training, the item representations are frozen
at the beginning of the fine-tuning phase. The overall loss for fine-tuning can be written as

L' = ALk + ZLGen» Where A; is a hyperparameter.
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6.3 Experiments

In this section, we present experimental results to answer the following Research Ques-

tions (RQ).

RQ1: How does SpecGR perform compared with state-of-the-art baselines on overall and

seen/unseen subsets?

RQ2: Do all of SpecGR’s designs take effect?

RQ3: How do key hyperparameters affect SpecGR’s performance and efficiency?

RQ4: Is SpecGR an effective plug-and-play framework for different drafters and GR

backbones?

6.3.1 Experimental Setup

Datasets

We use three categories, Video Games (Games), Office Products (Office), and Cell
Phones and Accessories (Phones), from the Amazon Reviews 2023 dataset [95] as our ex-
perimental datasets. To assess the performance of SpecGR in real-world settings, we utilize
preprocessed benchmarks? that exclude users and items with fewer than five interactions. The
data is split into training, validation, and test sets based on predefined timestamp cut-offs.
Notably, since the datasets are split by timestamps, the validation and test sets naturally in-
clude unseen items. This simulates a more realistic scenario in comparison to the widely-used

leave-last-out splitting.
Compared Methods

We report results for two SpecGR variants: SpecGRaux, which uses UniSRec [87] as

an auxiliary drafter, and SpecGR++, which uses its own encoder module for drafting. We

huggingface.co/datasets/McAuley-Lab/Amazon-Reviews-2023/tree/main/benchmark/5core/timestamp_w_his
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Table 6.3. Ablation study on SpecGR++ inference and training. The best and second-best results
are bolded and underlined.

Games Office Phones
Variants R@50 N@50 R@10 N@10 R@50 N@50 R@10 N@10 R@50 N@50 R@10 N@10
(1.1) w/o inductive drafting 0.0609 0.0202 0.0235 0.0121 0.0306 0.0109 0.0132 0.0070 0.0233 0.0080 0.0092 0.0049
(1.2) w/o likelihood score adjustment 0.0712 0.0221 0.0236 0.0119 0.0331 0.0103 0.0118 0.0057 0.0236 0.0081 0.0092 0.0049
(1.3) w/o guided re-drafting 0.0611 0.0202 0.0235 0.0121 0.0309 0.0110 0.0132 0.0070 0.0264 0.0086 0.0096 0.0050
(1.4) w/o item re-ranking 0.0703 0.0219 0.0239 0.0120 0.0334 0.0113 0.0131 0.0069 0.0264 0.0083 0.0093 0.0047
(1.5) w/o adaptive exiting 0.0694 0.0200 0.0203 0.0095 0.0313 0.0108 0.0126 0.0068 0.0265 0.0086 0.0095 0.0050
(2.1) TIGER for SpecGR++ 0.0582 0.0192 0.0224 0.0114 0.0302 0.0105 0.0127 0.0067 0.0232 0.0078 0.0090 0.0047
(2.2) w/o contrastive pretraining 0.0581 0.0193 0.0221 0.0115 0.0313 0.0108 0.0126 0.0068 0.0234 0.0077 0.0093 0.0050
(2.3) w/o fine-tuning 0.0692 0.0225 0.0222 0.0111 0.0325 0.0110 0.0129 0.0068 0.0259 0.0087 0.0098 0.0051
SpecGR++ 0.0717 0.0225 0.0250 0.0124 0.0332 0.0113 0.0134 0.0070 0.0275 0.0090 0.0101 0.0052

compare SpecGR against the following state-of-the-art methods: ID-based methods such as
SASRec [108]; feature+ID-based methods such as FDSA [280] and S3-Rec [297]; modality-
based methods such as UniSRec [87] and RecFormer [121]; and generative methods including
TIGER, TIGER( [174], and LIGER [257]. Notably, TIGERc employs a heuristic strategy that

mixes a fixed proportion of unseen items into TIGER’s recommendation list.

Evaluation Setting

We adopt Recall@K and NDCG @K as metrics to evaluate the compared methods, where
K € {10,50}. In addition, based on whether the target items in the test set are existing items or
new items (not shown in the training set), we split our test set into two subsets, named In-Sample
and Unseen, respectively. The model checkpoints of all compared methods that have the best

overall performance on the validation set will be evaluated on the test set.
Implementation Details

We use UniSRec [87] as the auxiliary drafter model for SpecGRsux and TIGER [174]
as the GR backbone for both SpecGR variants. Input sequences are truncated to a maximum
of 20 items, following Rajput et al. [174], and the same semantic ID tokenization process is
applied. SpecGR++ is trained using a multi-task setup (A; = A, = 6.0) combining generation and

contrastive objectives, followed by a learning-to-rank fine-tuning phase. We use Bgyp = 2048
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and Bgen, = 256. Hyperparameters such as the draft threshold (y), beam size (f3), and draft size

(0) are tuned on validation splits.

6.3.2 Performance Analysis (RQ1)

Overall performance. We compare SpecGR with sequential and generative recommendation
baselines across three public datasets; results are summarized in Table 6.1. ID-based and feature-
based methods generally show poor performance, especially on sparse datasets (e.g., Phones).
Modality-based methods, such as UniSRec and Recformer, show improved performance by
leveraging powerful text embeddings from Pretrained Language Models (PLMs). Generative
recommendation models achieve the best results through autoregressive modeling of fine-grained
semantic IDs. Among all models, SpecGR consistently achieves the best overall performance
(e.g., up to +14.8% in NDCG @50, and +20.64% in Recall @50). Notably, SpecGR++ attains
both better parameter efficiency and comparable performance to SpecGR zux, highlighting the
GR encoder’s effectiveness in learning robust semantic ID-based representations for inductive

recommendation.

Subset Analysis. Next, we analyze the detailed performance breakdown on the in-sample and
unseen subsets, as shown in Table 6.2. TIGER achieves strong in-sample performance but fails
to generalize inductively on the unseen subset. SpecGR addresses this limitation by integrat-
ing inductive drafting with GR-based verification, greatly improving inductive generalization
without compromising in-sample quality. Recformer is the best-performing modality-based
method. However, its LLM backbone has significantly larger model size compared to other
baselines. While LIGER attains higher performance on unseen items via dense retrieval-based
candidate blending, its heuristic combination of candidates introduces irrelevant items, yielding a
suboptimal trade-off and degraded overall recommendation quality. In contrast, SpecGR employs
GR’s target-aware likelihood scores to filter inductive candidates, resulting in strong inductive

ability and the best overall performance.
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Figure 6.3. Impact of hyperparameters on SpecGR’s performance and efficiency. (Left, middle):
Bars show the proportion of unseen items in recommendations. (Right): Bars represent inference
latency in seconds. Lines depict the trade-off between in-sample and unseen Recall @50.

6.3.3 Ablation Study (RQ2)

SpecGR Inference Framework. First, we assess the contributions of inference components
in SpecGR++, as summarized in Table 6.3. Inductive drafting (1.1) and likelihood score
adjustment (1.2) substantially enhance inductive generalization by incorporating meaningful
unseen candidates. Guided re-drafting (1.3) boosts recommendation quality when initial drafting
provides insufficient accepted candidates. Removing verification-based re-ranking (1.4) and
adaptive exiting (1.5) results in performance degradation, confirming the importance of these

modules in maintaining a balance between in-sample accuracy and inductive capability.

SpecGR++ Training Paradigm. Next, we analyze training paradigm variants for SpecGR++.
Directly using TIGER’s encoder states without dedicated representation learning (2.1) severely
limits inductive recommendation. Contrastive pretraining (2.2) significantly improves repre-
sentation quality, and subsequent fine-tuning (2.3) further refines performance, validating our

two-stage training design.
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Table 6.4. NDCG@50 on the unseen subset (U-N@50) and overall test set (O-N@50) for
different GR backbones and drafter configurations on the Video Games dataset.

GR Drafter U-N@50 O-N@50 Improvement
Baseline - 0.0193 -

TIGER GR Enc'oder (SpecGR++) 0.0084 0.0225 (+16.6%)
Semantic-KNN 0.0085 0.0231 (+19.7%)
UniSRec 0.0096 0.0239 (+23.8%)
Baseline - 0.0198 -

DSI GR Encoder (SpecGR++) 0.0061 0.0217 (+9.6%)
Semantic-KNN 0.0049 0.0217 (+9.6%)
UniSRec 0.0058 0.0220 (+11.1%)

6.3.4 Hyperparameter Analysis (RQ3)

We analyze how model hyperparameters affect recommendation behaviors and perfor-
mance. We conduct hyperparameter analyses of SpecGR++ on the Video Games dataset, with
results shown in Figure 6.3. The base hyperparameters are § = 50, y = —1.6, and 8 = 50, with
specific parameters adjusted in each plot while keeping others fixed.

e Draft size (6) controls the proportion of unseen items in recommendations, as all
unseen items originate from drafting. Increasing draft size enhances inductive performance but
may degrade in-sample metrics due to the fixed number of accepted candidates. The optimal
value is selected via hyperparameter tuning on the validation set.

e Beam size (f3) controls the search space for guided re-drafting. As shown in Figure 6.3,
increasing beam size improves in-sample performance but reduces inductive ability.

e Threshold (y) controls the acceptance rate of drafted candidates, impacting the number
of decoding steps needed for K recommendations. As shown in Figure 6.3, it governs the
performance-efficiency trade-off. Lower thresholds degrade in-sample performance due to
overly easy candidate acceptance. We select ¥ using the elbow criterion that balances marginal

performance gain against additional latency.
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6.3.5 Plug-and-Play Framework (RQ4)

To evaluate SpecGR’s plug-and-play capability, we integrate it with multiple inductive
drafters (SemanticKNN, UniSRec, and the GR encoder (SpecGR++)) and multiple GR backbones
(TIGER and DSI [204]). Notably, DSI employs hierarchical K-means tokenization to derive
item semantic IDs. As shown in Table 6.4, both GR backbones are originally unable to generate
unseen items. Integrating SpecGR improves overall performance by approximately 15% on
average, while enabling strong inductive recommendation. This improvement holds across
lightweight retrieval (Semantic-KNN), modality-based models (UniSRec), and self-drafting
using the GR encoder, demonstrating that SpecGR 1is robust to different drafting paradigms and
input modalities. Thus, SpecGR is model-agnostic to drafter choice and serves as a plug-and-play

framework that equips any semantic-ID-based GR model with inductive capability.

6.4 Additional Implementation Details
6.4.1 SpecGR++ Training Details

We train SpecGR++ with Distributed Data Parallel (DDP) using 4 GPUs (NVIDIA RTX
A6000, 48GB each, Ubuntu 22.04.5 LTS). The random seed is fixed to 42 for reproducibility.
During pretraining, we compute the generation loss Zge, With a batch size of 256, and the
contrastive loss Z¢, with an effective batch size of 2048 (negatives gathered across GPUs). We
train for up to 200,000 steps with early stopping, selecting learning rates from {0.001,0.0003}.
For fine-tuning, SpecGR++ is trained for 15 epochs with a batch size of 256 and a learning rate
of 107*. The draft threshold 7 is tuned between -1.1 and -1.8 (step size 0.1), and beam size 3
and draft size § are set to 50 or K. For SpecGR ayy, it is trained on a single GPU with the same

hyperparameters but without distributed negative gathering.
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Table 6.5. Average validation Recall @50 for SpecGR++ across different training embedding
batch sizes.

Batch Size Avg. R@50

1024 0.0598
2048 0.0692
4096 0.0769

6.4.2 Embedding Batch Size Ablation

During SpecGR++ training, to ensure the model receives sufficient negative training
signals, we leverage much larger batch sizes for embedding task than generative task. We report
the performance against the effective batch size, which equals the batch size x number of gpus
in the distributed setting Table 6.5. We can see that larger embedding batch size positively affects

the performance of embeddings from SpecGR’s encoder.

6.4.3 Baseline Model Reproductions

We reproduce TIGER by following the instructions provided in its original implemen-
tation [174]. For Recformer, we utilize pretrained checkpoints from a popular reproduction
repository® and fine-tune them on our processed datasets. We implement LIGER by closely
following the method details, pseudocode, and hyperparameter configurations outlined in the
original paper [127]. For item text embeddings, we use representations obtained from a pretrained
TS5 sentence encoder. All other baseline models (e.g., SASRec variants and modality-based
methods) are implemented using the open-source RecBole library [285]. We conduct thorough
hyperparameter tuning for all baseline models and report results using the best-performing

configuration for fair comparison.

3https://github.com/AaronHeee/RecFormer
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Table 6.6. Statistics of the datasets. “New%” denotes the proportion of interactions with unseen
target items. “#Items” and “#Inter.” are in thousands (K).

Dataset Ttems Train Valid Test

#Items New% #Inter. #Inter. New% #Inter. New%

Games 25.6 10.3 645.3 33.1 27.9 41.5 60.3
Office 77.6 15.1 1230.2 136.1 162 2113 59.4
Phones 111.5 15.1 18415 2329 33.0 2974 68.3

6.4.4 TIGER( Implementation

Following Rajput et al. [174], during inference, we use TIGER to generate top-K can-
didates and retrieve unseen items whose semantic prefix (i.e., semantic IDs without the last
identifier token) appears in this list. A hyperparameter € controls the maximum proportion of
unseen items included. After retrieving x unseen candidates, where x <= € - K, we append them
after the first K — x generated candidates to finalize the recommendation. We tune € on each

dataset and report the best results in Table 6.3.

6.4.5 SpecGR++ Training Details
6.5 Case Study: Guided Redrafting

From Table 6.3, guided re-drafting leverages the generative backbone to refine redrafted
candidates, enhancing overall performance. To analyze its mechanism and impact, we conduct
a case study under a fixed threshold (y = —1.4). First, Table 6.7 reports the comparison of
acceptance rate per decoding step between naive drafting (w/o) and guided re-drafting (w).
Under a strict threshold, we can see that the step-1 acceptance rate is low, highlighting the need
for re-drafting. Guided re-drafting consistently increases the number of accepted items in later
steps, improving verification efficiency. Furthermore, Table 6.8 presents the impact of guided
re-drafting on overall and subset-specific performance under a fixed threshold. As shown, guided

re-drafting yields improvements across all categories, particularly in the unseen subset, where
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Table 6.7. Acceptance rate (%) per decoding step with and without guided re-drafting when
Yy=-14.

Step 1 2 3 4

w/o 1034 593 425 2.63
w 1034 6.62 5.51 5.75

Table 6.8. Performance comparison with and without guided re-drafting when y = —1.4.

Overall Unseen In-Sample
R@50 N@50 R@50 N@50 R@50 N@50

w/o 0.0702 0.0218 0.0288 0.0076 0.1331 0.0434
w  0.0721 0.0223 0.0317 0.0082 0.1333 0.0436

recall and NDCG scores rise by approximately 10%. This validates that leveraging redrafted

tokens to constrain the drafting scope results in higher-quality candidates in subsequent steps.

6.6 Ablation: Comparison with Ensemble Methods

We compare SpecGRa,x with ensemble-based variants combining GR and modality-
based models, as shown in Table 6.9. The Score-based Ensemble linearly combines TIGER’s
likelihood scores and UniSRec’s ranking scores. The Ranking-based Ensemble averages item
ranking positions from both models to mitigate score scale mismatches. The 2-Stage Ensemble
selects top-K items using UniSRec and re-ranks them with TIGER’s scores. All ensemble
methods have unseen performance bounded by the two base models, TIGER and UniSRec, since
simple score aggregation or re-ranking does not introduce inductive capabilities. In contrast,
SpecGR uses guided re-drafting to effectively leverage the backbone’s modeling capability for
enhancing unseen candidates’ quality. The results illustrate the effectiveness of the proposed

SpecGR methods.
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Table 6.9. Performance comparison of SpecGR 5ux (UniSRec drafter) against ensemble variants.
The best and second-best scores are bolded and underlined.

Overall Unseen In-Sample

Model

R@50 N@50 R@50 N@50 R@50 N@50

Single Model
TIGER 0.0584 0.0193 - - 0.1472  0.0486
UniSRec 0.0621 0.0200 0.0118 0.0029 0.1386 0.0461
Ensemble Method

Score-based 0.0571 0.0191 0.0050 0.0009 0.1333 0.0456
Ranking-based 0.0678 0.0218 0.0056 0.0011 0.1624 0.0532
2-Stage 0.0621 0.0205 0.0118 0.0026 0.1386 0.0477

SpecGR (UniSRec) 0.0778 0.0239 0.0312 0.0096 0.1485 0.0457

6.7 Inference Speed Acceleration

Generative recommendation (GR) models rely on autoregressive next-token generation,
which incurs high inference latency. SpecGR addresses this by employing speculative retrieval-
based drafting, where candidate items proposed by the drafter can be efficiently verified by the

GR verifier, significantly reducing the number of required autoregressive decoding steps.

6.7.1 Drafting and Verification Latency

To clearly illustrate SpecGR’s efficiency, we report detailed inference latency results
(in seconds) separated into drafting (D) and verification (V) stages across various draft sizes.
As shown in Table 6.10, SpecGR++ achieves remarkably low drafting latency due to its effi-
cient encoder-based drafting mechanism, demonstrating significant overall speed improvements

compared to TIGER.

Table 6.10. Empirical inference latency (seconds) across drafting (D) and verification (V) stages.

Draft Size 20 (D/V) 50 (D/V) 100 (D/V)
SpecGR (UniSRec) 0.0110/0.0261 0.0112/0.0249 0.0112/0.0227
SpecGR++ 0.0003/0.0261 0.0003 /0.0249 0.0003 / 0.0235
TIGER - /0.0403 -/0.0403 -/0.0403
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Figure 6.4. Inference speed acceleration factor w.r.t. different numbers of semantic ID digits.

6.7.2 Acceleration w.r.t. Generation Length

We analyze how SpecGR reduces inference latency as the generation length increases.
Specifically, we illustrate the acceleration factor w.r.t. the number of digits in semantic IDs. We
train SpecGR++ with a TIGER backbone across different semantic ID lengths (ranging from 2
to 16 digits) and report the acceleration factor relative to the TIGER baseline. The acceleration
factor is defined as the inverse ratio of inference time. As shown in Figure 6.4, in standard GR
settings with 4-digit semantic IDs, SpecGR achieves a 1.7 x inference speedup while maintaining
strong overall performance (see the Experiments section). Moreover, longer semantic IDs lead

to even higher acceleration as fewer decoding steps are needed per item.

6.7.3 Theoretical Time Complexity

We further analyze the expected time complexity of SpecGR, where each item is repre-
sented by / semantic tokens. Let K be the number of items to recommend, 9 the draft size per
iteration, and p the acceptance probability of a drafted item. We denote the runtime for a single
forward pass in the GR encoder and decoder as C,,,coqer and Cjeocoder, respectively. A standard

GR model (e.g., TIGER) must decode all / tokens for K beams, yielding a complexity:

COStTIGER = ﬁ(Cencoder +1- Cdecoder)~
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For SpecGR, inductive drafting requires one forward pass and a KNN search, denoted as Cyyq ;.
Verification and beam search happen in parallel with a cost of Cj,¢oqer per iteration. The expected

number of iterations to obtain K valid recommendations is bounded by:

=06 (5—’;) < o).

Thus, SpecGR’s expected time complexity is:

COStSpCCGR = ﬁ(cdraft + Cencoder + T - Cdecoder>7

with an expected acceleration factor:

Cencoder +1- Cdecader

X .
Cdraft + Cencoder + 5p’ Cdecoder

6.7.4 Empirical Acceptance Rates and Speedup

We empirically measure the acceptance probability p for various drafting methods and
report their corresponding acceleration factors in Table 6.11. For the SemanticKNN drafter,
item sequences are encoded using mean text embeddings from the most recent five items, and
top-K items are retrieved via KNN search. Across all methods, SpecGR consistently outperforms
traditional GR models.

Table 6.11. Empirically measured acceptance rate p and expected acceleration factor for different
drafters at y = —1.4.

Drafter Acceptance Rate (p) Acceleration Factor
SpecGR++ Encoder 0.44 1.72
UniSRec 0.35 1.38
SemanticKNN 0.20 1.11
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6.7.5 Scalability Analysis

SpecGR exhibits favorable scalability in multiple dimensions compared to traditional

GR models:

* Model Size. As the GR model scales, assuming Cecoder = Caecoder» SPecGR maintains a

constant acceleration factor ét& T

op

demonstrating robust scalability.

* Semantic ID Length. The acceleration factor grows linearly as the semantic ID length
increases, i.e., & <157p>, highlighting SpecGR’s advantage in scenarios requiring long

sequences, as quantitatively shown in Figure 6.4.

6.8 Additional Further Analysis

We briefly discuss SpecGR’s capabilities compared to traditional methods. Leveraging
the draft-then-verify framework, SpecGR seamlessly integrates into diverse recommendation
scenarios, adapting to dynamic needs (Table 6.13). For instance, when deployed as a ranker
model, it exploits autoregressive generation for efficient subset ranking. Additionally, its tunable
hyperparameters enable real-time controllable inductive ability and controllable inference speed.

See the section Other New Capabilities for broader implications.

6.8.1 Subset Ranking

In this section, we assess new capability of SpecGR in efficient subset ranking com-
pared to traditional subset ranking methods for GR models. Since most deep learning-based
recommendation methods unavoidably introduce high latency, they are typically used as ranking
models rather than retrieval models [34, 89]. In the subset ranking setting, the model of interest
is applied as a ranker to rank a given subset of items (., C .#,|.%,| < |.#]). Subset ranking
is out-of-the-box for traditional sequential recommendation models by selecting a subset of

candiates when performing KNN search. However, for generative recommendation models,
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subset ranking presents a challenge as they inherently recommend items by searching for the top

K decoding paths across the entire item space.

Batch scoring (BS)

A simple approach to address this is through batch scoring, which involves splitting the
item subset into fixed-size batches and scoring them consecutively with the generative model.
However, this method grows linearly with batch size and is impractical for large subsets, as

shown in Figure 6.5.

Constrained beam search (CBS)

An enhanced method is to use constrained beam search [3, 168, 38]. Constrained beam
search constructs a trie using all allowed prefixes to restrict the search space at each decoding step.
However, this approach introduces significant computational overhead. The time complexity
for CBS is (T - ny, - ZC), where T is the sequence length, n; is the beam size, and C is the
number of constraints [24]. The large computational overhead and exponential growth with the
number of constraints makes it inefficient for large-scale ranking tasks, as shown quantitatively

in Figure 6.5.

SpecGR for subset ranking

SpecGR effectively addresses this issue by restricting the drafter model’s range to a
specified subset. This ensures that all recommendations originate from within the subset. As
demonstrated in Figure 6.5, SpecGR achieves a 3.5 x speedup for subset sizes < 10* compared
to TIGER with constrained beam search (denoted as CBS). Moreover, SpecGR maintains a time
complexity that is bounded by its full ranking complexity as the retrieval size increases, making

it a highly efficient solution for subset ranking tasks.

6.8.2 Other New Capabilities

As a direct impact of the adjustable hyperparameters analyzed in the Experiments section,

SpecGR possesses two other new capabilities: controllable inductive ability and controllable
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Figure 6.5. (Left) Inference latency comparison for subset ranking. Both x- and y-axis use log
scale. (Right) Acceptance rate comparison for different drafting strategies.

Table 6.12. Comparison of different models based on parameter efficiency and training time.

Trainable (M) Non-trainable Training Time
Model M) (h)
Total Non-emb Emb
SASRecp 7.24 0.10 7.13 0 3.6
UniSRec 2.90 2.90 0 85.62 18.3
Recformer 233.73 106.32  127.41 0 226.0
TIGER 13.26 13.11 0.15 0 16.2
TIGER 13.26 13.11 0.15 0 16.2
SpecGRaux  16.16 16.02 0.15 85.62 34.5
SpecGR++  13.28 13.13 0.15 14.27 42.8

inference speed.

Controllable inductive ability allows platforms to dynamically adjust their recommendation

strategy based on seasonal demand, favoring new items during certain periods while prioritizing

established products at others. For instance, e-commerce platforms could increase the inductive

ability of SpecGR to promote new items, and reduce it during clearance sales.

Controllable inference speed enables platforms to trade off model performance for faster

inference speed during high-traffic periods, ensuring responsive user experiences.
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Table 6.13. Comparison of SpecGR against existing models across different scenarios and model
capabilities.

Model Recommendation Scenario Model Capability
Efficient Inductive Autoregressive Controllable Controllable
Subset Ranking Recommendation Generation Inductive Ability Inference Speed

SASRecip 4 X X X X
UniSRec v v X X X
Recformer 4 4 X X X
TIGER X X 4 X X
TIGER( X v v v X
SpecGR 4y v v v v v
SpecGR++ 4 4 4 v 4

In summary, as shown in Table 6.13, SpecGR inherits the architecture of generative
recommendation, allowing effective scaling on large datasets. It also extends high performance
and low inference speed to broader real-life recommendation settings, adapting to specific data

characteristics and recommendation needs.

6.9 Further discussion on SpecGR++ Architecture

SpecGR++ utilizes its encoder as the self-drafter, effectively eliminating the need for
maintaining a separate draft model for drafting, resulting in a more integrated method during
inference. In this section, we will study the additional advantages of the SpecGR++ compared to

the SpecGR with an auxiliary model.

6.9.1 Parameter Efficiency and Speed

First, SpecGR++ uses intermediate encoder outputs for drafting, resulting in nearly
no additional computational cost and parameter sizes compared to GR. We report the total
number of parameters and training time required for different methods in Table 6.12. As we
can see, SpecGR inherents GR’s advantages for scaling for the larger dataset as it assigns most
of the parameters into non-embedding layers. Due to the additional embedding training tasks,

SpecGR++ training time is slightly longer than training a drafter model and TIGER, and is 2.6x
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more GPU hours than training a TIGER. However, we believe that it is worthwhile to consider
the acceleration during inference time. We’ve also provided a distributed training implementation

in the released code.

6.9.2 Unified Representation Space

Because both the drafter and verifier use the encoder’s representation, we observe a
higher acceptance rate for the self-drafter compared to drafting with auxiliary models. This leads
to better recommendation efficiency, where less decoding step is required.

Notably, we also observe a slight increase in generative performance after SpecGR++
pretraining compared to generation-only training (e.g., TIGER). Recent studies have shown
similar results, indicating that with a unified representation space, a model can maintain high
performance in both generative and embedding tasks in NLP [155]. Our study further confirms
that generation and representation are not conflicting tasks in the recommendation setting but
rather two complementary approaches to solving the same problem. We look forward to seeing
future research in recommendation systems that explores the unification and overlap between

generative recommendation and representational recommendation.

6.10 Conclusion

In this chapter, we propose SpecGR, a plug-and-play framework that extends the capabil-
ity of generative recommendation models for inductive recommendation. Our method, inspired
by speculative decoding, leverages an inductive model as a drafter to propose candidate items
and uses the GR model as a verifier to ensure that only high-quality candidates are recommended.
We further propose two drafting strategies: (1) using an auxiliary model for flexibility, and (2)
using the GR model’s own encoder for parameter-efficient self-drafting. Extensive experiments
on three public datasets demonstrate strong inductive and overall recommendation performance
for SpecGR.

Chapter 6, in part, is a reprint of the material as it appears in “Inductive Generative
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Recommendation via Retrieval-Based Speculation.” by Yijie Ding, Jiacheng Li, Julian McAuley,
and Yupeng Hou, in Proceedings of the AAAI Conference on Artificial Intelligence in 2026,

referenced as [46]. The dissertation author was the primary investigator and author of this paper.
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Chapter 7

Expressiveness Limits of Autoregressive
Semantic ID Generation in Generative
Recommendation

After Chapter 6 extends generative recommendation to new-item recommendation, this
chapter examines a limitation that arises from the autoregressive decoding process itself.

Generative recommendation (GR) models generate items by autoregressively producing
a sequence of discrete tokens that jointly index the target item. However, this autoregressive gen-
eration process also induces a structured decoding space whose impact on model expressiveness
remains underexplored. Specifically, token-by-token generation can be viewed as traversing a
decoding tree induced by semantic ID tokens, where leaf nodes correspond to candidate items.
We observe that the item probabilities produced by GR models are strongly correlated with
this tree structure: items that are close in the tree tend to receive similar probabilities for any
given user, making it difficult to distinguish among them based on user-specific preferences.
We further show theoretically that such structural correlations prevent GR models from repre-
senting even simple patterns that can be well captured by conventional collaborative filtering
models. To mitigate this issue, we propose Latte, a simple modification that injects a latent
token before each semantic ID, reshaping the decoding space from a single tree into multiple
latent-token-conditioned trees. This design creates multiple paths with varying tree distances

between items, relaxing tree-induced probability coupling and yielding an average of 3.45%
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relative improvement on NDCG@10.!

7.1 Introduction

Generative recommendation (GR) [174, 290, 41, 76] tokenizes items as sequences of
discrete tokens (semantic IDs or SIDs [204, 228, 174]). Unlike traditional models that score user-
item preferences via representation similarity [82, 108], GR models autoregressively generate
SID tokens, scoring an item as the product of its tokens’ conditional probabilities. While
existing research has largely focused on improving how items are tokenized [220, 302, 91], the
autoregressive generation process itself is often taken for granted, despite directly determining
how item scores are composed and constrained.

In this chapter, we take the first step towards understanding the expressive power of this
autoregressive token generation process of GR models. Specifically, we investigate whether
there exist specific user-item preference patterns that GR models struggle to express. Note that
when calculating the probability of an item (i.e., a sequence of tokens), items sharing the same
initial tokens also share common terms in the probability calculation, leading to correlated item
probabilities. This motivates us to formulate a decoding tree view of the autoregressive process,
where generating a token corresponds to traversing one level down the tree, and each leaf node
represents a candidate item (with the path corresponding to a valid semantic ID). Based on this
formulation, we investigate the relationship between learned item probabilities and the decoding
tree structure.

Through empirical analysis, we find that if two items have a short distance in the decoding
tree (i.e., they share a long prefix), their predicted probabilities are strongly correlated for any
given user. Intuitively, this implies that if a GR model predicts Alice prefers item A over item B
(where A and B are close in the tree), it is highly likely to predict that Bob also prefers A over B.
This contradicts the fundamental assumption of personalized recommendation that preferences

should be user-specific. Driven by this observation, we theoretically demonstrate that there

'Our code is available at https:/github.com/hyp1231/Latte.
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Figure 7.1. Illustration of the expressive limitations induced by autoregressive SID generation.
(a) Generating a SID can be viewed as traversing a decoding tree, where items sharing longer
prefixes have shorter tree distances and tend to receive highly correlated generation probabilities.
(b) shows that GR tends to assign consistent relative preference scores across users, while (c)
shows that the tree structure can force two items to be similar even when their true similarity is
low.

exist simple user-item preference patterns (Section 7.3.3) and item-item similarity relationships
(Section 7.3.4) that GR models struggle to represent, thereby limiting their expressive power.

To alleviate this issue, we propose Latte, a simple yet effective modification to the
standard SID generation approach. We introduce a small set of additional tokens, named latent
tokens. During training, we inject a randomly sampled latent token before the target semantic
ID. The concatenated sequence then serves as the new optimization target. This modification
effectively reshapes the decoding structure from a single universal tree to multiple trees rooted at
a shared hyper-root, where the second level corresponds to the latent tokens. This design enables
multiple paths with varying tree distances between any pair of items, thus relaxing the strong
correlation between tree structure and item probabilities in existing GR models. Experiments on
benchmarks validate the effectiveness of the proposed method, leading to an average of 3.45%
relative improvement on NDCG@10.

Finally, we provide a further exploration of binding latent tokens with inductive biases.
Specifically, in a multimodal scenario where each token corresponds to a modality of item
features, we bind each latent token to a specific permutation of the semantic ID. Empirically, we
show that latent tokens associated with better-performing permutations indeed receive higher

selection frequency, leading to improved overall recommendation performance.
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7.2 Preliminaries

Semantic ID.
A SID refers to a sequence of discrete tokens that jointly index an item. Formally, a SID
can be represented as a tuple (c(l) 2 ,c(’”)), where m denotes the length of the SID. Each

token c(/) is selected from a compact vocabulary %/ of size M that is shared across all items.

Generative recommendation.

GR models aim to predict the next item i; with which a user will interact, given the
historical interaction sequence (iy,iy,...,i;—1). In this framework, each item is tokenized into
its corresponding semantic ID. Formally, given the semantic IDs for historical interactions
u= (cgl), .. ,ct(T% ), the model is trained to generate the target semantic ID (ct(l) , ct(z), ... ,c,(m))

in a token-by-token manner. Therefore, the user-item preference score is often defined as the

joint probability of generating the target Semantic ID:
. ' 1 i—1
Pl [u) =TT Ple” [ ef el ™), (7.1)

7.3 Limitations of Autoregressive SID Generation

In this section, we analyze the expressive limitations of the autoregressive semantic ID
generation process in generative recommendation models. We first formulate the generation
process as a tree traversal procedure in Section 7.3.1. Next, we empirically demonstrate a strong
correlation between the decoding tree structure and item generation probabilities in Section 7.3.2.
Based on these observations, we provide a theoretical analysis showing that such structural
correlations constrain the expressive power of generative recommendation (GR) models, causing
them to struggle with expressing specific patterns of user-item preferences (Section 7.3.3) and

item-item similarities (Section 7.3.4).
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Figure 7.2. Correlation between tree distance and item generation probability similarity.

7.3.1 Generation as Tree Traversal

Generative recommendation models predict the next item by autoregressively generating
a sequence of semantic ID tokens. We can formulate this generation process as traversal along a

decoding tree induced by the set of valid semantic IDs. We define the decoding tree as follows:

Definition 7.3.1 (Decoding Tree). Let .7 be a decoding tree of depth m formed by all valid
semantic IDs. The root represents the empty sequence, and each node at depth j corresponds to
a unique prefix (c(l), el )). An edge connects a node to its child if the child’s prefix extends

the parent’s by one valid token. Consequently, each leaf node uniquely represents an item.

Under this formulation, the autoregressive generation of a semantic ID is equivalent to
traversing from the root to a leaf node in the decoding tree. We adopt this perspective because it

links the number of shared prefix tokens between two items to a well-defined distance metric:

Definition 7.3.2 (Tree Distance). Consider two items i and i’ with semantic IDs (c(l), - ,c(m))
and (¢/ M ... (m)), respectively. Let k& denote the length of the longest common prefix shared by
these IDs. The tree distance between i and i’ is defined as d 7 (i,i") = 2(m — k), which corresponds

to the number of edges on the unique path connecting the corresponding leaf nodes in .7

7.3.2 Tree Distance vs. Item Generation Probability
Motivation.
Based on Equation (7.1), consider two items i and i’ with a tree distance of 2(m — k),

implying they share a prefix of length k. The item generation probabilities can be factored as
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follows:

P(l | I/t) = HI;ZI]P(C(J) | C(l),. . 7c(jfl)’u)
T B9 e U ), (7.2)
P(i | u) = Hljlep(cl(j) 1/ U )

. ’]’(l:k+1]ID(C/(j) | cl(l),__‘7cl(j_l)’u)7 (73)

where ¢/) = /) for all j < k (the shared prefix). The highlighted terms in Equations (7.2)
and (7.3) are identical, as they depend solely on the common prefix. This factorization suggests
that items with smaller tree distances (longer shared prefixes) will likely exhibit more similar

generation probabilities, largely independent of the user’s preference.

Empirical validation.

To validate this hypothesis, we compare TIGER [174], a representative GR model, with
SASRec [108], a standard item ID-based model, across three public datasets (detailed settings
are provided in Section 7.5.1). We uniformly sample 1,024 pairs of items across varying tree
distances ({2,4,6,8}). For each pair (i,i’), we randomly sample 512 users {uy }312, compute the

generation probabilities P(i | ux) and P(i" | uy) for each sampled user, and calculate the Pearson

correlation coefficient between these two probability sequences.

Correlation analysis.

The empirical results demonstrate that item generation probabilities are highly correlated
when items are close in the decoding tree. Furthermore, the strength of this correlation increases
monotonically as tree distance decreases. For instance, we observe a Pearson correlation of
~ 1.0 for items with a tree distance of 2, which drops to > 0.8 for a distance of 4. Formally, we

encode this observation into the following assumption for our theoretical analysis:

Assumption 7.3.3. For any pair of items i and 7, let p(i,i’) denote the Pearson correlation

coefficient between their generation probabilities P(i | u) and P(i’ | u) across the user population.
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We assume that for any threshold 8, the probability P(p(i,i') > &) is monotonically decreasing

w.r.t. the tree distance d & (i,7').
7.3.3 Limitation on User-Item Preference Modeling

In this section, we analyze how the structural property observed in Section 7.3.2 constrains
the model’s ability to express diverse user-item preference patterns. We intuitively formulate the

limitation as the inability to express rank reversals between items that are close in the tree.

Rank reversals.
Let u and u’' be two independent users drawn from the population %/. We define the
rank reversal event Z(i,i’) for a pair of items i and i’ as the scenario where users have opposite

relative preferences:

R(i,i") 2{P(i | u) > P> |u) AP(i |u') <P | )}

U{P(i|u) <P |u) AP(i| o) >P(i" | u)}. (7.4)

Rank reversals are essential for personalized recommendation; without them, the relative order of
i and i’ would be identical for all users, reducing to a non-personalized ranking. Specifically, we
have the following theorem bounding the probability of rank reversals based on the correlation

of generation probabilities.

Theorem 7.3.4 (Correlation Suppresses Rank Reversals). Let 62 denote the variance of the gen-
eration probabilities (assumed equal for i and i, see Section 7.8). The rank reversal probability

is bounded by:

. 462(1—p(i,i))
P(%(i,1)) < 2120201 p i) (7.5)

where L = |E[P(i | u) —P(i' | u)]| is the expected difference in generation probabilities and

p(i,i’) is the correlation defined in Theorem 7.3.3.

A detailed proof is provided in Section 7.8.
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Implication.

Theorem 7.3.4 implies that as p(i,i’) — 1, the rank-reversal probability P(Z(i,i’)) — 0.
Combining with Theorem 7.3.3, we conclude that for items with small tree distance d & (i,1'),
GR is structurally constrained to assign similar relative ranking of i and i’ across all users. This

limits the model’s ability to capture users whose preferences diverge from the majority trend.

7.3.4 Limitation on Item-Item Similarity Modeling

Beyond user-item preferences, a powerful recommender system should also capture com-

plex item-item similarities. To analyze this, we adopt a collaborative filtering view [182, 184],
where item-item similarity is induced by the inner product of the user-item preference matrices.
A critical property of such similarity in real-world scenarios is that it is not necessarily transitive.
Consider a scenario with three items and two user groups G4 and Gp:

e Item i: Preferred by G4.

e Item i: Preferred by both G4 and Gp.

e Item i3: Preferred by Gp.
In this case, a flexible model should capture that i; is similar to i, (co-preferred by G4) and i,
is similar to i3 (co-preferred by Gp), while simultaneously reflecting that i; and i3 are dissim-
ilar (disjoint user base). However, the strong correlation between the tree structure and item
generation probabilities identified in Section 7.3.2 hinders the model’s ability to represent such

intransitive similarity relationships. We formalize this limitation in the following theorem:

Theorem 7.3.5 (Forced Transitivity). Based on Assumption 7.3.3, suppose high similarity
(correlation > t) implies small tree distance d 7 < 8, and conversely d 7 < & implies correlation
> 1. Then, if the model captures similarities for both (iy,iy) and (iz,i3) (correlation > T), it is
structurally forced to assign correlation > 7T to (iy,i3), preventing the representation of their

dissimilarity.
A detailed proof is provided in Section 7.9.
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Implication.

The proof leverages the fact that the tree distance d o satisfies the ultrametric inequality:
dz(i1,i3) < max(dy(i1,iz),d7(i2,i3)). This structural property implies that items sharing
common similar neighbors in the decoding tree are forced to be close to each other. Consequently,
generative recommendation models may struggle to distinguish items that are locally similar to
the same set of items but distinct from each other (e.g., sharing different features or preferred by

different user groups), effectively limiting the model’s expressiveness.

7.4 Alleviating Expressive Limits

Having analyzed the expressive limitations of standard autoregressive semantic ID gener-
ation in GR, we now present Latte (Figure 7.3), a simple yet effective modification designed to
relax the constraints imposed by the decoding tree structure and enhance model expressiveness.
The core idea is to condition the model to predict an additional latent token prior to generating the
semantic ID tokens. This effectively introduces a super-root node that connects multiple copies
of the original decoding trees, allowing for multiple paths with varying tree distances between
any pair of items (leaf nodes of the decoding tree). Below, we detail the training (Section 7.4.1)
and inference (Section 7.4.2) processes of Latte, and discuss how this straightforward adjustment

improves the expressive power of GR models (Section 7.4.3).
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7.4.1 Training: Sampling Latent Tokens

Latte uses a small set of additional discrete tokens, termed latent tokens, denoted as ¥ =
{€1,02,...,0y}, where M' < M represents the number of latent tokens. During training, for each
target semantic ID (ct(l) , ct(z), e ,c,(m)), we randomly sample a latent token ¢ € . and prepend it
to the semantic ID, thereby creating an augmented target sequence (¢, c,(l) , c,(z), . ,ct(m) ). The GR

model is then trained to generate this augmented sequence autoregressively using the standard

next-token prediction loss.

7.4.2 Inference: Generating Latent Tokens

At inference time, we impose no constraints on the selection of latent tokens. Instead, we
allow the model to generate autoregressively, initiating generation with a latent token followed

by the semantic ID tokens. Consequently, the user-item preference score is reformulated as:

P(i, | u) = Agg (W |u)-TTP(c | e,cf‘”’“%u)) 7
j=1

e’

where Agg denotes the aggregation operator, which can be instantiated via operations such as
summation (sum) or maximization (max). In practice, following prior work [174, 290], we

employ beam search during inference to efficiently approximate this aggregation.

7.4.3 Improved Expressive Power via Latent Tokens

The analysis in Section 7.3 demonstrates that the fixed tree distance d # enforces a high
correlation between the generation probabilities of structurally close items. Latte effectively
alleviates this limitation by introducing latent tokens ., thereby expanding the single decoding
tree into a forest of |.Z| trees. This structural modification enables dynamic distances between

items.

151



Dynamic tree distance.

In standard GR, tree distance d # (i,i') remains constant. In contrast, Latte employs an
aggregation operation (e.g., Agg = max) that allows the generation process for a user u to select a
specific latent path. Let £* (i,u) = argmax,P(¢ | u)P(i | £,u) denote the dominant latent token for
generating item i given user u. The “effective” structural distance between i and i’ thus becomes

context-dependent:

s weaw =6,
dege(i,15u) = (7.6)

2m+1) if 05 (i,u) # 0, u).

By assigning distinct latent tokens to items, the model can significantly increase the effective
distance. This implies that the probability computations for structurally close items diverge at an
earlier stage (see Equations (7.2) and (7.3)). This capability enables the model to reflect lower
correlations even for items with similar SIDs (empirically validated in Section 7.5.3). Proof can

be found in Section 7.9.4.

7.5 Experiments

7.5.1 Experimental Setup
Datasets.

Following previous works [131, 291], we conduct experiments on three categories of
the Amazon Reviews 2023 dataset [95]: Instruments, Scientific, and Games. Each user’s
review history is grouped into a single sequence and sorted chronologically. We adopt the widely
used leave-one-out strategy [108, 174] for data splitting, using the most recent interaction for
testing, the second most recent for validation, and the remainder for training. Data statistics are

summarized in Table 7.7.
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Table 7.1. Performance comparisons between different methods and the proposed method Latte.
The best and second-best results are highlighted in bold and underlined font, respectively. “A”
indicates the performance gain of Latte over the best baseline. “*”” denotes statistically significant
improvements (p < 0.05) over the best baseline according to a paired t-test.

Instrument Scientific Game
R@5 R@I0 N@5 N@10 R@5 R@I10 N@5 N@10 R@5 R@I10 N@5 N@I10

GRU4Rec  0.0324 0.0501 0.0209 0.0266 0.0202 0.0338 0.0129 0.0173 0.0499 0.0799 0.0320 0.0416
BERT4Rec 0.0307 0.0485 0.0195 0.0252 0.0186 0.0296 0.0119 0.0155 0.0460 0.0735 0.0298 0.0386
SASRec  0.0333 0.0523 0.0213 0.0274 0.0259 0.0412 0.0150 0.0199 0.0535 0.0847 0.0331 0.0438
FMLP-Rec 0.0339 0.0536 0.0218 0.0282 0.0269 0.0422 0.0155 0.0204 0.0528 0.0857 0.0338 0.0444
HSTU 0.0343 0.0577 0.0191 0.0271 0.0271 0.0429 0.0147 0.0198 0.0578 0.0903 0.0334 0.0442
FDSA 0.0347 0.0545 0.0230 0.0293 0.0262 0.0421 0.0169 0.0213 0.0544 0.0852 0.0361 0.0448
S3-Rec 0.0317 0.0496 0.0199 0.0257 0.0263 0.0418 0.0171 0.0219 0.0485 0.0769 0.0315 0.0406
TIGER 0.0370 0.0564 0.0244 0.0306 0.0264 0.0422 0.0175 0.0226 0.0559 0.0868 0.0366 0.0467
LETTER  0.0372 0.0580 0.0246 0.0313 0.0279 0.0435 0.0182 0.0232 0.0563 0.0877 0.0372 0.0473
ActionPiece 0.0383 0.0615 0.0243 0.0318 0.0284 0.0452 0.0182 0.0236 0.0591 0.0927 0.0382 0.0490

Methods

PSID 0.0390 0.0602 0.0256 0.0325 0.0278 0.0445 0.0181 0.0235 0.0599 0.0939 0.0391 0.0500
Latte 0.0401* 0.0618 0.0261* 0.0331* 0.0304° 0.0470* 0.0196" 0.0249* 0.0618* 0.0958" 0.0406* 0.0515"
A +2.82% +0.49% +1.95% +1.85% +7.04% +3.98% +7.69% +5.51% +3.17% +2.02% +3.84% +3.00%

Evaluation details.
We adopt PSID [278] with RQ-Kmeans [106] item tokenization as our base model. Please

refer to Section 7.10 for detailed implementation and evaluation settings.

7.5.2 Main Results

We compare the proposed Latte method with all baselines in Table 7.1. From the results,
we can see that Latte consistently outperforms its base model, PSID, and all other baselines across
all datasets and metrics. Specifically, Latte achieves an average of 3.45% relative improvement on
NDCG @10 with only one simple modification, i.e., generating an additional latent token before

semantic IDs, demonstrating the effectiveness of relaxing the constraints discussed in Section 7.3.

7.5.3 Tree-Structure Correlation Analysis

To quantitatively compare structural constraints across different models, we analyze the
association between the decoding tree structure and the item probabilities. Specifically, we

adopt the definition of item-item similarity introduced in Section 7.3.2, defined as the Pearson
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Table 7.2. Kendall’s rank correlation between tree distance and item-item similarity. Bold
numbers indicate the fewest constraints.

Model Instruments (1) Scientific (1) Games (1)

TIGER -0.7170 -0.6137 -0.6462
PSID -0.6225 -0.4611 -0.6072
Latte -0.6030 -0.4451 -0.5958

correlation of item generation probabilities across the sampled user population. Since tree
distances typically take only a few values (e.g., {2,4,6,8}), we employ Kendall’s rank correlation
coefficient [110] for this measurement. This metric is more robust for evaluating monotonic
associations between ranked variables. A stronger association (approaching —1 or 1) implies
that item similarities are heavily dominated by the decoding tree structure. Conversely, a value
closer to 0 is desirable, as it indicates the model’s capacity to learn flexible item relationships
that are not strictly bound by the underlying tree structure.

As shown in Table 7.2, Latte consistently achieves lower absolute Kendall correlation
values compared to its base model, PSID, while using the exact same semantic IDs. This suggests
that generating an additional latent token effectively relaxes the structural constraints imposed by
the decoding tree. Notably, there is a large numerical gap between TIGER and PSID, which may
be attributed to TIGER’s greater tree depth (4 vs. 3). However, because these two models use
different sets of semantic IDs, they are not directly comparable. We include the TIGER results
as a reference only; how to fairly compare structural constraints across models with different

semantic IDs remains an open research question.

7.5.4 In-Depth Analysis

Performance w.r.t. Item Tokenization Method

To investigate the generalizability of Latte across different item tokenization strategies, we
conduct experiments using three representative tokenizers: OPQ [88, 17, 90], RQ-VAE [174, 220,
302, 291], and RQ-KMeans [106, 41]. As shown in Table 7.3, Latte consistently outperforms

the base model PSID across all tokenization methods and datasets. This result demonstrates
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Table 7.3. Performance comparison across different tokenization methods (NDCG@10). A de-
notes Latte’s relative improvement over the base model PSID. All improvements are statistically
significant (p < 0.05) according to the paired t-test.

Tokenization Model Instruments Scientific  Games

PSID 0.0313 0.0232 0.0478
OoPQ Latte 0.0318 0.0235 0.0493
A +1.68% +1.37%  +3.24%

PSID 0.0325 0.0241 0.0490
RQ-VAE Latte 0.0331 0.0247 0.0502
A +2.02% +2.76%  +2.55%

PSID 0.0325 0.0235 0.0500
RQ-KMeans Latte 0.0331 0.0249 0.0515
A +2.02% +5.90%  +3.11%

Table 7.4. Performance comparison of different aggregation methods (NDCG @ 10).

Aggregation Method Instruments Scientific ~ Games

PSID 0.032462  0.023531 0.049994
Latte (Agg = sum) 0.033134  0.024301 0.051476
Latte (Agg = max) 0.033114  0.024920 0.051547

the broad applicability of our proposed method. Interestingly, while the base model performs
best when paired with RQ-VAE, the introduction of latent tokens allows RQ-KMeans to achieve
superior performance. We hypothesize that tokenizers not heavily optimized for the target
corpus, such as RQ-KMeans, which lacks the end-to-end training of RQ-VAE, may offer greater

optimization headroom.
Performance w.r.t. Inference Aggregation Method

In Section 7.4.2, we introduced two aggregation methods for combining the scores of
generations associated with different latent tokens that point to the same target item: sum and
max. We compare their performance in Table 7.4. We observe that both aggregation methods
outperform the base model, while the performance difference between the two is relatively small.
These results demonstrate that both strategies are effective and that the choice of aggregation

method is robust.
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Figure 7.4. Analysis of model performance w.r.t. the number of latent tokens M’.

Performance w.r.t. Latent Token Vocabulary Size

We investigate the impact of latent token vocabulary size on model performance. Specifi-
cally, we tune the number of introduced latent tokens M’ € {0,1,2,4,8}, where 0 denotes the
base model PSID. As shown in Figure 7.4, we observe that introducing only one or two latent
tokens usually leads to a performance drop due to accumulated errors in latent token prediction.
However, when the vocabulary size increases to 4 and 8, the models outperform the base model.
Overall, these results suggest that a moderate number of latent tokens can effectively improve

model performance.

7.6 Incorporating Inductive Bias into Latent Tokens

In Section 7.4, we proposed generating latent tokens prior to semantic IDs to enhance
model expressiveness. While effective, these latent tokens are sampled uniformly at random
during training. In this section, we explore the possibility of anchoring latent tokens to specific

inductive biases.

7.6.1 Latent Tokens as SID Permutation Indicators

We consider a multimodal setting where each token corresponds to a specific modality
of item features. Existing works typically adopt a fixed modality order to organize an item’s

semantic IDs [48, 303, 269, 274], largely based on human heuristics. However, user preferences
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Table 7.5. Performance comparison on MPD dataset with different modality orders.

Method Recall@10 NDCG@10
Base: Fixed Modality Order

playlist — tag — metadata 0.1966 0.1266
playlist — metadata — tag 0.1972 0.1268
tag — playlist — metadata 0.1948 0.1255
tag — metadata — playlist 0.1939 0.1250
metadata — playlist — tag 0.1933 0.1247
metadata — tag — playlist 0.1942 0.1248
Ours: Dynamic Modality Ordering
Agg = max 0.2060 0.1335
Agg = sum 0.2107 0.1353

over different modalities may vary. In addition, identifying a globally optimal modality ordering
is non-trivial. While a straightforward approach would involve enumerating all possible per-
mutations and training separate models, such a strategy is computationally exhaustive. We are
therefore interested in whether latent tokens can enable the model to adaptively select modality
orders for different users, or alternatively, whether this mechanism can facilitate the discovery of
globally best orderings in a purely data-driven manner.

Specifically, we bind each latent token to a specific permutation of the SID sequence
(representing a unique ordering of modalities). During training, we continue to sample latent
tokens uniformly; however, each token now dictates a specific permutation of the SIDs. We
permute the SIDs accordingly before concatenating them with the latent token. During inference,
the model generates latent tokens autonomously, followed by the SIDs. The only modification
is that the generated SIDs are de-permuted back to their original order based on the preceding

latent token.
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Figure 7.5. Distribution of modality orders corresponding to the generated permutation tokens.

7.6.2 Experiments and Analysis
Dataset.

We evaluate our approach on the Million Playlist Dataset (MPD) [19]. Following prior
work [111], we filter out songs lacking tags or metadata and exclude playlists with fewer than

six songs. The dataset is split into training, validation, and test sets using an 8:1:1 ratio.

Data processing.

We incorporate three modalities: playlist, tag, and metadata. For the playlist modality,
we leverage collaborative information from song co-occurrences by training a Word2Vec-style
[151, 48] embedding model on the training set. For the remaining modalities, tags represent
categorical features (e.g., genre), while metadata comprises text-rich descriptions. For simplicity,
we follow Doh et al. (2025) [49] and extract embeddings using a pretrained text encoder [255].
Each embedding is clustered into 1,024 groups via k-means clustering, where the centroid indices
serve as the semantic ID tokens. Since there are three modalities, we maintain a latent token

vocabulary of size 3! = 6.

Results.
We compare our latent token-based method against six baseline models that utilize fixed

modality orders. As shown in Table 7.5, our method consistently outperforms all baselines,
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Table 7.6. Notations and explanations.

Notation Explanation
i, item, item at time ¢
(1,02, yi—1) historical interaction sequence
u user’s historical interactions represented as semantic IDs
cl) the j-th token in a semantic ID
(c(l) , c(z), el ,c(’")) semantic ID, a sequence of discrete tokens indexing an item
c,(lzj_1> Shorthand for the token sequence (ct(l) , ct(Z) yeen ,ct(j_l))
m the length (depth) of semantic IDs
&) vocabulary for the j-th position in semantic IDs
M size of the token vocabulary %'/
P(i; | u) probability of item i, given user history u
IP)(ct(j ) | c,(l), e ,c,(j - ,u) conditional probability of generating the j-th token
T decoding tree induced by valid semantic IDs
do(i,i") tree distance between item i and i’ in the decoding tree .7
p(i,i') Pearson correlation coefficient between generation probabilities of i and i’
c? Variance of item generation probability P(i | u) across users
R(i,1) Rank reversal event between items i and i’ (see Section 7.3.3)
u Expected difference in generation probabilities |E[P(i | u) — P(i’ | u)]|
M Number of latent tokens in Latte

demonstrating the effectiveness of introducing modality-order flexibility via latent tokens. In Fig-
ure 7.5, we observe that the model generates a non-uniform distribution of latent tokens. Notably,
the two most frequent permutations (both of which prioritize the playlist modality) correspond
to the best-performing fixed-order baselines in Table 7.5. This suggests that latent tokens with
inductive bias can automatically identify more effective modality sequences. Overall, these
results validate the potential of anchoring latent tokens to specific inductive biases. While the
permutation-based approach discussed here is a straightforward example, we believe many other

grounding strategies merit future exploration.

7.7 Notation

We summarize the notations used throughout the chapter in Table 7.6 for easy reference.
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Table 7.7. Statistics of the datasets. “Avg. ¢ denotes the average length of user interaction
sequences.

Dataset #Users #ltems #Interactions Avg. ¢t
Instruments 57,439 24,587 511,836 8.91
Scientific 50,985 25,848 412,947 8.10
Games 94,762 25,612 814,586 8.60

7.8 Proofs for Section 7.3.3 (User-Item Preference Limita-
tion)

In this section, we provide the detailed proofs for the claims made in Section 7.3.3

regarding the limitation of autoregressive SID generation in modeling diverse user preferences.

7.8.1 Formal Setup

Let u be a random user drawn from the user population % . For a fixed item pair (i,7’),

we consider the generation probabilities as random variables:
X2PGi|u), Y=2P({|u, D&EX-Y.

Let u £ E[D] be the expected difference in generation probability (e.g., reflecting global trend
difference) and p (i,i") £ Corr(X,Y) be the Pearson correlation coefficient between the generation
probabilities of i and i’ (as illustrated in Figure 7.2).

For two independent users u,u’ S , we define the rank reversal event Z(i,i') as the

event where the two users have opposite relative preferences for items i and i’. Formally:
R(i,i) 2 {]P’(i lu)>P( | u), P(i | o) <P | u’)} U {]P’(i lu) <P(i' |u), P(i | o) > P | u’)}.
In terms of the difference variable D, let D, = P(i | u) —P(i' | u) and D, = P(i | ') —P(/' | ).

Then %(i,i') = {D, > 0,D, <0}U{D, <0,D, > 0}.
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Assumption 7.8.1 (Comparable scale across users). For the fixed pair (i,i’), we assume the

variance of generation probabilities is comparable: Var(X) = Var(Y) = ¢ for some 62 > 0.

7.8.2 Proof of Rank Reversal Bound

Lemma 7.8.2 (Reversal probability decomposition). Under the independence of u and u’,
P(#(i,i")) =2P(D > 0)P(D <0).
Proof. By definition and independence:

P(%(i,i')) =P(D, > 0,D, <0)+P(D, <0,D, > 0)

=P(D, > 0)P(D, <0)+P(D, <0)P(D, >0).
Since u and «’ are i.i.d., D, and D,; are identically distributed as D. Thus,

P(%(i,i')) =2P(D > 0)P(D < 0).

Lemma 7.8.3 (Gap variance). Under Assumption 7.8.1, the variance of the gap D is:
Var(D) =267 (1 - p(i,i")).
Proof. Using Var(X) = Var(Y) = 62 and Cov(X,Y) = p(i,i') 6%, we have:

Var(D) = Var(X —Y) = Var(X )+ Var(Y) —2Cov(X,Y) =262 —2p(i,i')o* =26*(1—p(i,i')).
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Theorem 7.8.4 (High correlation implies few cross-user rank reversals). Under Assumption 7.8.1,

let u =E[D] and p = p(i,i'). Then:

40*(1-p)
u*+202(1-p)

P(2(i,i") <

Proof. From Lemma 7.8.2, P(#) =2P(D > 0)P(D < 0) < 2min{P(D > 0),P(D < 0)}. With-

out loss of generality, assume y > 0. Then P(D < 0) is the tail probability.

P(2(i,i")) <2P(D<0)=2P(D—p < —p).

By Cantelli’s inequality [13]:

Var(D)
P(D—pu<
D=k =—H) =Dy 12
Calculating the bound:
.. 2Var(D)
P ! — .
(#(.1) = Var(D) + p?

Substituting Var(D) = 26%(1 — p) from Lemma 7.8.3:

40*(1—p)
u*+202(1-p)

P(2(i,i") <

7.9 Proofs for Section 7.3.4 (Item-Item Similarity Limita-
tion)

In this section, we provide the theoretical justification for the limitation on item-item

similarity modeling discussed in Section 7.3.4.
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7.9.1 Tree Distance as an Ultrametric

Lemma 7.9.1 (Ultrametric inequality). The tree distance d 7 defined in Definition 7.3.2 satisfies

the ultrametric inequality. For any three items iy,iy,i3 € % :

dz(i1,i3) <max(dz(i1,i2),d7(i2,i3)). (7.7)

Proof. Let vi,v;,v3 be the leaf nodes corresponding to items iy, i, i3 in the decoding tree .7.

The tree distance d #(i,i") is determined by the depth of the lowest common ancestor (LCA) of

the two leaves. specifically, if the tree has depth m, then d & (i,i') = 2(m — depth(LCA(i,1"))).
Consider the computed LCAs for the pairs (i,i») and (i,i3). In any tree structure, the

path intersection property dictates that:

depth(LCA(i1,i3)) > min(depth(LCA(i},i)),depth(LCA(iz,i3))).

Substituting the distance definition into this inequality:

dolin Jo (i Jolin i
2(1”1— 17(l17l3))2min 2(7’)’!— <7(llul2))72(m_ 47(12713))
2 2 2
d(i1,i3) dz(iy,i2) dz(iz,i3)
_2TVLB) S
m 5 > m — max 5 , >
dz(iy,i3) dz(i1,i2) dz(iz,i3)
LB~ )
p  —mar > ' 2

Multiply by 2, we obtain:

dg(il,i3) <max(dz(i1,iz),d7(i2, i3)).
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7.9.2 Correlation and Item Similarity

Before proving the main theorem, we establish the connection between the Pearson
correlation coefficient p(i,i') and item-item similarity in collaborative filtering.

In collaborative filtering [182, 184], item-item similarity is commonly modeled as the
inner product of item representations derived from the user-item preference matrix. Let P €
RIIXI%] denote the matrix where entry P,, = P(i | u) represents the generation probability of
item i for user u. Each row P; . captures how different users respond to item .

The Pearson correlation coefficient between items i and ¢’ is defined as:

E, (P, —P) P, — P
p(i,i') = Corr(P;.,Py.) = ul(Piu = P) (Fru — B )]7
Gl'Gl'/

where P = E, [P;] is the mean generation probability and o; is the standard deviation. This

correlation coefficient is mathematically equivalent to the inner product of the normalized

P.—P Py.— P
p(i,i’>:< = >

preference vectors:

O; (037
This formulation reveals that high correlation p(i,i’) ~ 1 indicates that items i and ¢’
have similar user preference patterns, which is connected to item-item similarity in collaborative
filtering. Conversely, low or negative correlation suggests dissimilar preference patterns. This
connection allows us to interpret the structural constraints imposed by the tree distance (via

Assumption 7.3.3) as constraints on the model’s ability to capture flexible item-item similarities.

7.9.3 Proof of Limitation on Intransitive Similarity

Here we provide the proof for Theorem 7.3.5 in Section 7.3.4, building on the established

relationship between correlation and item similarity.

Proof of Theorem 7.3.5. By Assumption 7.3.3, the correlation p(i,i’) is monotonically related

to the tree distance d 7 (i,7'). Assume the model successfully captures the similarities for the first
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Table 7.8. Best hyperparameters for the base model PSID across three datasets.

Hyperparameter Instruments Scientific ~ Games

Beam size 500 500 500
Learning rate 3x1073 1x1073 3x1073

Table 7.9. Best hyperparameters for our model Latte across three datasets.

Hyperparameter Instruments Scientific =~ Games
Number of latent tokens M’ 4 8 8
Beam size 500 500 500
Learning rate 3x1073  3x1073 3x10°3

two pairs:

1. iy ~ip = p(it,i2) > T = dg(i1,i2) <6

2. ip~ iz = pliz,i3) > T = dg(iz,i3) <6

Using the ultrametric property from Lemma 7.9.1:

dy(il,lé) < maX(dy(il,iz),dy(iz,i3)) < max(5,5) =90.

Since d 7 (i1,i3) < 0, by the bidirectional relationship between correlation and tree distance, we

have:

p(i1,i3) > T.

This implies i; and i3 must exhibit a high level of similarity (correlation > 7), making it
impossible for the model to treat them as dissimilar (which would require p < 7). Thus, the tree

structure imposes a transitivity constraint on the learned similarities. [
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7.9.4 Expressiveness of Latte

We now show that Latte relaxes the rank-reversal constraint in Theorem 7.3.4. Recall

that for a pair of items (i,7'), the rank-reversal probability in standard GR is bounded by

40*(1-p)
u?+20%(1-p)’

P(Z%(i,i')) <B(p) = (7.8)

where p = p(i,i’) denotes the correlation between the generation probabilities of i and i’ across
users. As discussed in Section 7.3.2, structurally close items in standard GR tend to have large p,

which makes B(p) small and suppresses cross-user rank reversals.

Proposition 7.9.2 (Latte relaxes the rank-reversal constraint). Consider a pair of structurally
close items (i,i") with correlation p in standard GR. Suppose Latte uses M latent tokens and the

dominant latent token for each item is approximately uniformly distributed, i.e.,

Pw@@:ﬁwﬂnzé,

Let piow denote the correlation between two items whose generation paths diverge at the latent-

token level, with piow < p. Then the effective correlation between i and i’ under Latte satisfies
1 1
PLatte = A?p +|1- M Plow < P, (79)
for any M’ > 1. Consequently, when 11 > 0, Latte loosens the rank-reversal bound:

B(PLatte) > B(p) (710)

Proof. In standard GR, the tree distance d 7 (i,i’') between two items is fixed. Thus, for struc-
turally close items, their generation probabilities share a long prefix in the decoding tree, inducing

a high correlation p across users.
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In Latte, the effective generation path also depends on the latent token selected for each
item and user. Let

0 (i,u) = argmax P(¢ | u)P(i | £,u)
¢

denote the dominant latent token for generating item i given user u. For the pair (i,7), there are
two cases.

First, if £*(i,u) = ¢*(/',u), the two items are generated under the same latent path. In this
case, their effective tree distance remains the original distance d 7 (i,i'), and their correlation
remains close to the standard GR correlation p.

Second, if £*(i,u) # ¢*(i’,u), the two generation paths diverge immediately after the root

through different latent tokens. Their effective distance becomes
deff(i7 i/; I/l) = 2(}’}’1 + 1)7

which is the maximum distance in the latent-augmented decoding tree. By Theorem 7.3.3, larger
tree distance corresponds to lower correlation in generation probabilities. We denote this lower
correlation by pjow, Where piow < p.

Since the latent tokens are approximately uniformly assigned, the probability that two
items use the same dominant latent token is 1/M’, while the probability that they use different
dominant latent tokens is 1 — 1 /M ’. Therefore, the expected effective correlation under Latte can

be written as

1 1
PLatte = ]Wp + (1 - M) Plow -

Because M’ > 1 and pjow < p, wWe have

1
PLatte —P = — P + (1 _M) Plow — P

= (1__) (plow_p)<0' (7'11)
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Thus, prage < p.
It remains to show that this lower correlation gives a looser rank-reversal bound. Taking

the derivative of B(x) in Equation (7.8), we obtain

0 406%(1—x)
/ [ —
Bx) = Ox u? +202(1 —x)
4(52[.L2

S . 7.12
(W21 202(1 ) 12

When u > 0, we have B'(x) < 0, so B(x) is strictly decreasing in x. Since ppage < p, it follows

that

B(PLatte) > B(p)

Therefore, Latte relaxes the rank-reversal constraint imposed by high structural correlation.
Intuitively, by allowing structurally close items to take different latent paths, Latte reduces
their effective correlation and gives the model more flexibility to express user-specific rank

reversals. O]

Uniform latent-token generation.

In the above analysis, we assume that the latent tokens are approximately uniformly
selected during generation. This assumption is motivated by our training design, where latent
tokens are uniformly sampled and prepended before the semantic IDs. Under this assumption,
when the latent vocabulary size is M’, each latent token is selected with probability approximately
1/M’. Therefore, for two items i and /', the probability that they share the same dominant latent
path is approximately 1/M’, while the probability that they diverge at the latent-token level is
approximately 1 —1/M’. For the Games dataset with M’ = 8, the expected generation probability

of each latent token is thus 1/8 = 0.125, as shown in Table 7.10.
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Table 7.10. Latent-token generation probabilities on the Games dataset under the uniform
latent-token generation assumption.

Latent Token Generation Probability

4 0.1244
%) 0.1253
l3 0.1248
Uy 0.1243
s 0.1259
le 0.1254
4 0.1251
lg 0.1248

7.10 Implementation Details

Compared models.

We compare Latte with the following baselines: (1) sequential recommendation models
that primarily based on item IDs (and feature IDs), including GRU4Rec [82], BERT4Rec [197],
SASRec [108], FMLP-Rec [298], HSTU [271], FDSA [280], and S3-Rec [297]; and (2) genera-
tive recommendation models based on semantic IDs, including TIGER [174], LETTER [220],
ActionPiece [91], and PSID [278].

We adhere to the exact same experimental settings and directly adopt the reported results
for most baselines from prior works [291, 296]. For the base model, PSID [278], we refer to the

officially released code? to implement the model.

Evaluation.

We evaluate all models using the widely adopted Recall@K (R@K) and NDCG@K
(N@K) metrics, with K € {5, 10}, following prior works [174, 291]. We tune hyperparameters
based on NDCG @10 performance on the validation set and select the best-performing checkpoint

for testing.

Latte. We build Latte upon our base model, PSID [278]. Specifically, we adopt the architec-

ture of the representative model TIGER [174], maintaining the same configuration: a T5-style

Zhttps://github.com/wangshanyw/PurelySemanticIndexing
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Table 7.11. Statistics of structurally coupled items under PSID with RQ K-Means tokenization.
We report the average number of items within tree distance 2 and 4 from each target item, as
well as the ratio of test instances whose target item has at least one item at tree distance 2.

Dataset #Items at Dist. 2 #Items at Dist. 4 Ratio with Dist.-2 Items
Instruments 6.29 142.02 83.98%
Scientific 7.39 153.97 85.25%
Games 6.98 179.41 84.17%

encoder-decoder, 4 stacked Transformer blocks in both the encoder and decoder, and an em-
bedding dimension of 128. Regarding tokenization, we follow the recommendations of Ju et al.
(2025) [106] to primarily use RQ K-Means, though we also experiment with other tokenizers
such as RQ-VAE and OPQ (see Table 7.3). To prevent semantic ID conflicts, we employ the
ESM algorithm as proposed in the PSID paper [278]. The resulting semantic ID length is m = 3
with a vocabulary size of M = 256 for each token position. The number of introduced latent
tokens is tuned from the set {2,4,8} based on validation performance. For the Latte results

reported in Table 7.1, we use max as the aggregation method.

Training and inference. We tune the learning rate for both the base model PSID and our model,
Latte, from the set {1 x 1073,3 x 1073}. We use a weight decay of 0.05. Models are trained for
up to 150 epochs, employing early stopping with a patience of 20 epochs. Hyperparameters are
selected based on the best NDCG @ 10 performance on the validation set, and the best-performing
checkpoint is used for testing. During inference, we tune the beam size from {50, 100,500}, also
based on validation performance. All experiments were conducted on a single NVIDIA A6000
GPU.

Best hyperparameters for both PSID and Latte across the three datasets are summarized

in Tables 7.8 and 7.9.
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7.11 Discussion

Why should semantically similar items not always exhibit correlated generation
probabilities?

We emphasize that semantic similarity and correlated generation probabilities are related
but distinct. Assigning similar semantic IDs to semantically similar items is a common design
choice in current GR models, as it allows related items to share token prefixes. However, this
design choice becomes limiting when shared prefixes force semantically similar items to have
highly correlated generation probabilities across users. In practice, users may have opposite
preferences toward semantically similar items. For example, in the Games dataset, “Pokémon
Scarlet (Switch)” and “Pokémon Sun (3DS)” have a tree distance of 2, meaning that only their
last semantic ID token differs. While some users may prefer the newer game and favor Scarlet,
others may prefer the older style and favor Sun. Standard GR models struggle to represent such
ranking reversals, as discussed in Section 7.3.3, and tend to assign one item a consistently higher
probability than the other for most users. This behavior conflicts with the personalized nature
of recommendation, where even semantically similar items should be distinguishable based on

user-specific preferences.

How significant is the identified issue? To assess how frequently the identified structural
coupling occurs in practice, we analyze the base PSID model with RQ K-Means tokenization,
where each item is represented by three tokens. For each target item in the test set, we count the
average number of other items within tree distance 2 and 4. As shown in Table 7.11, each target
item is associated with around 6-7 closely coupled items at tree distance 2 and 140-180 items at
tree distance 4. We further compute the ratio of test instances whose target item has at least one
other item at tree distance 2. The ratio is consistently above 80% across all datasets, indicating
that the coupling effect is not a rare corner case, but a pervasive structural issue in autoregressive

SID generation.
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Is the latent token design necessary or optimal?

We do not claim that the latent token design in Latte is necessary or optimal. Rather,
our goal is to analyze the expressive limitations of current GR models and show that these
limitations can be alleviated by relaxing the rigid decoding tree structure. Latte is one simple
instantiation of this idea: by introducing an additional latent token before the semantic ID tokens,
it provides multiple latent-conditioned generation paths and therefore reduces the structural
coupling induced by a single fixed tree. We view Latte as an initial attempt rather than a final
solution. We hope this analysis can motivate future work on more expressive and efficient designs

for semantic ID-based generative recommendation.

When does Latte degrade to the base model? Latte alleviates prefix coupling by introducing
multiple latent-conditioned generation paths. Although two items remain coupled when they are
generated under the same latent token, different latent tokens do not simply reweight the same
shared prefix probability. For example, given two latent tokens /4 and /g, the probabilities of

generating the same semantic prefix are

P(l4 | x)P(prefix | x,14),

P(lp | x)P(prefix | x,Ip).

Even ignoring the path weights P(l4 | x) and P(p | x), the conditional prefix probabilities
can differ because they are conditioned on different latent tokens, i.e., P(prefix | x,l4) # P(prefix |
x,lp) in general. Thus, Latte provides additional flexibility beyond assigning different weights to
the same prefix. It would reduce to the base model only in the extreme case where different

latent tokens induce identical representations or identical conditional generation distributions.

Does Latte introduce significant inference overhead? Latte does not require |.Z’| independent
beam searches over latent tokens. Instead, it uses a single beam search process, where the model

first predicts a latent token and then continues generating the semantic ID tokens. Therefore,
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Table 7.12. Inference time for one epoch on the Instruments dataset.

Model Time
TIGER 98s
PSID 66s

Latte (M’ = 4) 76s
Latte (M’ = 8) 76s
Latte (M’ = 16)  78s

Table 7.13. Comparison with noise-based data augmentation baselines. We report NDCG@ 10
results.

Model Instruments Scientific Games

PSID 0.0325 0.0235  0.0500
Dropout 0.0322 0.0239  0.0499
Swap 0.0300 0.0208  0.0462
Latte 0.0331 0.0249  0.0515

introducing latent tokens only adds one extra decoding step, rather than multiplying the inference
cost by the number of latent tokens. In practice, the aggregation is performed over the candidates
retained by beam search, rather than over all possible latent tokens. To quantify this overhead, we
compare the inference time for one epoch on the Instruments dataset. TIGER uses 4 semantic ID
tokens per item, PSID uses 3 semantic ID tokens per item, and Latte uses 1 latent token followed
by 3 semantic ID tokens. As shown in Table 7.12, Latte moderately increases the inference cost

compared with its base model PSID, but remains more efficient than TIGER.

Does Latte mainly improve performance by introducing noise?

To examine whether Latte’s improvement mainly comes from a noise-like regularization
effect, we compare it with two data augmentation baselines: Dropout [171] and Swap [250].
During each training epoch, these baselines randomly drop or swap a certain ratio of tokens
in the input sequence, with the ratio tuned from {0.1,0.2,0.3}. As shown in Table 7.13, these
augmentation methods can sometimes improve over the base PSID model, but they remain con-
sistently worse than Latte. We further compute Kendall’s rank correlation between tree distance

and item-item similarity, following the analysis in Table 7.2. As shown in Table 7.14, only Latte
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Table 7.14. Kendall’s rank correlation between tree distance and item-item similarity for noise-
based augmentation baselines. Less negative values indicate weaker structural coupling.

Model Instruments Scientific Games

PSID -0.6225 -0.4611  -0.6072
Dropout -0.6248 -0.4687  -0.6025
Swap -0.6277 -0.4887  -0.6096
Latte -0.6030 -0.4451  -0.5958

substantially improves the correlation, indicating that its gains do not merely come from injecting

noise, but from alleviating the structural probability coupling discussed in Section 7.3.

7.12 Limitations

Latte is proposed as a simple example to alleviate the expressive limitations discussed in
this chapter, rather than as an optimal solution. It still has several known limitations. First, Latte
introduces additional inference cost, since it requires one extra decoding step to generate the
latent token before the original semantic ID tokens. Although this overhead is moderate in our
experiments, it may still matter in latency-sensitive recommendation systems. Second, Latte may
degenerate to the base model in extreme cases where different learned latent token embeddings
become nearly identical, causing different latent-conditioned paths to induce similar generation
distributions. Third, the latent token design increases the flexibility of the decoding process
but does not completely remove the structural constraints imposed by semantic ID generation.
Items generated under the same latent-conditioned path may still exhibit prefix coupling. Despite
these limitations, they do not affect our main findings on the expressive limitations of current
GR models, including rank reversal (Section 7.3.3) and forced transitivity (Section 7.3.4). We
hope these findings motivate future work on more expressive and efficient designs for semantic

ID-based generative recommendation.
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7.13 Conclusion

In this chapter, we identify inherent expressiveness limitations in generative recommen-
dation models that arise from their unique autoregressive decoding process. We empirically
demonstrate that GR models tend to assign similar probabilities to items that are close in the
decoding tree induced by semantic ID tokens. We further provide theoretical evidence that
such structural correlations prevent GR models from capturing simple user-item preference
(rank reversals, see Section 7.3.3) and item-item similarity (forced transitivity, see Section 7.3.4)
patterns. To mitigate this issue, we propose a simple yet effective modification to the standard GR
framework. By generating latent tokens before the semantic IDs, the decoding tree is reshaped
to allow multiple paths with varying tree distances between any pair of items, thereby relaxing
the structural constraints imposed by the original fixed decoding tree. Extensive experiments
on public datasets validate the effectiveness of our proposed method, leading to an average of
3.45% relative improvement of NDCG @ 10. We further investigate binding latent tokens with
inductive biases. In particular, order-indicating latent tokens help the model identify effective
modality orderings, resulting in improved overall performance.

Chapter 7, in part, is a reprint of the material as it appears in “Expressiveness Limits
of Autoregressive Semantic ID Generation in Generative Recommendation.” by Yupeng Hou,
Haven Kim, Clark Mingxuan Ju, Eduardo Escoto, Neil Shah, and Julian McAuley, referenced

as [94]. The dissertation author was the primary investigator and author of this manuscript.
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Chapter 8

On the Memorization and Generalization
of Generative Recommendation

As the final technical chapter, this chapter steps back from individual architectures to
ask what benefits semantic ID-based generative recommendation provides against conventional
item ID-based models. We aim to answer the question through the lens of generalization and
memorization.

A widely held hypothesis for why generative recommendation (GR) models outperform
conventional item ID-based models is that they generalize better. However, there is few systematic
way to verify this hypothesis beyond a superficial comparison of overall performance. To address
this gap, we categorize each data instance based on the specific capability required for a correct
prediction: either memorization (reusing item transition patterns observed during training)
or generalization (composing known patterns to predict unseen item transitions). Extensive
experiments show that GR models perform better on instances that require generalization,
whereas item ID-based models perform better when memorization is more important. To explain
this divergence, we shift the analysis from the item level to the token level and show that what
appears to be item-level generalization often reduces to token-level memorization for GR models.
Finally, we show that the two paradigms are complementary. We propose a simple memorization-

aware indicator that adaptively combines them on a per-instance basis, leading to improved
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Figure 8.1. Illustrated definitions for memorization vs. generalization. We define memorization
and different sub-categories of generalization based on (1) the transition patterns observed in
training data, and (2) the patterns required to infer.

overall recommendation performance.’

8.1 Introduction

Generative recommendation (GR) [174, 290, 41, 76] has recently emerged as a promis-
ing paradigm for sequential recommendation. Compared with conventional models such as
SASRec [108], a key difference is that GR models tokenize each item as a sequence of sub-
item tokens (e.g., semantic IDs [204, 174]) rather than a single unique item ID. However, the
advantage of GR models has typically been observed in terms of overall performance, that is,
GR models correctly predict more data instances than conventional methods [174, 41]. This
naturally raises the question of which types of data instances are better handled by generative
recommendation models.

We hypothesize that each data instance requires different levels of generalization and
memorization for correct prediction, leading to the performance discrepancies observed between
GR and item ID-based models. To investigate this, we propose an analytical framework that
categorizes each data instance by the primary model capability it requires (either memorization

or generalization) based on the underlying data patterns. We then analyze model performance on

'Our code is available at https://github.com/Jamesding000/MemGen-GR.
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each category separately. Nevertheless, conducting such analyses requires two key components:
identifying the data patterns of interest in the context of sequential recommendation, and
designing reasonable methods to categorize instances.

(1) Data patterns. Since the task is framed as predicting the next item from a user’s
history, a natural starting point is to focus on the target items. While prior work often studies
cold-start items (i.e., items that are rare or unseen during training) as out-of-distribution cases
that require generalization [193, 257, 46], this target-centric view ignores the interaction between
the history and the target. Even when a target item is popular, the transition from the given
history to that item may be rare in the training data. Predicting such transitions can therefore still
require generalization.

(2) Categorization. We require a principled method to determine whether a given
instance primarily relies on memorization or generalization. Prior studies, such as those based on
counterfactual memorization [273, 68, 175, 64], are usually computationally expensive, as they
require frequent model retraining on datasets that exclude specific data points. This makes them
impractical for recommendation settings with large-scale user interaction logs [41, 271]. Another
line of work categorizes instances by measuring representation similarities between training
instances and the predictions [98, 167, 170]. However, these methods are mainly adopted in
tasks without a clear ground truth, such as language modeling. In contrast, recommendation is
typically evaluated with a well-defined ground-truth target item for each instance [108, 77].

Given these considerations, we treat item transitions (from a historical item to the target)
rather than single target items as the data patterns of interest (Figure 8.1). To categorize data
instances, we examine whether the item transitions required for the correct prediction have
been observed in the training data (memorization), or if they can be composed or inferred from
observed patterns (generalization). Using this categorization, we explicitly partition the test data
into subsets reflecting different capabilities and evaluate model performance on each, thereby
distinguishing the contributions of memorization and generalization to overall performance.

To this end, we benchmark two representative models for each paradigm: TIGER [174]
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as the semantic ID-based GR model and SASRec [108] as the item ID-based conventional model.
By evaluating performance on memorization and generalization subsets across seven real-world
datasets, we find that GR models indeed excel on generalization-related subsets, while generally
underperforming item ID-based models on memorization-related subsets. This observation
motivates us to investigate the mechanism behind the generalization capability of GR models.
We then shift our analysis from item transition patterns to sub-item token transition patterns.
From this perspective, a substantial fraction of target item transitions that would be regarded as
item-level generalization can instead be interpreted as token-level memorization. This effectively
explains the source of the GR models’ generalization capability.

Finally, we show that these two paradigms are complementary. We introduce an adaptive
ensembling method that combines a GR model with an item ID-based model. The ensemble
assigns instance-specific weights based on whether each data instance primarily requires mem-
orization or generalization, as predicted by an indicator. Experimental results show that this
adaptive ensembling strategy consistently improves overall performance over both individual

models and naive fixed-weight ensembles.

8.2 Defining Memorization and Generalization

In this section, we describe our proposed framework for analyzing memorization and
generalization in sequential recommendation. We first outline the task definition and notation
in Section 8.2.1. In what follows, we present our criteria for attributing data instances as
memorization-based (Section 8.2.2) or generalization-based (Section 8.2.3), relying on the item
transition patterns they contain. Subsequently, we extend the generalization criteria to encompass
multi-hop generalization in Section 8.2.4. Finally, we discuss the remaining uncategorized

instances in Section 8.2.5.
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8.2.1 Task Definition

Sequential recommendation. A user is represented by a sequence of historical item interactions
u=liy,ip,...,i;—1], where i € .#. The goal is to predict the next item i, that the user will interact
with. The recommendation models are trained on a set of user interaction sequences Zyain.
For a data instance (u,i;) not present in the training set, we attribute it to memorization or

generalization based on its constituent item transition patterns.

Item transition. As discussed in Section 8.1, we treat item transitions as the fundamental data
patterns for studying memorization and generalization. Specifically, we define an item transition
as a directed pair of items [i; — |, where i5,i; € u and s < t. We further define the hop count of
the item transition based on the distance between is and i; in the user’s history. For example, if
s =t — 2, the hop count is 2. Our framework categorizes each data instance (u,i;) based on the

set of item transitions {[i; — ], is € u} it contains.

8.2.2 Memorization-Related Data Instance

We define a data instance as memorization-related if the 1-hop item transition [i;_| — ;]
has been observed in the training data, regardless of which user’s history it appears in. Under
this condition, it is possible for a model to correctly predict the target item only by memorizing

the training data.

Def. (Memorization). A data instance (u,i;) is memorization-related if:

(u,11) € Dimem <= ' € Dyain st [ii-1 — i) Cul'.

8.2.3 Generalization-Related Data Instance

A data instance is defined as generalization-related if: (1) it is not memorization-related;

and (2) it contains at least one item transition that can be inferred or composed from observed
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Figure 8.2. Illustration of multi-hop generalization. The same extension applies to the other
generalization types.

transitions in the training data. We categorize generalization into multiple types based on
specific inference or composition methods. Note that a single data instance may satisfy multiple
generalization types.

For simplicity, we first focus on 1-hop item transitions [i; — i;] where s = ¢ — 1, introduc-

ing three possible 1-hop generalization types: transitivity, symmetry, and 2nd-order symmetry.

Transitivity implies that the model can infer [i,_; — i;] by bridging two observed transitions via

an intermediate item x.

Def. (Transitivity). A data instance (u,i;) ¢ Pmem satisfies transitivity if:

Ix e S, " € Drain, lir—1 = x] Cu' Nx— i) Cu’.

Symmetry allows the model to infer a transition [i,_; — i] if its reverse [i; — i;_1] has been

observed.

Def. (Symmetry). A data instance (u,i;) ¢ Pmem satisfies symmetry if:

3’ € gtraim [it — itfl] C u'.
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Table 8.1. Dataset statistics.

Dataset Users Items Interactions Sparsity Avglen

Sports 35,599 18,358 296,337  99.95% 8.32
Beauty 22,364 12,102 198,502  99.93% 8.88
Science 50,986 25,849 412,947  99.97% 8.10
Music 57,440 24,588 511,836 99.96% 8.91
Office 223,309 77,552 1,800,878  99.99% 8.06
Steam 47,762 10,972 599,620  99.89% 12.55
Yelp 30,432 20,034 316,354  99.95% 10.40

2nd-Order Symmetry encompasses complex symmetric relations where i, and i; are related

via an intermediate item x in non-transitive ways.

Def. (2nd-Order Symmetry). A data instance (u,i;) ¢ Pmem satisfies 2nd-order symmetry if

dx € ., 3, u”" € Dyrain such that one of the following holds:

!/

() x—=i 1] CUAx—i]Cu (common cause);

!/

(2) [ii—1 = x] CUAfi; = x] Cu (common effect);

/

B)[ir x| CUAx— iG] Cu (reverse path).

8.2.4 Multi-Hop Generalization

Although Section 8.2.3 focuses on 1-hop item transitions for simplicity, our proposed
criteria naturally extend to multi-hop transitions. Specifically, we define multi-hop generalization
types (transitivity, symmetry, and 2nd-order symmetry) by applying the same logic to multi-hop
item transitions (as defined in Section 8.2.1). If a data instance involves multiple item transitions
with different hop counts that satisfy the generalization criteria, we use the minimum hop count

for categorization.

Substitutability. Beyond the types introduced in Section 8.2.3, one might consider extending

the definition of memorization to multi-hop item transitions. However, we argue that “multi-hop
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memorization” is effectively a form of generalization. It requires the model to have strong
generalization capabilities to bypass unnecessary intermediate items and select the appropriate
multi-hop transition for prediction. Therefore, we define substitutability as a unique generaliza-

tion type involving only multi-hop item transitions.

Def. (Substitutability). A data instance (u,i;) ¢ Pmem satisfies substitutability if:

Elk Z 2,31/!/ & gtrain S.t. [il—k =p coo =p lt] g I/t/.
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8.2.5 Uncategorized Data Instance

Given a maximum hop count (e.g., 4 in our experiments, see Section 8.3), any data
instance that is neither memorization-related nor generalization-related is labeled as “uncatego-
rized.” Such instances may involve items unseen during training, exhibit higher-order transition
patterns, require capabilities beyond the scope of memorization and generalization, or be inher-
ently unpredictable based on historical data alone. In our experiments, we also analyze model

performance on these uncategorized instances.

8.3 Performance Breakdown: Item IDs vs. Semantic IDs

In this section, we present the empirical results for memorization and generalization

capabilities for GR and item ID-based models.

8.3.1 Experiment Setup

Datasets. We conduct experiments on seven public datasets that are widely used in evaluating
GR models [174, 131, 257, 220]: “Sports and Outdoors” (Sports) and “Beauty” (Beauty) from
the Amazon Reviews 2014 collection [147]; “Industrial and Scientific” (Science), “Musical
Instruments” (Music), and “Office Products” (Office) from the Amazon 2023 collection [95];
Steam [108] and Yelp?. The statistics of processed datasets have been reported in Table 8.1.
We adopt the standard leave-last-out data split, using the last and second-to-last items of each

sequence for testing and validation, respectively.

Models. We benchmark two models: TIGER [174], representing the generative recommenda-
tion paradigm, and SASRec [108], representing the conventional sequential recommendation
paradigm. Note that, for a fair comparison, we optimize the SASRec model using cross-entropy
loss and treat all items as negative samples, following Liu et al. [131], rather than sampling a

single negative item per instance as in Rajput et al. [174].

Zhttps://business.yelp.com/data/resources/open-dataset/
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Implementation details. We fine-tune the learning rate over {le-3,3e-3} and train for a
maximum of 150 epochs with early stopping. The checkpoint achieving the best validation

performance is selected for testing.

Data categorization. We partition test instances into: memorization, generalization (if
memorization is not satisfied), and uncategorized (if none of the above is satisfied). Note that
the above three categories are mutually exclusive. However, a data instance may exhibit multiple
generalization types, each associated with several possible hop distances. Following Occam’s
razor, we annotate an instance with all applicable types but retain only the minimum hop distance

for each type.

8.3.2 Performance Analysis

In this section, we analyze the performance comparison between SASRec and TIGER,

broken down by the memorization and generalization categories defined in Section 8.2.

SASRec memorizes, TIGER generalizes. As illustrated in Table 8.2, TIGER generally un-
derperforms SASRec on memorization subsets (e.g., —43.6% on Yelp, —41.2% on Sports,
—35.2% on Beauty, and comparable on others), while consistently outperforming SASRec on
generalization subsets (e.g., +58.8% on Office, +56.7% on Beauty, and +39.8% on Sports).
This trade-off suggests that SASRec relies more on memorizing observed patterns, while TIGER
is more effective at composing learned item transitions for generalization. Both models achieve
substantially higher performance on memorization than on generalization overall, reflecting the
intrinsic difficulty of generalizing beyond observed transitions. Moreover, both models exhibit
near-zero performance on the uncategorized subset while achieving reasonable performance on
the others. This supports the validity of our data attribution and suggests that the uncategorized

instances are indeed difficult to predict, consistent with our hypothesis in Section 8.2.5.

Generalization categories. Comparing performance across generalization categories, we ob-

serve that both models achieve higher performance on Substitutability and Symmetry than on
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Transitivity and 2nd-Symmetry. We attribute this to differences in the difficulty of the various
generalization types. Substitutability and Symmetry require induction from only a single training
example, whereas Transitivity and second-order Symmetry require composing knowledge from

multiple examples, representing a structurally more complex form of generalization.

Generalization hops. Within each generalization category, both models perform monotonically
worse as hop distance increases. This shows that nearby item transitions pose a stronger
influence than distant ones. In low-hop settings, SASRec can sometimes outperform TIGER.
But its performance drops faster as the hop distance grows. The decline is even sharper in more
difficult categories such as Transitivity and 2nd-Symmetry. This suggests that SASRec mainly

generalizes over local context, while TIGER remains more robust for longer-hop generalization.

Data ratio analysis. Finally, we examine the proportion of test instances in each category. In
all datasets, memorization cases form a much smaller portion than generalization cases. This
suggests that pure memorization is limited, and effective recommendation requires substantial
generalization capability. Among the generalization categories, most instances require combining
information from multiple training examples, whereas only a small fraction can be inferred from
a single training instance (Substitutability and Symmetry). Uncategorized instances consistently
account for less than 10% of the data, indicating that most test transitions can be explained by

other categories.

8.4 Mechanism Analysis: A Token-Level Lens

Semantic ID-based generative recommendation models generally outperform item ID-
based models on generalization-related subsets (Section 8.3). This raises a question: Why
does GR generalize better yet memorize worse than item ID-based models? In this section, we
investigate the underlying mechanisms of GR models through a token-level lens.

We first introduce the concept of prefix n-gram memorization (Section 8.4.1), and demon-

strate that item-level generalization can often be interpreted as token-level memorization within
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Figure 8.3. Illustration of how item-level generalization can be reduced to token-level memo-
rization for GR models.

the semantic ID space (Section 8.4.2). Next, we characterize models’ behavior using this new lens
(Section 8.4.3), and find that: (1) GR generalization performance improves when the underlying
token transitions are more frequently observed in the training data. (2) Different item transitions
can share the same memorized prefix, which can decrease GR’s ability to memorize a specific
item transition. Finally, to further validate our hypothesis, we design a controlled study to vary
the token memorization ratio and measure its direct impact on the generalization-memorization

trade-off (Section 8.4.4).

8.4.1 Prefix N-Gram Memorization

Motivation. Unlike item ID-based models, GR models represent items as sequences of discrete
semantic ID tokens shared across items. This allows the model to anchor predictions on sub-item
level transition patterns. However, quantifying memorization behavior at a token level is non-
trivial. Directly attributing the effect of a single token on another token is difficult because token-
to-token correlations are dense and highly dependent on the contexts [68]. For LLMs, people
often assess memorization via n-gram correlation between context and target text, reflecting the
model’s ability to memorize the n-gram ‘knowledge’ and generate the corresponding n-gram
‘answer’ [133, 221]. Drawing inspiration from this, we propose quantifying memorization in GR

by considering the prefix n-grams of the context-target item pair. Since semantic IDs encode
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hierarchical (coarse-to-fine) semantic information, focusing on transitions from one prefix to

another prefix captures the most prominent semantic dependencies (Figure 8.3).

Token prefix. Let tok(i) = [z1,22,...,2z1] denote the semantic-ID tokenization of item i, where L
is the number of tokens in the semantic ID. For a prefix length n < L, define the n-gram prefix

operator pref, (i) = [z1,...,24].

Prefix n-gram memorization. We define token-level memorization by considering only the
semantic ID prefixes of items in the transitions. A test instance is considered n-gram prefix-
memorizable if the first n tokens (the n-gram prefix) of both items in the target transition [i; — ]

occur in the training set, even when the exact items differ.

Def. (1-hop Prefix N-Gram Memorization). A data instance (u, i) satisfies 1-hop prefix

n-gram memorization if:

Ju’ € Drrain, 35 > 2 s.t. [jS,1 — ]s] - l/t/,
prefn(ilfl) = prefn(jsfl%

prefn (il) = prefn (]S) .

Analogous to the multi-hop generalization framework, this definition naturally extends
to k-hop transitions. Notably, when k = 1, token prefix memorization can be viewed as a relaxed
form of memorization, whereas for k > 1, it is analogous to the definition of substitutability
(see Section 8.2.4). For the following sections, we refer to prefix n-gram memorization as foken

memorization for brevity.

8.4.2 From Item Generalization to Token Memorization

We examine how item-level generalization can be reduced to token memorization for
GR models, following the definition in Section 8.4.1. Unless otherwise specified, the following

experiments on all datasets aggregate all token memorizations with hop < 4, and utilize a 256 x 3
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Figure 8.4. Token memorization ratios for each item-level generalization category. The X-axis
represents the prefix length for token memorization.

semantic ID quantization followed by one identifier token, consistent with Rajput et al. [174].

Item generalization instances often reduce to token memorization for GR models. Figure 8.4
illustrates the reduction of item-level generalization categories into token-level prefix-gram mem-
orization. We observe that a non-trivial fraction of instances reduce to 1-, 2-, and 3-gram prefix
memorization. For example, on average, more than 5% of item-level generalization transitions
(symmetry, transitivity, and 2nd-symmetry) can also be explained as 3-hop prefix memorization.
Notably, the vast majority of test instances (> 99%) across all item-level categories admit at least
1-gram prefix memorization. This demonstrates that for many test instances where the item-level
transition is unseen, the training set nevertheless contains matching prefix transitions, allowing

the model to leverage prefix memorization for inference.

Token memorization ratio reflects item-level difficulty. Across categories, symmetry exhibits
a higher ratio of 4-gram memorization, largely due to its overlap with item-level substitutability.
In contrast, transitivity and 2nd-order symmetry mostly reduce to short prefix memorization
(2-3 grams), yielding weaker prefix-transition support from training and making these tasks
harder. Furthermore, uncategorized instances reduce almost exclusively to 1-gram memorization,
representing the weakest form of prefix-transition support. Overall, these findings show that
the ratio of token memorization directly reflects the item-level task difficulty and the model

performance trends observed in Section 8.3.
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Figure 8.6. TIGER Advantage breakdown by prefix transition probability and item transition
probability. Both axes are grouped by quantiles.

8.4.3 Explaining Performance Trade-off via Token Memorization

Having established that item-level generalization often reduces to token-level memo-
rization, we now investigate whether this mechanism explains the performance trade-off: GR
generalizes better but memorizes worse at item level. We categorize test instances through token
memorization and show that token memorization enables better generalization (Section 8.4.3),

and token memorization dilutes item memorization (Section 8.4.3).
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Token Memorization Enables Better Generalization

To analyze how TIGER’s performance correlates with token memorization support at a
finer granularity, we quantify prefix support as the count of prefix-transition occurrences in the

training data:

Co(iy—g,ir) = C(pref, (i;_x) — pref,(i;)),

where C(+) is the count function. Given an item-level generalization instance (u,i;), the token
memorization support C, (u,ir) = YX_, C,(i;_4,i;) is the sum of prefix supports of all the k-hop

transitions to the target item.

More token memorization support correlates with better generalization. We aggregate token
memorization support for hop k <4, and plot the TIGER and SASRec models’ NDCG@10 on all
item generalization instances (without item memorization support) against Cy,(u,i;) in Figure 8.5.
First, we observe that supported instances consistently achieve substantially higher NDCG@ 10
than non-supported instances for both TIGER and SASRec. TIGER’s gain over SASRec is
substantially larger on prefix-supported instances, indicating that TIGER benefits from prefix-
transition support that SASRec does not explicitly model. Furthermore, TIGER’s performance
gap increases with both increasing support count Cy,(u,i;) and prefix length n, indicating that

more token memorization support correlates with better generalization performance.
Token Memorization Dilutes Item Memorization

Conversely, we investigate why this same mechanism might degrade performance on
item memorization tasks. We hypothesize a dilution effect: while SASRec directly optimizes
the specific item transition i;_; — i;, TIGER predicts through prefix transitions that are shared
by many items. Thus, its ability to memorize specific item transitions can be diluted. To verify
this, we evaluate TIGER’s relative performance (ANDCG) against two metrics: item transition
probability (¢), the probability of predicting target item based on all item transitions, and prefix

transition probability (), the probability of predicting target item’s prefix based on all prefix
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Table 8.3. Experiment configurations and token memorization ratio across different semantic ID
(SID) configurations.

SID Configuration Budget Token Memorization Ratio (%)
Len (L) Size (V) TFLOPs n=5 n=4 n=3 n=2 n=1 n=0
[—»2 1024  5.00x 1055 - - - 15.06 8447 047
- 4096  5.00x 10 — - - 15.06 8393 1.01
256 7.50x 105 — - 15.06 16.57 68.36 0.01
L=3 4096  7.50x 101 — - 1506 540 79.54 0.01
64 1.00x 10 - 1506 7.68 4626 31.01 0.00
L=4 1024 1.00x 10 - 1506 092 2134 6268 0.00

64 1.33x 10 1506 122 574 46.08 31.89 0.00
256 1.33x 10 1506 020 1.09 16.69 66.96 0.00

transitions. For a transition i;_; — i;, these quantities are estimated empirically by:

Cli,_1 —iy) C(pref, (i;—1) — pref,(ir))

C(l‘tfl N ) ) "l/: )

0= C(pref, (ir—_1) — )

where C is the count function and C(x — -) is the total number of outgoing transitions from the

context x.

Token memorization dilutes item memorization. We visualize how TIGER’s NDCG gain
over SASRec (i.e., ANDCG) breaks down by item transition probability ¢ and prefix transition
probability y. As shown in Figure 8.6, across all datasets, we observe significant NDCG loss
when instances have high ¢ but low y. In this case, TIGER spreads probability mass across
many items sharing the same prefix transition, causing difficulty for the model to memorize
a specific item transition pattern. Conversely, TIGER can even outperform SASRec when y
is high, indicating that TIGER’s item memorization performance is strong only when token
memorization aligns. Across the datasets, token memorization usually leads to more dilution

cases, causing TIGER to underperform SASRec on memorization tasks.
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8.4.4 Mechanism Validation

In this section, we test our hypothesis that increasing token memorization ratio improves
item-level generalization but can reduce item-level memorization. Our goal is to vary the token

memorization ratio and measure the resulting changes in performance.

Experiment setup. To manipulate the token memorization ratio in a systematic way, we vary the
codebook size. The intuition is that denser codebooks (smaller codebook sizes V') induce more
prefix sharing across items, which increases the total number of token memorization instances.
We consider SID lengths L € {2,3,4,5} (including identifier tokens), and for each fixed L
we evaluate two codebook sizes V. In Table 8.3 we report the resulting token memorization
ratios at each prefix length; as expected, smaller V yields a larger fraction of instances with

prefix-transition support.

Controlled factors. We only compare configurations within the same SID length L, since
optimizing different lengths can have different difficulty and longer SID length often leads to
optimization issues [90]. We also fix the recommendation model size and match the training com-
pute budget within each L. For each L, we estimate the training compute to ensure convergence,
defined as both memorization and generalization metrics no longer increasing on the validation
set. We report (1) validation training dynamics of NDCG@ 10 and (ii) final test NDCG@ 10 for

each configuration.

Smaller codebook sizes lead to better generalization but worse memorization. From Fig-
ure 8.7, we observe a consistent pattern: smaller codebook size V (denser codebooks, higher
token memorization ratio) leads to better item-level generalization, but degraded memorization
performance. Averaged across settings, the smaller V improves generalization by +10.24%
relative compared to the larger variant, while memorization decreases by —7.62% relative. This
provides consistent evidence across all tested codebook sizes that increasing token memorization

ratio improves generalization while degrading memorization.
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Table 8.4. Performance comparison of ensemble strategies. The best performance is bolded.

Sports (2014) Beauty (2014)  Scientific (2023) Instruments (2023)  Office (2023) Steam Yelp
Type Method R@10 N@l10 R@10 N@10 R@10 N@I0 R@I0 N@I0 R@I0 N@I0 R@l0 N@I0 R@10 N@I0

Sinele-Model SASRec 0.0318 0.0253 0.0566 0.0436 0.0262 0.0209 0.0319 0.0291  0.0241 0.0190 0.1738 0.1525 0.0362 0.0321
8 TIGER 0.0318 0.0237 0.0542 0.0383 0.0303 0.0243 0.0357 0.0323 0.0306 0.0254 0.1773 0.1551 0.0281 0.0257

Fixed-weight 0.0530 0.0291 0.0838 0.0471 0.0483 0.0260 0.0635 0.0343  0.0456 0.0261 0.2008 0.1579 0.0630 0.0351
Adaptive 0.0537 0.0296 0.0841 0.0476 0.0485 0.0261 0.0638 0.0344  0.0461 0.0264 0.2008 0.1579 0.0637 0.0352

Ensemble

Regularization effect in training dynamics. From Figure 8.7, we further observe that for large
V, generalization performance peaks early and then degrades as training proceeds. In contrast, for
small V, generalization remains stable or continues to improve until convergence. This suggests
that denser tokenization has a stronger data-level regularization effect. It encourages TIGER to
rely more on shared prefix-transition structure, rather than overfitting to noisier, item-specific

transitions.

8.5 Memorization-Aware Adaptive Ensemble

So far, we have shown that GR models excel on instances requiring generalization,
whereas item ID-based models perform better on memorization. Motivated by this observation,

we investigate whether it is possible to combine the strengths of both paradigms. We propose
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a hybrid framework that dynamically weights the predictions of a GR model and an item-
based model for each given input, depending on the primary capability the input may require.
We first introduce a simple, training-free indicator to estimate the likelihood of memorization
(Section 8.5.1), followed by an empirical validation of their correlation with ground-truth
categories (Section 8.5.2). Finally, we present experimental results demonstrating that this

adaptive model ensemble strategy achieves improved overall performance (Section 8.5.3).

8.5.1 Adaptive Ensemble Indicators

The core idea of our adaptive ensemble strategy is to estimate how likely a data instance
can be solved via memorization, and use this estimate to adjust the relative weights between
the item ID-based model and the GR model for each instance. A key challenge is that the
memorization criterion defined in Section 8.2.2 cannot be directly applied at inference time,
since the target item is unavailable. We therefore introduce a practical indicator that estimates

the memorization likelihood of a data instance (u,i,) and converts it into an ensemble weight.

Confidence-based indicator. The intuition behind this approach is that memorization-related
instances tend to lie closer to the training data distribution. As a result, an item ID-based model
that effectively memorizes training patterns should produce more confident predictions on such
instances. We therefore use the prediction confidence of the item ID-based model as a proxy for
memorization likelihood. While confidence is often defined as the distance between prediction
logits and a uniform distribution, the recommendation task typically involves a very large item
space where most items receive negligible probability. We thus adopt the maximum softmax

probability (MSP) [207] as a practical confidence score, defined as:
SConf(”) = maXPID(it =J | M)a (8.1)
jESL

where Pip(- | u) denotes the predicted probability distribution of the ID-based model given user

history u. We then transform scons(#) into an ensemble weight that controls the contribution of
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each model:

o(u) = sigmoid(—¢(scont(u) — 7)), (82)
where g and T are hyperparameters.

8.5.2 Validation of the Indicator

In this section, we empirically validate whether the proposed MSP indicator provides a
meaningful estimate of memorization likelihood and can therefore support our adaptive ensemble
strategy. Using the same datasets and models as in Section 8.3, we group data instances into bins
according to quantiles of their indicator values. For each bin, we examine both the proportion of

memorization-related instances and the performance of the two paradigms.

Correlation with memorization. We can see that as the indicator value increases, the proportion
of memorization-related instances rises monotonically. This trend suggests that the indicator

provides a meaningful estimate of memorization likelihood.

Performance crossover. We also observe a performance crossover between the generative
model TIGER and the ID-based model SASRec as the indicator value increases. At lower
indicator values, TIGER achieves better performance, whereas at higher values SASRec becomes

increasingly competitive and may outperform TIGER. This crossover pattern is consistent
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with our hypothesis: instances with high indicator values tend to be memorization-related and
are better handled by ID-based models, while instances with low values favor the stronger

generalization capability of GR models.

8.5.3 Performance of Adaptive Ensemble

Having validated the effectiveness of the proposed MSP indicators, we proceed to
evaluate the overall performance of the memorization-aware adaptive model ensemble strategy

on real-world datasets.

Experimental settings. We use the same datasets and base models as in Section 8.3. We
use Equation (8.2) to map the raw MSP values to an instance-specific ensemble weight o(u) €
[0, 1]. The final prediction is obtained by combining the scores produced by the two base models,
SASRec and TIGER, according to this weight. We compare our adaptive ensemble against the
individual base models and a Fixed-weight Ensemble baseline, which assigns a global constant
weight Oaiic to SASRec for all instances. Hyperparameters are tuned on the validation set, with

g€{1,5,9,13}, € {0,0.1,...,0.5}, and Gaiic € {0,0.1,...,1.0}.

Recommendation results. We present the performance comparison in Table 8.4 and make the

following observations:

* The proposed adaptive ensemble strategy generally outperforms both the individual base
models and the fixed-weight ensemble baseline. These results provide empirical evidence that

item ID-based models and GR models offer complementary strengths.

* The improvement over baselines is more prominent on datasets with a stronger model cross-
over effect (see Figure 8.8). The greater the comparative advantage each base model holds in its

respective domain, the more the memorization-aware indicator can leverage this specialization.
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Table 8.5. Qualitative case studies from Beauty (2014). Case 1 illustrates how item-level
generalization reduces to token memorization in GR models. Case 2 illustrates how token
memorization dilutes item-level memorization. ¢ and y denote the item transition probability
and the prefix transition probability, respectively (Section 8.4). The count for target-specific
transitions and total outgoing transitions are shown in the parentheses.

Case 1: Item-level generalization = Case 2: Token memorization

reduces to token memorization dilutes item memorization
Example ID 19159 5873
Context item i;_| Vitamin C Serum Emu Oil Skin Repair
Target item i Argan Oil Treatment Facial Moisturizer
Item-level Category 3-hop transitivity, 3-hop 2nd-symmetry memorization
Prefix transition [139,310] — [159,310] [196,310] — [234,310]
Item trans. prob. ¢  — (unseen) 1.000 (1/1)
Prefix trans. prob. y 0.21 (23/111) 0.011 (1/90)
SASRec NDCG@10 0.0 1.0
TIGER NDCG@10 1.0 0.0

Table 8.6. NDCG @ 10 on memorization (M) and generalization (G) subsets for additional GR
and item ID-based models. Values are reported as M/ G.

Model Sports Beauty Science Music Office Steam Yelp

LRURec .2580/.0100 .3474/.0142 .2698/.0109 .2121/.0142 .2649/.0077 .3978/.0108 .3028/.0256
PSID .1635/.0175 .2432/.0188 .2143/.0162 .1962/.0187 .2682/.0157 .3871/.0143 .1303/.0201

Table 8.7. Fine-grained comparison of fixed-weight and adaptive ensembles on memorization
(M) and generalization (G) subsets. & denotes the average ensemble weight assigned to SASRec.
Values are reported as M/ G.

Sports Beauty Science Music Office Steam Yelp

Fixed .2684/.0180 .3813/.0176 .2664/.0182 .2208/.0213 .2862/.0155 .3958/.0158 .2447/.0268
Adaptive .2651/.0188 .3733/.0190 .2671/.0183 .2211/.0214 .2899/.0156 .3958/.0159 .2424/.0270

a .459/.426 .536/.520 423/.400 .401/.396 .297/.256 .439/.407 .581/.559

8.6 Performance Comparison on Other Item ID-based and
GR Models

To verify that the memorization vs. generalization performance gap extends beyond

TIGER and SASRec, we evaluate two additional models: PSID [278], a GR model that resolves
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SID collisions via non-nearest-neighbor centroid assignment, and LRURec [267], an item ID-
based model built on linear recurrent units. As shown in Table 8.6, PSID exhibits a memorization
vs. generalization profile similar to TIGER, while LRURec behaves consistently with SASRec.
Moreover, across all seven datasets, PSID generalizes better but memorizes worse than LRURec.
These results indicate that our findings are not tied to a specific tokenization scheme or backbone,

and extend to other GR and item ID-based models.

8.7 Adaptive Ensemble Performance Breakdown

To examine whether the adaptive ensemble’s improvement is driven by memorization-
aware weighting rather than a globally tuned mixing ratio, we report a fine-grained breakdown on
memorization and generalization subsets in Table 8.7, along with the average ensemble weight
o assigned to SASRec on each subset.

The adaptive ensemble improves over the fixed-weight baseline on most generalization
subsets, with mixed effects on memorization. More importantly, & is consistently higher on
memorization subsets than on generalization subsets across all datasets. This confirms that
the indicator behaves as intended: it up-weights SASRec on memorization-related instances,

compensating for the GR model’s relative weakness on this category.

8.8 Qualitative Analysis

To further validate the explanation made in Section 8.4.3, we present two case studies
from the Beauty (2014) dataset: item-level generalization realized via token-level memorization,

and token-level dilution of item-level memorization, as shown in Table 8.5.

Case 1: Item-level generalization via token-level memorization. The exact item transition
(Vitamin C Serum — Argan Oil Hair Treatment) is unseen in training, and therefore the item
ID-based model has to infer through item-level generalization. However, the training datasets

contain 23 parallel transitions whose 2-gram prefixes match the test case, where prefix [139,
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310] semantically encodes “Vitamin C/anti-aging serum” and [159, 310] encodes “Argan-
based hair/skin treatment.” Therefore, TIGER is able to leverage the 2-gram prefix memorization

to correctly predict the target item.

Case 2: Token-level dilution of item-level memorization. The 1-hop item transition (Emu
Oil Skin Repair — Organic Facial Moisturizer) appears in every training occurrence of the
context item (¢ = 1.0), so SASRec memorizes it directly. For TIGER, however, the context
prefix [196, 310] appears in many training transitions whose target prefixes span a wide range
of product categories (e.g., cleansers, masks, serums), with only y = 0.011 going to the target
prefix [234, 310]. As a result, these prefix collisions with other distracting transitions with

different behavioral patterns dilute the probability for generating the specific target.

8.9 Discussions on Categorization Method
8.9.1 Design Rationales

Defining generalization can be more challenging than the memorization case, where the
model is only required to recall an learned item transition. Our idea is to consider the most
fundamental patterns that the model should meaningfully derive from the existing transitions,
regardless of specific model architectures. Considering the case for movie recommendation,
flipping the order of user actions (e.g., watching Iron Man then Captain America) often yields
equally valid recommendations; thus, inferring this symmetric relationship (or symmetry) is
an important type of generalization. Prior studies, such as CL4SRec [249], explicitly use
’item reordering” for data augmentation, making the model robust to handle the flexible order
of interactions in the real world recommendation. Based on similar notions, we categorize
generalizations into induction (substitutability, symmetry) from single existing transitions or

composition (transitivity, 2nd-symmetry) from multiple existing transitions.

Advantages. The main advantages of the proposed pattern-based framework are its simplicity

and scalability to large recommendation scenarios, since the categorization is very computa-
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tionally efficient compared to alternatives such as counterfactual memorization. Moreover,
our experiments show strong evidence that the simple categorization effectively captures the

consistent difference in GR and item ID-based models.

8.9.2 Limitations

Despite the advantages discussed in Section 8.9.1, we acknowledge two limitations of

our categorization framework, which we leave to future works.

* Existence-based definition. Our categorization is based on whether a memorization or
generalization pattern exists in the training data, rather than on its occurrence frequency. A
transition appearing once is treated identically to one appearing thousands of times, even

though the latter likely provides a stronger learning signal.

* No causal attribution. The rule-based categorization does not establish a causal connection
between training data and model predictions. A memorization-related instance is not guaran-
teed to be predicted correctly, nor does an uncategorized instance necessarily mean the model

cannot.

8.10 Conclusion

In this chapter, we presented a systematic study comparing semantic ID-based generative
recommendation models with traditional item ID-based models through the lens of memorization
and generalization. We proposed a framework to categorize data instances based on the item
transition patterns they contain. Extensive experiments across various datasets revealed that
generative recommendation models excel on generalization-related instances, while item ID-
based models perform better on memorization-related instances. To explain this, we analyzed the
models at the token level, finding that item-level generalization in generative models often reduces

to token-level memorization. Finally, we show that the two paradigms are complementary by
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demonstrating that adaptively adjusting ensemble weights using a memorization-aware indicator
leads to improved performance.

Chapter 8, in part, is a reprint of the material as it appears in “On the Memorization and
Generalization of Generative Recommendation.” by Yijie Ding, Zitian Guo, Jiacheng Li, Letian
Peng, Shuai Shao, Wei Shao, Xiaogiang Luo, Luke Simon, Jingbo Shang, Julian McAuley, and
Yupeng Hou, accepted for publication at the 32nd ACM SIGKDD Conference on Knowledge
Discovery and Data Mining in 2026, referenced as [45]. The dissertation author was the primary

investigator and author of this paper.
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Chapter 9
Related Work

9.1 Recommender Systems
9.1.1 Sequential Recommendation

Sequential recommendation [82, 108] predicts the next item that a user interacts with
given the user’s interaction history. Sequential behavior patterns are useful for identifying user
needs and providing recommendations. The sequential recommendation task usually takes a
sequence of items as input. Early attempts adopt probability models like Markov chains [183],
while modern approaches adopt models like Recurrent Neural Networks (RNN) [82, 122, 267],
Convolutional Neural Network (CNN) [202], Graph Neural Networks (GNN) [239, 16], and
Transformers [108, 197]. More recently, due to its effective attention mechanism in sequential
modeling tasks [51, 206], Transformer [208]-based recommendation models [297, 197, 108,

281, 86] achieves best performance in sequential recommendation tasks.

9.1.2 Generative Recommendation

A new generative recommendation paradigm shows better performance and scalability
than the conventional Transformer-based recommender systems on sequential recommendation
tasks. Unlike conventional sequential recommendation paradigms [183, 108, 197, 82, 202, 146],
where each item is typically indexed by a unique ID, generative recommendation tokenizes each

item as a sequence of sub-item tokens [204, 174, 271, 41, 76, 290, 92, 40, 93]. A generative
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model then operates over these token sequences and autoregressively generates tokens that index
the next item. By autoregressively generating the next tokens as recommendations, this generative
paradigm offers benefits such as memory efficiency [174, 257, 46, 90], scalability [271, 143],
and easier alignment with LL.Ms [290, 104, 200, 120].

Item tokenization methods are crucial for the performance of generative recommendation
methods [174, 165, 166, 104, 132]. A common practice is to leverage the text features associated
with each item. These text features will then be encoded into semantically rich item tokens
to facilitate the model’s decision process. TIGER [174] generates item tokens with sentence
embedding [42, 157] through RQ-VAE [268] using descriptive text associated with each item.
GPTRec [165] quantizes item representations from pretrained Truncated Singular Value Decom-
position (SVD) models to generate item tokens. Jin et al. [104] proposed a language model based
indexer that could be applied to multiple information retrieval tasks. Such item tokenization
techniques also make the generative paradigm more feasible to integrate other modalities, e.g.,
text, image, and audio [226, 123, 290, 222, 63].

Existing work on generative recommendation primarily focuses on developing improved
tokenization methods, such as exploring alternative algorithms [220, 302, 90, 96, 104, 131,
278, 292, 291, 225, 213, 251] or more effectively leveraging heterogeneous features during
the tokenization stage [224, 143, 91, 303, 132, 211, 296, 261, 227, 232, 253, 145]. To better
understand the underlying mechanisms of GR, recent studies have investigated its cold-start

capabilities [257, 46], scaling behavior [135], and generalization capability [45].

9.1.3 LLMs for Recommendation

In recent years, the development of Large Language Models (LLMs) [288, 1, 206] has
enabled their application across a wide range of recommendation scenarios due to their well-
learned world knowledge from web-scale internet data, which allow them to easily understand
cold-start items. One direct application, the ‘LLM for Rec’ methods, mainly involves prompt-

ing [136, 36, 89], finetuning [272, 6], retrieval-augmented generation (RAG) [43, 33, 236], and
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conversational dialogue systems [80, 198]. While these approaches require minimal pre-training,
they suffer from high inference latency and hallucinations. To mitigate these issues, recent
methods use LLMs to generate modality-based item representations [87, 121, 88] and train
backbone models on these frozen representations, achieving state-of-the-art performance in

cold-start scenarios.

9.1.4 Multi-Behavior Recommendation

Multi-behavior recommendation models incorporate behavior types of history user-item
interactions to predict the items that the user will interact with. Early methods mainly exploit MF-
based models for multi-behavior recommendations [114, 289, 192]. Later, some deep learning
methods [20, 59], especially GNN-based methods [21, 245, 282, 103, 256], are also proved to
be effective. However, the above-mentioned methods do not include temporal sequential patterns
in their model, which is vital for next-item prediction.

Recent works have started to study the multi-behavior sequential recommendation
(MBSR) problem. Early MBSR models [69, 70, 23] usually take sequential input of each
behavior as separate subsequences and aggregate the representation encoded from each subse-
quence to predict the next interaction. However, this aggregation method ignores the sequential
pattern between different behaviors. Thus, other approaches aim to directly integrate the se-
quence of behaviors into the item sequence [264, 195, 258]. MB-STR [264] routes each input
item to different sets of feed-forward and linear transformation layers inside the Transformer
model according to the corresponding behavior type. PBAT [195] considers the user’s per-
sonalized interaction pattern of behaviors. MBHT [258] uses hypergraph learning to uncover
item-wise multi-behavior correlations. A recent work, HSTU [271], utilizes actions (analogous

to behaviors) to unify the retrieval and rank tasks in generative recommender systems.
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9.1.5 Cold-Start and Inductive Recommendation

The item cold-start problem (ICS) [283], a longstanding challenge in recommender sys-
tems, requires models to recommend newly added items with limited or no historical interaction
data, and therefore external knowledge have to leveraged. In scenarios with a few interactions,
studies focused on data-efficient learning to quickly improve cold-start performance [231, 299].
Meta-learning [223] is a widely adopted approach that pretrains models on warm interactions to
capture general interaction patterns and then adapts parameters to new cold-start items using
limited data. Common approaches use meta-learning that helps models generalize better from
limited interactions, via gradient-based optimization [118, 57], task adaptation [129, 242], or
memory-augmented modules [50, 295].

In more challenging ICS scenarios with no interaction data, studies focus on deriving
content-based item representations while still maintaining strong performance on warm items.
Early works explored perturbation training strategies to reduce reliance on interactions and
encourage models to learn generalized recommendations solely from content features [209,
304]. Others formulated item representation learning as an explicit knowledge alignment task,
bridging warm interaction-based and content-based representations through methods such as
contrastive learning [231, 299] and generative adversarial networks (GANs) [22, 2]. Inductive
recommendation particularly tackles the challenge of recommending new items without any
associated interactions. Existing methods leverage side information like tags or descriptions [164,
304, 121], modality representations [87, 88, 189], and behavior patterns [238, 237].

In recent years, graph neural networks [243] have gained attention for modeling user-item
interaction graphs in recommendation, with its power in modeling higher-order relationships
beyond direct interactions and content features. However, a key challenge remains in effectively
propagating information to cold-start items, where interaction signals are sparse. One typical
methods trains the model to infer probable edges on the original use item interaction graph for

cold-start items to enable information aggregation. Typical training tasks involves masking and
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reconstruction [112], maximizing mutual information [219], and uncertainty estimation [140].
On the other hand, another stream of work enrich the existing interaction graph with more fine-
grained connections to propagate information to cold-start items. The constructed edges includes
semantic links [14, 139], multi-view feature extractions [294], and knowledge relations [53].
To mitigate data sparsity for cold-start item recommendation, researchers have explored
using cross-domain interactions to learn generalizable patterns and transfer knowledge from
data-rich domains [300, 301, 249]. However, a key challenge lies in designing effective transfer
techniques that account for discrepancies between domains. Early works primarily relied on
overlapping information between the source and target domain, including items [192, 301] or
attributes [203]. To address distributional differences, distribution alignment [141, 218] and
invariant representation learning [240, 74] has been proposed to build robust item representations
to facilitate knowledge transfer. Recently, with the rise of pretrained language models (PLMs),
text representations have proven to be powerful semantic bridges, reducing the need for explicit
entity overlaps between domains [44, 63, 87]. To learn universal representations from text,
many approaches leverage pretraining across multiple domains, followed by fine-tuning on

domain-specific tasks to enable seamless cross-domain transfer [87, 88, 121].

9.1.6 Expressiveness of Recommendation Models

As recommender systems enter the era of deep learning, understanding the expressive
power of various architectures has emerged as a critical research direction. Existing literature can
be broadly categorized into two primary threads. The first focuses on the expressiveness of the
underlying backbone architectures upon which recommendation models are built, such as graph
neural networks [252, 153, 188, 12]. The second thread examines the dot-product-based scoring
functions, like connecting expressiveness with embedding dimensionality [161, 234, 149, 178].
However, unlike traditional two-tower models, generative recommendation produces predictions
by decoding sequences rather than retrieving single vectors. Consequently, the insights derived

from retrieval-based paradigms may not hold in this new context.

208



9.2 Action Tokenization
9.2.1 Semantic Encoders in Recommendation

Researchers have long sought to better leverage semantically rich textual features such
as titles and descriptions. Early works in content-based recommendation [152, 66] extracted
keywords and learned their collaborative relations between users and items [181, 210, 25, 212].
With advances in natural language processing (NLP), later studies began directly encoding text
features using pretrained models to better capture language semantics [26, 87, 266]. However,
such models often suffer from domain gaps between their pretraining data and recommendation
scenarios [88]. Recently, the emergence of LLMs with superior generalization capabilities has
inspired researchers to explore using LLMs as semantic encoders in recommendation [230, 180,

179, 189].

9.2.2 Semantic ID-Based Recommendation

Semantic ID refers to a sequence of discrete tokens that jointly index an item while retain-
ing some semantics [174, 88, 290, 193]. Existing methods for constructing semantic IDs tokenize
item features such as text [290, 104], images [132], and collaborative signals [165, 224, 225, 143]
using techniques like quantization [174, 220, 302, 292, 291], hierarchical clustering [96, 191],
or joint training with recommendation models [130]. By indexing items with semantic IDs,
one can maintain a fixed vocabulary of tokens independent of the number of items, enabling
scalable [271, 143] and memory-efficient models [174, 204, 166].

Early semantic ID-based recommendation models were primarily retrieval-based. Each
item’s semantic ID was embedded, and the closest aggregated semantic ID embeddings to
the user representation were retrieved [88, 166, 257]. With the rise of generative models and
insights from scaling laws in related fields, such as large language models (LLMs) [288] and
generative retrieval [204, 125, 126], generative recommendation has emerged as a promising

paradigm for sequential recommendation [174, 271, 128, 91, 92]. In generative recommendation,

209



tokens in semantic IDs directly serve as input for the sequence encoder. Models are then trained
to autoregressively generate the tokens, which can be then parsed as predicted items. These
generative models explicitly integrate semantics into the learning objective and align more
naturally with LLMs [290, 104, 200, 120].

Existing research has developed different action tokenization techniques, such as hi-
erarchical clustering [96, 191], quantization [174, 220, 302], or jointly training with recom-
mendation models [130]. Other works incorporate additional modalities like collaborative

filtering [165, 224, 225, 143, 132] and natural language [290, 104, 89, 276].

9.3 LLMs, Generative Models, and More General Machine
Learning Models

9.3.1 Benchmarking Embeddings and LLMs for Recommendation

To comprehensively evaluate text embedding models across domains and tasks, re-
searchers have developed benchmarks that aggregate multiple public datasets. An early ex-
ample is BEIR [205], which evaluates text embedding models on information retrieval tasks.
MTEB [154] and MMTEB [55] further expand the evaluation scope beyond retrieval to broader
embedding applications such as classification and clustering. Recently, BRIGHT [194] focuses
on retrieval tasks that require reasoning to identify relevant documents.

Existing efforts to benchmark LLMs for recommendation can be grouped into three cate-
gories: (1) benchmarking their real-world web interaction capabilities as shopping agents [260,
214]; (2) benchmarking their shopping-related knowledge and understanding of user intent [105];

and (3) benchmarking LLMs themselves as recommendation models [137, 134, 101, 138].

9.3.2 Speculative Decoding and Efficient Inference

Large language models (LLMs) [1, 288] have revolutionized a wide range of applications,
yet suffer from high inference latency due to autoregressive decoding and large model size.

Speculative decoding was proposed to accelerate LLM inference by leveraging a lightweight, ho-
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mologous drafter model to generate future token sequences, which are then verified by a stronger
target model, achieving lower latency and lossless performance [119, 18]. Subsequent efforts
have developed efficient drafting strategies [11, 81, 54], improved draft quality to maximize
acceptance rate [247, 65], and applied the framework to diverse domains [229, 37]. Recently,
Lin et al. [127] extended speculative decoding to accelerate top-K sequence generation in the

GR setting.

9.3.3 Tokenization for Large Language Models

Tokenization is the process of transforming raw text into discrete token sequences [116].
Early word-level methods are context-independent and struggle to tokenize out-of-vocabulary
words [199, 5]. Consequently, subword-level tokenization has gradually become the more
mainstream choice. The vocabularies of these subword-level tokenizers are constructed iteratively,
either bottom-up (starting with a small vocabulary and merging commonly occurring token pairs
as new tokens) [241, 186], or top-down (starting with a large vocabulary and pruning tokens to
minimize likelihood decrease) [115, 262]. Once the vocabulary is built, the text can be segmented
either using the same method employed during vocabulary construction or based on additional

objectives [78, 169, 84, 185].

9.3.4 Memorization and Generalization

The study of model memorization and generalization has long been a central concern
in machine learning, spanning from classical machine learning models [72, 259, 10] to modern
large language models [15, 221, 102]. A key challenge of conducting these analyses is how to
characterize the influence of training data on model behavior. One line of work approaches this
question through counterfactual memorization, which measures the causal effect of removing
individual training instances on task performance [273, 68, 175, 64]. However, these methods
are often computationally expensive and difficult to scale [68, 170, 246]. Other approaches

define generalization as robustness to local input perturbations (e.g., input clues [47] or task
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rules [248, 7, 31]).
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Chapter 10

Conclusion and Future Outlook

10.1 Summary of Contributions

In this dissertation, we present our research on action tokenization, which studies how to
effectively convert human-perceivable actions into machine-readable token sequences.

We mainly consider two data formats: semantic representations, i.e., continuous vectors,
and semantic IDs, i.e., discrete token sequences. Our contribution BLAIR shows that semantic
representations can already support powerful action tokenization methods, paving the way for
further study of semantic ID-based approaches, which are more memory-efficient and better
suited for building deep, large-scale generative models.

Our contributions around semantic IDs are organized into three major thrusts: tokenizing
actions into semantic IDs, modeling with semantic IDs, and understanding semantic IDs.

In the first thrust, we propose methods that produce semantic IDs that either capture
more useful information or become more expressive given the same input. Our contribution
MBGen formulates multi-behavior recommendation as an autoregressive generation task over
concatenated behavior-type tokens and item-action tokens, enabling training data from broader
behavior types to be used even when they differ from the target behavior. Our contribution
ActionPiece challenges the context-independent nature of existing action tokenization methods
and proposes a context-aware approach in which the same action can be tokenized differently

depending on its context. Our contribution RPG extends semantic IDs from relatively short
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sequences to much longer ones while maintaining efficient inference, showing that longer
semantic IDs can provide greater expressiveness.

In the second thrust, we propose methods that make better use of given semantic IDs to
support specific capabilities. Our contribution SpecGR finds that semantic ID-based generative
recommendation methods struggle to generate semantic IDs that have not been seen during train-
ing. We therefore leverage the strong ranking capability of generative recommendation models
to rank candidates proposed by an inductive drafter model. Our contribution Latte identifies an
inherent expressiveness limitation in the structural decoding process, where items with similar
semantic IDs tend to receive correlated generation probabilities. This limits personalization in
recommendation results. To address this issue, we introduce a latent token before the actual
decoding tree, thereby increasing the effective tree distance between originally correlated items.

In the final thrust, we systematically analyze the discrepancy between generative recom-
mendation models and conventional item ID-based recommendation models through the lens of
memorization and generalization, aiming to understand what benefits semantic IDs and action
tokenization bring to recommendation tasks. We find that generative recommendation models
generally generalize better across datasets, but may sometimes memorize worse. We further
show that this discrepancy comes from how different models tokenize action data, demonstrating

that action tokenization fundamentally affects recommendation performance.

10.2 Future Directions

In addition to the topics discussed in this dissertation, several future directions remain

interesting and potentially worth further investigation:

1. Gaps between metrics on constructed semantic IDs and downstream recommendation
performance. At present, the most reliable way to determine whether a set of constructed
semantic IDs is better than an existing one is still to train downstream recommendation

models and compare their final performance. Several metrics have been proposed to

214



measure the quality of constructed semantic IDs, such as token utilization rate and entropy.
However, these metrics may be useful for identifying poor semantic IDs, but they are
often less effective at distinguishing among stronger semantic ID constructions. More
fundamentally, it remains unclear whether developing intrinsic metrics on semantic IDs
that reliably inform downstream recommendation performance is merely difficult, or
whether it is impossible. The community would therefore benefit from further studies that
clarify when such metrics are possible, what information they must capture, and what

limitations they may inevitably face.

. Inference efficiency. Latency is one of the key bottlenecks hindering the broad adoption of
generative recommendation models. Compared with traditional nearest-neighbor search,
which can often be performed through a single dot product over candidate representa-
tions, generative recommendation models typically require autoregressive generation with
constrained beam search, involving multiple model forward passes. This issue becomes
even more severe when each forward pass is expensive, as in billion-scale LLM-aligned
generative models. Although generative recommendation has the potential to reduce the
latency overhead introduced by coordinating multiple stages in traditional recommendation
pipelines, and may benefit from improved parallelism after sufficient scaling, more practi-
cal exploration is needed to better understand these trade-offs. Another potential solution
is distillation, which uses cheaper architectures to reduce the cost of model forwarding, as

in Guo et al. [71].

. LLM-native generative recommendation. A key motivation for studying generative rec-
ommendation is the possibility of scaling up recommendation models and aligning them
with generative models from other modalities, such as LLMs. Existing work has ex-
plored aligning LLMs with semantic IDs by constructing cross-modal data and performing
post-training to introduce semantic IDs as new tokens. This approach works to some

extent, but introducing a new modality at the post-training stage remains challenging. A
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more promising pathway may be to incorporate generalizable user behavior data directly
during pre-training, leading to large generative models that understand both user behav-
iors and other modalities. This could ultimately support LLM-native, or more broadly

multimodal-model-native, personalized assistants and recommender systems.

4. Action tokenization methods beyond semantic IDs. Semantic IDs are a useful solution at
the current stage, but they may not be the final form of tokenizing action data into token
sequences. They involve a chain of processing steps, such as encoding and quantization,
that are difficult to optimize end-to-end. In particular, clustering and quantization often
introduce information loss. Semantic representation-based generative models have tradi-
tionally been considered difficult to build because they require optimization and alignment
over a large vocabulary of encoded representations. However, with recent progress in con-
tinuous vector sequence modeling and improved alignment techniques between semantic
spaces and generative models, such approaches may become increasingly powerful for

action tokenization.
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