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Abstract

Representational Learning for Grounded Reasoning Across Modalities

by

BANGZHENG LI

Doctor of Philosophy in Computer Science

University of California, DAVIS

Associate Professor Muhao Chen, Chair

The quest for artificial general intelligence is fundamentally a quest for robust machine

reasoning—the ability of a model to transcend simple pattern matching and perform multi-

step logical inference. This dissertation argues that the bottleneck of current machine

reasoning lies not just in model scale, but in the nature of the underlying representations the

models utilize. We explore the evolution of these representations from static linguistic indices

to dynamic, latent multimodal spaces, and finally to learned internal attention policies.

The first part of this work addresses the limitations of categorical representations in Natural

Language Processing. We introduce LITE, a framework that reformulates entity typing as a

Natural Language Inference (NLI) problem. By mapping diverse entity types into a semantic

hypothesis space rather than fixed indices, we demonstrate that models can achieve superior

generalization to unseen concepts, establishing that reasoning is more effective when grounded

in rich semantic representations.

In the second part, we diagnose the fragility of these reasoning chains. Through the EUREQA

benchmark, we uncover a systemic vulnerability in Large Language Models (LLMs): the

tendency to follow "deceptive semantic shortcuts." We prove that models often rely on
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superficial entity associations rather than faithful multi-hop logic. This finding motivates the

need for reasoning mechanisms that are more deeply grounded in the input data rather than

biased linguistic priors.

The third part of the dissertation extends these insights into the multimodal domain. We

first propose Semantic-Clipping (SEMCLIP), a framework that uses textual semantics to

dynamically select relevant visual representations, enhancing efficiency and fine-grained

reasoning without retraining. We then advance this concept with Latent Visual Reasoning

(LVR), a novel paradigm where reasoning occurs directly within the visual embedding space.

By training Multimodal LLMs to generate latent states that reconstruct key visual features,

we move beyond surface-level text rationales, enabling models to "think" in visual tokens.

Finally, we propose Reinforced Attention Learning (RAL) to optimize the fundamental

mechanics of these representations. By applying policy-gradient reinforcement learning directly

to internal attention distributions, we shift the optimization objective from what the model

generates to where it attends. This approach, coupled with On-Policy Attention Distillation,

provides a principled method for cross-modal alignment that outperforms standard token-

based distillation.

Collectively, the contributions of this dissertation demonstrate that by advancing how models

represent, select, and attend to information, we can move toward machine reasoning systems

that are more efficient, less prone to hallucination, and capable of sophisticated latent inference

across modalities.
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Dedicated to those whose labor creates the world; may artificial intelligence belong to the

many, not be wielded by the few.

Practice is the sole criterion for testing truth.
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Chapter 1

Introduction

The pursuit of artificial general intelligence is, at its core, a pursuit of robust machine

reasoning—the capacity for a computational system to move beyond surface-level pattern

matching and perform multi-step logical inference over complex, heterogeneous inputs. While

the past decade has witnessed extraordinary progress in the scale and capability of neural

language models, a growing body of evidence suggests that scale alone is insufficient to

guarantee faithful reasoning. Models that appear to reason correctly on standard benchmarks

often rely on spurious statistical correlations, fail to generalize to novel compositions of known

facts, and hallucinate plausible but incorrect conclusions when the distribution of test inputs

shifts even modestly from that of training data. These failures point to a deeper issue: the

bottleneck in machine reasoning is not merely computational, but representational.

This dissertation argues that advancing machine reasoning requires a fundamental rethink-

ing of how models represent, select, and attend to information. Across five interconnected

studies, we trace an arc from the limitations of categorical representations in natural language

processing, through the diagnosis of reasoning fragility in large language models, to the

development of novel multimodal reasoning paradigms that operate in learned latent spaces.

The unifying thesis is that reasoning quality is tightly coupled with representation quality, and

that by engineering richer, more dynamic, and more semantically grounded representations,

we can build systems that are more efficient, more robust, and less prone to hallucination.

The motivation for this research agenda emerges from a confluence of trends. First, the

rapid adoption of large language models (LLMs) in high-stakes applications—from medical

1



question answering to legal document analysis—has made the reliability of reasoning chains

a practical concern, not merely an academic one. Second, the extension of language models

into the multimodal domain, where they must jointly process text and images, has exposed

new failure modes that purely textual diagnostics cannot capture. Third, the community’s

increasing interest in test-time scaling and chain-of-thought prompting has raised important

questions about whether generating more tokens at inference time truly constitutes deeper

reasoning, or whether it merely amplifies existing biases in the model’s internal representations.

In what follows, we provide the context necessary to understand each contribution of

this dissertation. We begin by reviewing the evolution of entity representations in natural

language understanding, which motivates our first contribution. We then discuss the problem

of reasoning faithfulness in LLMs, which motivates our diagnostic benchmark. Next, we turn

to the multimodal setting, reviewing the challenges of visual representation and reasoning

in vision-language models. Finally, we describe the role of attention mechanisms as a

representational bottleneck, motivating our work on reinforcement learning over attention

distributions. A comprehensive review of related work and the technical preliminaries

underlying each contribution is deferred to Chapter 2.

1.1 From Indices to Semantics: Rethinking Entity

Representations

Entity typing—the task of inferring the semantic types of entity mentions in text—is a

foundational problem in natural language understanding. The resulting type information

grounds linguistic expressions to real-world concepts and provides valuable prior knowledge

for downstream tasks such as entity linking, question answering, and information extraction.

For much of its history, the entity typing community has formulated the problem as multi-way

classification, in which each candidate type is assigned a fixed numerical index and a model

is trained to select the correct indices given an input sentence and entity mention.

This classification-based paradigm works reasonably well when the type inventory is small

and closed. However, real-world entity types are extremely diverse, and the community

has increasingly recognized the need for more fine-grained modeling. The Ultra-Fine Entity

2



Typing (UFET) benchmark, for instance, defines over ten thousand free-form type candidates,

ranging from coarse categories like “person” and “location” to highly specific types like

“political activist” or “renaissance painter.” The dramatic expansion of the type space exposes

two critical weaknesses of the classification paradigm. First, because types are reduced to

indices, the model has no mechanism for understanding the semantics of the types themselves.

Without access to what a type means, the model struggles to make correct predictions when

annotated data for a given type is scarce or nonexistent. Second, classification-based systems

are inherently closed-world: they cannot recognize entity types that were not present in the

training label space unless the entire classifier is retrained.

These limitations motivated the first contribution of this dissertation, LITE (Language

Inference based Typing of Entities). Rather than treating entity typing as classification

over indices, LITE reformulates it as a natural language inference (NLI) problem. Each

entity-mentioning sentence is treated as a premise, and each candidate type is transformed

via templates into a natural-language hypothesis. An NLI model then scores the entailment

relationship between premise and hypothesis, and a learning-to-rank objective optimizes these

scores so that hypotheses corresponding to correct types are ranked above those for incorrect

types. This reformulation preserves the semantics of both the input context and the candidate

types, enabling the model to generalize to previously unseen types through compositional

understanding of the hypothesis text. The approach yields state-of-the-art results on both

ultra-fine and traditional fine-grained entity typing benchmarks and demonstrates strong

transferability across datasets with different type inventories.

More broadly, the LITE framework establishes a principle that recurs throughout this

dissertation: reasoning is more effective when grounded in rich semantic representations

rather than arbitrary categorical indices. This insight carries implications well beyond entity

typing. It suggests that whenever a model must make decisions over a large or open-ended

space of possibilities, reformulating the problem so that each candidate is represented in a

semantically meaningful way—rather than as a mere label index—can yield substantial gains

in generalization and robustness.
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1.2 Diagnosing Reasoning Fragility: Deceptive Semantic

Shortcuts

The success of large language models on multi-hop reasoning benchmarks has been widely

celebrated, yet it remains an open question whether these models genuinely perform faithful

multi-step inference or instead exploit superficial statistical shortcuts to arrive at plausible

answers. This question has profound implications: if LLMs are primarily relying on co-

occurrence patterns absorbed during pre-training rather than executing the logical steps

implied by a chain-of-thought prompt, then their apparent reasoning ability is far more brittle

than benchmark scores suggest.

Consider a multi-hop question that asks a model to identify an individual who is simulta-

neously a producer of one film and a cast member of another. A truly reasoning system would

decompose this into sub-queries, retrieve the relevant sets of individuals, and compute their

intersection. In practice, however, a language model may bypass this process entirely if the

correct answer—say, a famous actor—co-occurs frequently with both films in the pre-training

corpus. The model can emit the correct answer through a shortcut of semantic association,

never performing the intended multi-hop reasoning at all. Such shortcuts are effective on

common test cases that align with pre-training distributions, but they fail catastrophically

when the associations are removed or made misleading.

To rigorously investigate this phenomenon, the second contribution of this dissertation

introduces EUREQA (Extended Understanding and REasoning QA), a multi-hop question-

answering benchmark specifically designed to diminish semantic associations and introduce

deceptive semantic cues. The dataset construction method replaces entities that are directly

relevant to the correct answer with placeholder variables, supplemented by descriptive

sentences that the model must process through genuine multi-hop reasoning to resolve. The

reasoning depth can be systematically increased by recursively replacing entities in these

descriptions with further sub-queries, creating chains of arbitrary length while maintaining a

simple, consistent reasoning path.

Evaluation on EUREQA reveals a striking gap between human and model performance.

State-of-the-art LLMs, including GPT-4, achieve only 62–64% accuracy on the benchmark,
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while humans solve the same problems near-perfectly with minimal effort. Furthermore,

model performance correlates strongly with the semantic similarity between the gold answer

and other entities mentioned in the question, providing direct evidence that the models are

exploiting surface-level entity associations rather than following faithful reasoning chains.

These findings establish that the problem of reasoning in LLMs is not merely one of scale or

prompting strategy—it is a representational problem, rooted in the model’s tendency to rely

on biased linguistic priors rather than grounded logical inference.

The diagnostic lessons of EUREQA motivate the subsequent chapters of this dissertation.

If reasoning fails because models latch onto superficial textual cues rather than engaging

deeply with the input data, then one promising direction is to develop reasoning mechanisms

that are more deeply grounded—either in richer textual representations or, as we explore

next, in visual representations that complement and constrain the textual reasoning process.

1.3 Toward Grounded Multimodal Reasoning

Efficient Visual Selection with Semantic Guidance

Vision-language models (VLMs) have achieved remarkable results on tasks that require joint

understanding of images and text. The dominant architectural paradigm processes an input

image through a visual encoder, which produces a fixed set of patch-level tokens, and then

feeds these tokens as a prefix to a large language model. While effective, this approach faces a

fundamental tension: preserving fine-grained visual detail requires higher-resolution encoding,

which produces more visual tokens, which in turn strains the context limits of the language

model, increases computational cost, and can paradoxically degrade reasoning performance

by flooding the model with irrelevant visual information.

The human visual system offers an instructive contrast. When searching for a specific

object in a cluttered scene, a person does not process every visual region with equal attention;

instead, they leverage task-relevant cues to focus on the most pertinent area. Motivated by

this observation, the third contribution of this dissertation introduces Semantic-Clipping

(SEMCLIP), a plug-and-play framework for semantic-guided visual selection. During inference,

SEMCLIP segments an input image into multiple candidate sub-images and scores the
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relevance of each sub-image to the textual query. The most relevant sub-image is then

appended to the original image before being passed to the VLM, providing enhanced visual

detail precisely where it is needed without incurring the cost of encoding the entire image at

high resolution.

SEMCLIP explores multiple strategies for computing relevance scores, including ap-

proaches based on features extracted from VLM modules, pre-trained vision-language align-

ment models, and efficiently fine-tuned scoring models. Experimental results demonstrate

that SEMCLIP significantly improves visual question-answering performance across several

widely used VLMs while using fewer visual tokens than baseline high-resolution methods.

Critically, SEMCLIP requires no model retraining, making it immediately applicable to

existing deployed systems. The framework also reveals a substantial gap between the current

visual understanding capabilities of VLMs and their theoretical upper bound under oracle

sub-image selection, suggesting that better visual selection is a high-leverage avenue for future

improvement.

Latent Visual Reasoning in Embedding Space

While SEMCLIP addresses the visual selection problem at the input level, a more fundamental

question remains: can multimodal models reason directly in the visual embedding space,

rather than translating all reasoning into text? Existing multimodal reasoning paradigms

can be broadly categorized into two families. The first, often termed “thinking about

images,” performs chain-of-thought reasoning entirely in text space, generating lengthy

textual descriptions of visual content as an intermediate step. The second, “thinking with

images,” uses external tools to manipulate images during reasoning—for example, by drawing

auxiliary lines, zooming into regions, or highlighting sub-areas—and re-encoding the results.

Both paradigms ultimately funnel visual information through textual channels, and both

suffer from characteristic limitations: text-only reasoning can be overwhelmed by the very

tokens it generates, causing the textual context to overshadow the original visual inputs,

while tool-based approaches are constrained by the predefined operations of the external tools

and may bypass newly injected visual information due to training biases.

The fourth contribution of this dissertation, Latent Visual Reasoning (LVR), proposes
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an alternative paradigm that addresses these limitations. Observing that continuous visual

tokens and discrete text tokens are already embedded in a shared latent semantic space

within multimodal LLMs, LVR enables the language model to perform hybrid reasoning that

alternates between standard text generation and a novel latent visual reasoning phase. In

the LVR phase, the model’s last hidden states are trained to approximate question-relevant

visual tokens—that is, the model learns to “think” in visual representations, reconstructing

the semantics of regions of interest directly in the embedding space rather than describing

them in text.

LVR is trained through a two-stage pipeline. The first stage uses supervised fine-tuning

with a reconstruction loss alongside standard next-token prediction, teaching the model

to produce latent states that faithfully encode relevant visual features. The second stage

applies reinforcement learning, adapting the GRPO algorithm to replay latent reasoning

steps during policy gradient computation, which allows the model to self-improve its latent

reasoning process using rewards derived from text-generation quality. Experimental results

show that LVR achieves substantial improvements over state-of-the-art multimodal LLMs,

particularly on perception-intensive tasks and benchmarks that demand fine-grained visual

detail understanding. By moving reasoning into the embedding space, LVR represents a

significant step toward models that integrate visual and textual information at the level of

internal representation rather than surface-level translation.

1.4 Optimizing the Mechanics of Representation:

Reinforced Attention Learning

The preceding contributions advance how models represent inputs and structure reasoning.

The final contribution of this dissertation turns to a still deeper question: can we optimize the

fundamental mechanism by which models allocate attention across representations? In the

Transformer architecture, the attention mechanism governs which tokens in the input context

influence the generation of each output token. For multimodal models, this mechanism is the

primary gateway through which visual information reaches the language model’s reasoning

process. Standard post-training methods, including reinforcement learning from human
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feedback (RLHF) and group relative policy optimization (GRPO), optimize the model’s next-

token distribution—that is, they optimize what the model generates. However, they do so only

indirectly with respect to where the model attends, leaving the internal information-routing

process as an implicit byproduct of token-level optimization.

This indirection is particularly costly in the multimodal setting. Accurately answering fine-

grained visual questions requires the model to attend precisely to task-relevant visual tokens

among a potentially large set of input patches. Standard RL post-training can encourage

correct final answers, but it provides no direct gradient signal to the attention layers regarding

which visual regions should be prioritized. The result is that attention patterns are only

loosely aligned with the visual grounding demands of the task.

To address this gap, the fifth and final contribution of this dissertation proposes Reinforced

Attention Learning (RAL), an algorithm that reformulates the post-training policy to operate

directly on attention distributions rather than token distributions. In RAL, the attention

pattern itself is treated as the policy: when a generated response receives a high reward, the

algorithm reinforces the underlying attention distribution by minimizing its divergence from

a reference policy, and when a response receives a low reward, the algorithm penalizes the

corresponding attention pattern. By shifting the optimization target from token likelihood to

attention allocation, RAL provides a more direct training signal for cross-modal alignment.

The RAL framework naturally extends to a distillation setting. Traditional knowledge

distillation focuses on aligning the token-level probability distributions of a student model

with those of a teacher. RAL introduces on-policy attention distillation, which transfers

knowledge through both token-level and attention-level alignment. Experimental results

demonstrate that RAL consistently outperforms GRPO across diverse video and image

question-answering benchmarks, with particularly strong gains on perception-intensive tasks,

and that the inclusion of attention distillation provides significant additional improvements

for student models inheriting fine-grained perceptual behaviors from a teacher.

1.5 Thesis Statement and Contributions

This dissertation advances the following thesis: the quality of machine reasoning is fun-

damentally constrained by the quality of the underlying representations, and systematic
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improvements to how models represent, select, and attend to information yield reasoning

systems that are more efficient, more robust, and less prone to hallucination across both

unimodal and multimodal settings.

In support of this thesis, the dissertation makes five principal contributions:

1. LITE: Language Inference based Typing of Entities. We introduce a framework

that reformulates entity typing as a natural language inference problem, demonstrating

that grounding type representations in semantics rather than indices enables supe-

rior generalization, state-of-the-art performance, and zero-shot transfer across type

inventories (Chapter 3).

2. EUREQA: Extended Understanding and Reasoning QA. We propose a diagnos-

tic benchmark that exposes the tendency of large language models to follow deceptive

semantic shortcuts rather than faithful multi-hop reasoning chains, establishing that

the reasoning fragility of LLMs is a representational problem rooted in biased linguistic

priors (Chapter 4).

3. SEMCLIP: Semantic-Guided Visual Selection. We develop a plug-and-play

framework for semantically guided sub-image selection that enhances fine-grained

visual understanding in vision-language models without retraining, demonstrating that

dynamically selecting task-relevant visual representations improves both performance

and efficiency (Chapter 5).

4. LVR: Latent Visual Reasoning. We introduce a novel multimodal reasoning

paradigm in which the language model reasons directly in the visual embedding space

by generating latent states that reconstruct question-relevant visual features, achieving

substantial improvements on perception-intensive benchmarks (Chapter 6).

5. RAL: Reinforced Attention Learning. We propose a post-training algorithm that

optimizes attention distributions via policy-gradient reinforcement learning, shifting

the training signal from what the model generates to where it attends, and extend

this framework to on-policy attention distillation for effective cross-modal knowledge

transfer (Chapter 7).

9



1.6 Dissertation Organization

The remainder of this dissertation is organized as follows. Chapter 2 provides the background

and technical preliminaries that underlie the contributions of this work, including foundations

in natural language inference, multi-hop reasoning, vision-language modeling, and reinforce-

ment learning for language models. Chapter 3 presents LITE and the reformulation of entity

typing as natural language inference. Chapter 4 introduces the EUREQA benchmark and

the analysis of deceptive semantic shortcuts in LLM reasoning. Chapter 5 describes the

SEMCLIP framework for semantic-guided visual selection. Chapter 6 develops the Latent

Visual Reasoning paradigm for multimodal reasoning in embedding space. Chapter 7 presents

Reinforced Attention Learning and on-policy attention distillation. Finally, Chapter 8 con-

cludes the dissertation with a synthesis of findings, a discussion of limitations, and directions

for future research.
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Chapter 2

Background

2.1 Reasoning as Representation and Control in

Foundation Models

This dissertation studies machine reasoning through a representation-centric lens: reasoning

performance depends not only on model scale and training data, but on (i) what representations

the model reasons over (label semantics, latent multimodal states), (ii) how evidence is selected

(query-conditioned visual selection), and (iii) how internal computation is allocated (attention

policies). These three dimensions—representation, selection, and control—cut across several

active research areas: entity typing and structured prediction, natural language inference,

reasoning evaluation and multi-hop question answering, vision-language modeling, multimodal

reasoning paradigms, and post-training via reinforcement learning and distillation. This

chapter reviews each of these areas in turn and clarifies how they connect to the contributions

of this dissertation.

The rapid scaling of pre-trained language models over the past several years has produced

systems capable of fluent text generation, in-context learning, and increasingly complex forms

of structured reasoning. Yet scaling alone has not resolved fundamental challenges: models

still hallucinate, exploit distributional shortcuts, and struggle with fine-grained cross-modal

grounding. A central argument of this dissertation is that many of these failures are best

understood as representational failures—arising not from insufficient model capacity, but
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from the mismatch between the representations a model operates over and the structure of

the reasoning task it faces. The background presented in this chapter is organized to make

this argument concrete, tracing the representational bottleneck from discrete label spaces

in entity typing (Section 2.3), through the shortcut vulnerabilities exposed in multi-hop

reasoning (Section 2.4), to the modality gap in vision-language models (Section 2.5), the

emergence of latent-space reasoning as an alternative to text-mediated inference (Section 2.6),

and finally the optimization of attention as the mechanism that governs information flow

across all of these settings (Section 2.7).

2.2 Transformers, Attention, and the Interface to

Multimodal Reasoning

Transformers (Vaswani et al., 2017) provide the dominant computational substrate for

modern large language models (LLMs) and multimodal large language models (MLLMs).

Their defining operation is attention, which dynamically allocates weight across tokens to

compute contextualized representations. Given a sequence of token embeddings, each layer

computes query, key, and value projections and produces an output that is a weighted

combination of the values, where the weights are determined by the compatibility between

queries and keys. This mechanism allows every token in the sequence to attend to every

other token, enabling the model to capture long-range dependencies and perform implicit

information retrieval within its context window.

In multimodal architectures, visual content is typically encoded into a sequence of

continuous visual tokens—for example, patch features produced by a ViT (Dosovitskiy

et al., 2020) or CLIP-style encoder (Radford et al., 2021)—and then aligned into the language

model’s embedding space through a cross-modal connector such as an MLP projector (Liu

et al., 2023), Q-Former (Dai et al., 2023), or resampler (Alayrac et al., 2022). The resulting

unified sequence of visual and textual tokens is processed by the backbone LLM in the same

autoregressive framework used for text-only generation. Crucially, this means that the same

attention mechanism that mediates token-to-token dependencies in language also mediates

the flow of information from visual tokens to the language model’s generation process.
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This design yields a critical implication for multimodal reasoning: although outputs are

generated as discrete text tokens, producing correct answers often requires precise internal

selection and aggregation of multimodal evidence, governed largely by cross-modal attention

patterns. A model that attends to the wrong visual region, or that allows irrelevant textual

context to overshadow salient visual information, will fail regardless of how well its output

distribution has been calibrated. This observation motivates the three broad strategies

explored in this dissertation: (i) improving which visual tokens enter the context in the first

place (Chapter 5), (ii) enabling reasoning directly in latent multimodal representations rather

than translating everything into text (Chapter 6), and (iii) optimizing attention behavior

explicitly through reinforcement learning rather than relying on indirect supervision through

token-level objectives (Chapter 7). The earlier chapters on entity typing (Chapter 3) and

reasoning diagnostics (Chapter 4) lay the groundwork by establishing that representational

choices matter profoundly even in the text-only setting.

The remainder of this chapter reviews the specific technical areas that inform each

contribution.

2.3 Entity Typing and Natural Language Inference

Entity Typing

Entity typing—the task of assigning semantic type labels to entity mentions in context—

has been a long-standing problem in natural language understanding. The foundational

formulation by Ling and Weld (2012) cast the problem as multi-label classification over a

predefined type inventory. A central challenge in early work was the scarcity of annotated

training data, which motivated a series of efforts based on automatic annotation using

knowledge base links and distant supervision (Gillick et al., 2014; Ling and Weld, 2012;

Yogatama et al., 2015). Subsequent research addressed the noise inherent in distant supervision

and the structural dependencies among type labels. Hierarchy-aware loss functions were

introduced to model parent–child relationships in type ontologies (Ren et al., 2016; Xu and

Barbosa, 2018), and external knowledge from knowledge bases was incorporated to capture

semantic relations among types (Jin et al., 2019; Dai et al., 2019; Obeidat et al., 2019).
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The introduction of the Ultra-Fine Entity Typing (UFET) benchmark by Choi et al.

(2018) marked a significant shift in the field. UFET expanded the type space to over ten

thousand free-form candidates, moving far beyond the closed inventories of earlier benchmarks

and exposing fundamental limitations of classification-based approaches. In response, several

methods sought to model the structure of this large label space more effectively. Xiong et al.

(2019) employed graph propagation layers to capture implicit type dependencies. Onoe and

Durrett (2019) trained filtering and relabeling models on human-annotated data to denoise

automatically generated training sets. Onoe et al. (2021) introduced box embeddings (Vilnis

et al., 2018) to represent hierarchical type dependencies as geometric containment relationships

among axis-aligned hyper-rectangles. To address data insufficiency, Dai et al. (2021) leveraged

pre-trained language models for augmenting training data through masked entity generation.

Despite these advances, a fundamental limitation persisted: all of these systems encoded

types as numerical indices, discarding the semantic content of the type labels themselves. This

representational choice prevents models from generalizing to types unseen during training and

limits their effectiveness in low-resource settings where individual types have few annotated

examples. The work presented in Chapter 3 addresses this limitation by reformulating entity

typing as a natural language inference problem, thereby preserving the semantics of type

labels and enabling zero-shot generalization.

Natural Language Inference as a Tool for Generalization

Natural language inference (NLI)—the task of determining whether a hypothesis is entailed

by, contradicted by, or neutral with respect to a given premise—has evolved from early

approaches grounded in lexical semantics and syntactic analysis (Dagan et al., 2006) to

modern neural methods that leverage pre-trained language models. Parikh et al. (2016)

introduced attention-based decomposable models using bidirectional LSTMs (Hochreiter

and Schmidhuber, 1997), while more recent systems build on pre-trained encoders such as

BERT (Devlin et al., 2019) and RoBERTa (Liu et al., 2019), trained on large-scale NLI

corpora including SNLI (Bowman et al., 2015) and MultiNLI (Williams et al., 2018).

The generalization capabilities of pre-trained NLI models have led to their adoption as

indirect supervision signals for a range of prediction tasks with limited labeled data. Yin et al.
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(2019) demonstrated the viability of NLI-based zero-shot and few-shot text classification by

casting class labels as hypotheses. Shen et al. (2021) applied NLI-based document similarity

for multi-class classification, and Sainz et al. (2021) leveraged NLI for few-shot and zero-shot

relation extraction. In the question answering domain, Chen et al. (2021) proposed verifying

QA system outputs by converting question–answer pairs into hypotheses and extracting

textual evidence as premises. Yin et al. (2020) and White et al. (2017) explored NLI as a

unified solver for multiple text understanding tasks, including coreference resolution and

multiple-choice QA.

Prompt-based approaches have also emerged as a related strategy for leveraging the

implicit knowledge in pre-trained models. Ding et al. (2021) adopted prompts to model

the relationship between entities and type labels, using masked language models for label

generation. While superficially similar to template-based hypothesis construction, prompt-

based methods differ in that they query the generative distribution of a language model

rather than the entailment judgment of an NLI model. The LITE framework introduced

in Chapter 3 takes the latter approach, treating entity typing as a ranking problem over

NLI-scored hypotheses, which enables principled handling of large, open-ended label spaces

and cross-dataset transfer.

2.4 Multi-Hop Reasoning and Shortcut Vulnerabilities

Reasoning in Large Language Models

Large language models have demonstrated increasingly sophisticated reasoning abilities

across diverse domains, including program synthesis (Kuznia et al., 2022), mathematical

reasoning (Mishra et al., 2022), symbolic logic (Gaur and Saunshi, 2023), and commonsense

inference (Feng et al., 2023). A key enabler of these capabilities has been the development of

inference-time strategies that elicit structured reasoning. Chain-of-thought (CoT) prompt-

ing (Wei et al., 2022) encourages models to generate intermediate reasoning steps, while

decomposition-based methods break complex queries into manageable sub-problems (Zhou

et al., 2022; Yao et al., 2023). When combined with these techniques, LLMs have achieved

strong results on multi-hop and complex question-answering benchmarks (Geva et al., 2021).
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However, strong benchmark performance does not necessarily imply faithful reasoning.

A growing body of work has questioned whether LLMs genuinely execute the multi-step

inference implied by their chain-of-thought outputs, or whether they primarily exploit

statistical regularities in the pre-training data to produce plausible answers. This concern

is closely related to the broader problem of shortcut learning in neural networks, where

models learn decision rules that perform well on in-distribution test sets but fail to capture

the intended task structure (Geirhos et al., 2020). In the context of multi-hop reasoning,

shortcuts may take the form of entity co-occurrence patterns: a model may “know” the answer

to a multi-hop question not because it has performed the requisite chain of inference, but

because the answer entity frequently co-occurs with other entities mentioned in the question

within the training corpus.

Benchmarking Reasoning Faithfulness

Existing multi-hop QA benchmarks such as HotpotQA (Yang et al., 2018) and MuSiQue

(Trivedi et al., 2022) have provided valuable testbeds for evaluating reasoning but were not

specifically designed to control for shortcut exploitation. As a result, strong performance

on these benchmarks may reflect a mixture of genuine reasoning and statistical shortcuts,

making it difficult to diagnose the true reasoning capabilities of a model in isolation.

The EUREQA benchmark introduced in Chapter 4 addresses this gap by constructing

questions where semantic shortcuts are systematically removed and replaced with deceptive

cues. By controlling for entity co-occurrence and gradually increasing reasoning depth,

EUREQA isolates the model’s capacity for faithful multi-hop inference from its ability to

exploit distributional patterns. The benchmark draws on knowledge base facts that predate

the training data of the evaluated models, ensuring that the required information should be

accessible to the models while the surface-level shortcuts are not.
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2.5 Vision-Language Models and Cross-Modal

Grounding

Architecture and Training of Vision-Language Models

Vision-language models (VLMs) extend the capabilities of large language models to the

visual domain by incorporating visual encoders and cross-modal connectors. The dominant

architecture consists of three components: a pre-trained vision encoder, typically based on

the Vision Transformer (ViT) (Dosovitskiy et al., 2020) or CLIP (Radford et al., 2021), which

produces patch-level visual tokens; a cross-modal connector that maps these tokens into

the language model’s embedding space; and a pre-trained LLM that processes the resulting

multimodal token sequence (Alayrac et al., 2022; Dai et al., 2023; Liu et al., 2023).

Training generally proceeds in two stages. The first stage performs vision-language

pre-training on image–caption pairs (Schuhmann et al., 2022; Singh et al., 2022) and inter-

leaved image–text data (Laurençon et al., 2024; Zhu et al., 2024), aligning the visual and

textual embedding spaces. The second stage applies instruction tuning with vision-grounded

prompts (Liu et al., 2023; Zhang et al., 2023a), adapting the model to follow complex

multimodal instructions.

The design of the cross-modal connector has been an active area of research. Early

approaches used resampler modules (Alayrac et al., 2022) or Q-Former architectures (Bai

et al., 2023; Dai et al., 2023) to compress visual information into a fixed number of tokens.

More recent work has favored simpler MLP projectors, which map visual encoder outputs

directly into the LLM token space and have been shown to outperform more complex

alternatives in many settings (Liu et al., 2023).

High-Resolution Visual Understanding

A persistent challenge in VLMs is the tension between visual fidelity and computational

efficiency. Standard visual encoders downsample input images to a fixed resolution, which

can cause shape distortions and loss of fine-grained details critical for tasks such as optical

character recognition (OCR), chart analysis, and detailed scene understanding (Liu et al.,
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2024b; Thapa et al., 2024). The number of visual tokens produced by a patch-based encoder

grows quadratically with image resolution (Tong et al., 2024b), creating a direct conflict

between preserving visual detail and respecting the context length limits of the LLM backbone.

Several strategies have been proposed to address this challenge. High-resolution en-

coders (Li et al., 2024e; Lv et al., 2023) reduce excessive downsampling but produce propor-

tionally more tokens. Multi-crop or patchification methods (Li et al., 2023a; Dong et al., 2024;

Li et al., 2024f) segment images into overlapping sub-images that are individually encoded

at native resolution and then concatenated. Training-based approaches such as Matryoshka

Multimodal Models (Cai et al., 2024) and Scaling on Scales (Shi et al., 2025) fine-tune

VLMs on instruction data specifically curated for high-resolution understanding. Other

methods guide the model’s attention toward question-relevant regions through bounding box

supervision (Shao et al., 2024b).

The SEMCLIP framework presented in Chapter 5 takes a complementary approach.

Rather than encoding the entire image at high resolution, SEMCLIP uses textual signals

to dynamically select the most task-relevant sub-image, appending only this selected region

to the original encoding. This strategy achieves comparable or superior performance to full

high-resolution methods while requiring significantly fewer visual tokens and no additional

model training.

2.6 Latent Reasoning in Textual and Visual Domains

Chain-of-Thought Reasoning for Multimodal Models

The extension of chain-of-thought reasoning to multimodal settings has followed two broad

paradigms. The first, which Su et al. (2025c) term “thinking about images,” performs

reasoning entirely in text space. Under this paradigm, the LLM generates textual descriptions

or analyses of visual content as intermediate reasoning steps before producing a final answer.

Early approaches focused on constructing supervised fine-tuning datasets that demonstrate

such reasoning patterns (Xu et al., 2024; Shao et al., 2024a; Wei et al., 2025b). More recently,

the field has shifted toward reinforcement learning methods that allow models to discover

effective reasoning strategies through trial and reward (Peng et al., 2025; Tan et al., 2025;

18



Meng et al., 2025; Yang et al., 2025a), with active investigation into reward design (Hong

et al., 2025), training curricula (Wei et al., 2025a; Deng et al., 2025c; Liu et al., 2025b; Chen

et al., 2025b), and verification mechanisms for quality control (Wang et al., 2025c; Shen

et al., 2025a; Zhang et al., 2025b; Chen et al., 2025a). Complementary efforts have sought to

reduce visual hallucination through auxiliary caption generation (Xia et al., 2025) or image

masking (Wang et al., 2025g), and to ground answers in specific visual evidence by predicting

points, bounding boxes, or region descriptions (Jiang et al., 2025; Ni et al., 2025; Yu et al.,

2025; Liu et al., 2025c).

The second paradigm, “thinking with images,” augments the reasoning process with active

visual manipulation. Methods in this family invoke external tools during chain-of-thought

reasoning to zoom into image regions (Su et al., 2025a; Zhang et al., 2025d), draw auxiliary

annotations (Hu et al., 2024), shift image styles (Liu et al., 2025a), highlight sub-regions (Fu

et al., 2025c), or apply specialized processing such as OCR (Huang et al., 2025b). Early

implementations relied on supervised fine-tuning to teach tool-use behaviors (Wang et al.,

2025b; Zhang et al., 2025a; Chung et al., 2025), while more recent work employs reinforcement

learning to learn when and how to invoke tools (Zhang et al., 2025d; Su et al., 2025b; Geng

et al., 2025; Wu et al., 2025a), enabling interleaved reasoning and tool execution (Wu et al.,

2025b; Zheng et al., 2025).

Both paradigms address a core limitation: despite sophisticated visual encoders, backbone

LLMs often fail to capture the visual details most relevant to a query. This failure stems from

modality projection bias (Zhang et al., 2024; Liu et al., 2023), modality interference (Cai

et al., 2025; Wang et al., 2025e; Pezeshkpour et al., 2025), and cross-modality attention

bias (Zhang et al., 2025c). However, both paradigms also share a fundamental limitation:

they ultimately route visual understanding through textual channels, either by generating

descriptive text tokens or by relying on the predefined operations of external tools.

Latent-Space Reasoning

A distinct line of research explores the possibility of reasoning directly in continuous rep-

resentation spaces rather than discrete token spaces. In natural language processing, Hao

et al. (2024) proposed passing last hidden states forward as continuous “thoughts” rather
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than decoding them into text, demonstrating more efficient expression of complex reasoning.

Subsequent work has investigated both fixed-length and variable-length latent reasoning

strategies (Cheng and Van Durme, 2024), and Shen et al. (2025b) explored using latent

representations to approximate token-level reasoning.

A key challenge for latent reasoning in the purely textual domain is interpretability: latent

states lack the grounding that would make supervision straightforward. The visual domain

offers a potential advantage in this regard, since latent visual tokens correspond to spatially

localized, semantically meaningful regions of the input image. Recent efforts have begun to

explore this direction, using latent spaces to capture visual content for reasoning (Yang et al.,

2025b; Bigverdi et al., 2025). However, many of these approaches require auxiliary images to

supervise the latent tokens, introducing additional labeling costs and limiting scalability.

A parallel line of work on omni-modality foundation models generates outputs in both

text and visual modalities simultaneously (Team, 2024; Deng et al., 2025b; Xie et al., 2025).

Some subsequent studies attempt to exploit image generation capabilities for reasoning, but

effectiveness has been demonstrated only in narrow domains such as navigation and maze

solving (Li et al., 2025b; Xu et al., 2025), and it remains unclear whether visual inputs can

be faithfully preserved through decode–re-encode cycles.

The Latent Visual Reasoning paradigm introduced in Chapter 6 addresses these limitations

by training the LLM to generate latent states that reconstruct question-relevant visual features

directly in the shared embedding space, without requiring auxiliary images or external tools,

and without decoding visual information into text.

2.7 Reinforcement Learning for Post-Training and

Knowledge Distillation

Post-Training with Reinforcement Learning

Post-training through reinforcement learning has become the standard approach for aligning

large language models with human intent (Ouyang et al., 2022). The canonical RLHF

pipeline consists of three stages: supervised fine-tuning on demonstration data, training a
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reward model to approximate human preferences (Christiano et al., 2017), and optimizing

the language model policy via RL to maximize expected reward. Early implementations

relied on Proximal Policy Optimization (PPO) (Schulman et al., 2017), which significantly

improved model safety and helpfulness (Bai et al., 2022) but imposed substantial memory

overhead due to its actor–critic architecture.

Group Relative Policy Optimization (GRPO) (Shao et al., 2024d) addressed this computa-

tional burden by replacing the learned critic with group-averaged reward estimates computed

from multiple sampled responses. This simplification reduces overhead while maintaining

strong performance, particularly in domains with verifiable rewards such as mathematical

reasoning and code generation (Guo et al., 2025), giving rise to the paradigm of RL with

Verifiable Rewards (RLVR).

Extending post-training to multimodal LLMs introduces challenges beyond text-only

alignment, including visual hallucination and robust cross-modal grounding (Liu et al., 2023;

Li et al., 2023c; Zhu et al., 2023). Recent methods have adapted RLHF, RLVR, and Direct

Preference Optimization (DPO) to improve visual grounding and reduce hallucinations (Bai

et al., 2025b; Zhu et al., 2025; Huang et al., 2025a). A persistent issue is modality bias, where

models over-rely on linguistic priors or overfit to superficial visual cues (Cai et al., 2025).

Recent work has designed reward functions that discourage text-only shortcuts, penalize

spurious visual correlations, and promote faithful evidence-based responses (Xia et al., 2025;

Wang et al., 2025f).

Critically, all of these methods operate at the level of token-level output distributions.

They optimize what the model generates, but provide only indirect supervision for where

the model attends internally. The Reinforced Attention Learning framework introduced in

Chapter 7 addresses this gap by reformulating the RL policy to operate directly on attention

distributions, providing a more direct training signal for cross-modal information selection.

Knowledge Distillation

Knowledge distillation transfers the learned representations of a high-capacity teacher model

to a smaller student model by training the student to match softened output distributions

rather than hard labels (Hinton et al., 2015). This approach provides richer supervisory
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signals than standard training and has been widely adopted for model compression, domain

adaptation, and efficient deployment (Romero et al., 2015; Zagoruyko and Komodakis, 2016).

In the context of large language models, distillation has been extended beyond output

logits to intermediate representations, attention maps, and hidden states, enabling improved

preservation of structural and reasoning behaviors (Sun et al., 2019; Jiao et al., 2020; Wang

et al., 2020).

A particularly relevant development is on-policy distillation (Agarwal et al., 2024), in which

the student generates responses under its own policy and receives teacher supervision along

these self-generated trajectories. Compared to offline distillation on static datasets, on-policy

distillation mitigates exposure bias and better aligns the student’s learned distribution with

deployment-time behavior. This paradigm bridges the gap between supervised distillation

and RL-based post-training, retaining the stability of supervised objectives while benefiting

from the distributional alignment properties of on-policy learning.

The on-policy attention distillation framework introduced in Chapter 7 builds on these

foundations by incorporating attention-level supervision into the distillation process. Rather

than transferring knowledge solely through token-level distribution matching, we additionally

align the student’s internal attention patterns with those of the teacher, providing a principled

mechanism for transferring fine-grained perceptual and grounding behaviors.

2.8 Summary

The background reviewed in this chapter highlights several recurrent themes that motivate

the contributions of this dissertation. First, in entity typing and text classification, the

representational choice of encoding labels as indices versus preserving their semantics has

a profound impact on generalization, particularly in low-resource and open-world settings.

Second, the impressive benchmark performance of large language models on reasoning tasks

masks a fragility rooted in shortcut exploitation, which existing evaluation protocols are often

unable to detect. Third, vision-language models face a fundamental tension between visual

fidelity and computational efficiency, and current approaches to multimodal reasoning remain

bottlenecked by the need to translate visual understanding into text. Fourth, latent-space

reasoning offers a promising alternative to text-mediated reasoning, but existing approaches
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in the visual domain are limited by their dependence on auxiliary supervision or external tools.

Fifth, post-training through reinforcement learning has been transformative for language

model alignment, but current methods optimize only the output token distribution, leaving

the internal attention mechanism—arguably the most critical component for cross-modal

information selection—as an unoptimized byproduct.

The following chapters present our contributions to addressing each of these challenges in

turn.
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Chapter 3

LITE: Ultra-Fine Entity Typing with

Indirect Supervision from Natural

Language Inference

3.1 Introduction

Entity typing—inferring the semantic types of entity mentions in text—is a fundamental

problem in natural language understanding that supports downstream tasks such as entity

linking (Ling et al., 2015; Onoe and Durrett, 2020), question answering (Yavuz et al., 2016),

and information extraction (Koch et al., 2014). As discussed in Chapter 2, prior studies have

predominantly formulated entity typing as a multi-way classification problem (Wang et al.,

2021; Zhang et al., 2019; Chen et al., 2020; Hu et al., 2020), encoding candidate types as

numerical indices. While this paradigm is adequate when the type inventory is small and

closed, it proves insufficient for real-world scenarios where entity types are extremely diverse.

The Ultra-Fine Entity Typing (UFET) benchmark (Choi et al., 2018) exemplifies this

challenge, requiring models to search among over ten thousand free-form type candidates. The

dramatic increase in types raises two critical issues. First, classification-based systems that

convert types into indices have no mechanism for understanding the semantics of the types

themselves, making it difficult to match entity mentions to correct types when annotated

data per type is scarce. Second, such classifiers cannot recognize types unseen during training
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without complete retraining to accommodate new labels.

To address these challenges, this chapter presents LITE (Language Inference based Typing

of Entities), a learning framework that reformulates ultra-fine entity typing as a natural

language inference (NLI) problem (Dagan et al., 2006). LITE treats each entity-mentioning

sentence as a premise in NLI and transforms candidate types into textual hypotheses via

template-based generation. The entailment score from an NLI model serves as the confidence

for each type, and a learning-to-rank objective optimizes these scores so that hypotheses of

correct types rank above those of incorrect types.

This formulation benefits entity typing from three perspectives. First, the inference ability

of a pre-trained NLI model provides effective indirect supervision. Second, the hypothesis, as

a type description, offers a semantically rich representation that benefits few-shot learning.

Third, label dependency across granularities is captured by learning entailment relations

between fine-grained and coarse-grained type descriptions. Experimental results on the UFET

benchmark show that LITE drastically outperforms prior state-of-the-art systems (Dai et al.,

2021; Onoe et al., 2021; Liu et al., 2021) without requiring distantly supervised data. LITE

also yields the best performance on traditional fine-grained entity typing benchmarks and

demonstrates strong transferability to datasets with unseen types.

The contributions of this chapter are three-fold. First, to our knowledge, this is the

first work that uses NLI formulation and NLI supervision for entity typing, preserving label

semantics and encoding label dependencies effectively. Second, LITE achieves state-of-the-art

performance on both ultra-fine and regular fine-grained typing tasks, with particularly strong

results on zero-shot and few-shot cases. Third, we demonstrate that LITE, once trained, can

transfer to different test sets containing unseen types. The work presented in this chapter

was previously published in Transactions of the Association for Computational Linguistics as

"Ultra-fine entity typing with indirect supervision from natural language inference" (Li et al.,

2022).

3.2 Method

In this section, we introduce the proposed method for ultra-fine entity typing with NLI. We

begin with the problem definition and an overview of the framework (Section 3.2), followed
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by technical details of type description generation (Section 3.2), label dependency modeling

(Section 3.2), the learning objective (Section 3.2), and inference (Section 3.2).

Preliminaries

Problem Definition. The input to an entity typing task is a sentence s and an entity

mention of interest e ∈ s. The task aims to assign one or more type labels from the label

space L to e. For instance, in “Jay is currently working on his Spring 09 collection, which is

being sponsored by the YKK Group,” the entity “Jay” should be labeled as person, designer,

or creator rather than organization or location.

The structure of the label space L varies across benchmarks. In OntoNotes (Gillick et al.,

2014), labels follow a strict hierarchy (e.g., /location/transit/bridge). In FIGER (Ling and

Weld, 2012), some labels have hierarchical dependencies while others are free-form (e.g.,

currency). For UFET (Choi et al., 2018), which is our primary benchmark, no ontology is

provided and the label vocabulary consists of free-form words only.

Overview of LITE. Given a sentence with an entity mention, LITE treats the sentence as

the premise in NLI, then learns to type the entity in three consecutive steps (illustrated in

Figure 3.1). First, LITE employs a template-based technique to generate a natural language

description for each type candidate, which serves as the hypothesis. Second, to capture

label dependency, LITE generates type descriptions for any ancestor types and learns their

logical dependencies. Third, LITE fine-tunes a pre-trained NLI model with a learning-to-rank

objective that ranks positive type descriptions above negative-sampled ones according to

entailment scores. During inference, the model predicts types whose hypothetical descriptions

receive the highest entailment scores.

Type Description Generation

Given each sentence s with an annotated entity mention e, LITE generates a natural language

type description T (a) for each type label annotation a, which acts as a hypothesis in NLI.

We consider three generation techniques:

26



In fact, Chrysler needs to convince investors it 
is on the right track if it wants to pay back 

billions in loans from the U.S. and Canadian 
governments. 

Template-based hypothesis generation

Entity-mentioning sentence

Label Space

person, location, time, object … 
firm, manufacturer, corporation, company, 

… 

Chrysler is a company.  

…

In fact, Chrysler needs to convince investors it is on the right track if it wants to pay back 
billions in loans from the U.S. and Canadian governments. 

Generated by pre-defined templates

Chrysler is a company.  

Premise

Hypotheses by TRUE labels

Chrysler is a sea bird.  

Hypotheses by FALSE labels

91%

Confidence given the premise
(entailment score)

15%

Model Inference

NLI 

Heavy Rain is set to come 
out on February 23rd , but 
it is said that there will be 
a playable demo available 

on the 11th . 

Rank 
over

…

Heavy Rain is a game.  
Hypotheses by all 

labels from label space

…

…

Label words 
with most 
confident 
hypotheses

Heavy Rain is a dog.  

Chrysler is a corporation.  

Chrysler is a sea bird.  

Figure 3.1: Entity typing by LITE with indirect supervision from NLI.

• Taxonomic statement. This template directly connects the entity mention and the type

label with an “is-a” statement: “[ENTITY] is a [LABEL]”.

• Contextual explanation. This template generates a declarative sentence with a context-

related connective: “In this context, [ENTITY] is referring to [LABEL]”.

• Label substitution. Inspired by the coreference-to-NLI transformation of Yin et al.

(2020), this technique directly replaces the [ENTITY] in the original sentence with

[LABEL], so the NLI model treats the modified sentence as the hypothesis.

Table 3.1 shows examples of each template. Each provides a semantically meaningful way to

connect the entity with a candidate label, enabling the NLI model to leverage its inference

ability to assess the entity–label relationship.

We also explored automatic template generation using the method of Gao et al. (2021),

which employs the pre-trained T5 model (Raffel et al., 2020) to fill template placeholders.

The majority of T5-generated templates followed the pattern of a prepositional phrase (e.g.,
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Templates Type Descriptions Premise-Hypothesis Pairs for NLI

Taxonomic State-
ment

Jay is a producer. Premise: “Jay is currently working on his Spring 09 collec-
tion, . . . ”
Hypothesis: “Jay is a producer.”

Contextual Expla-
nation

In this context, career at a company
is referring to duration.

Premise: “No one expects a career at a company any
more, . . . ”
Hypothesis: “In this context, career at a company is
referring to duration.”

Label Substitution Musician knows how to make a hip-hop
record sound good.

Premise: “He knows how to make a hip-hop record sound
good.”
Hypothesis: “Musician knows how to make a hip-hop
record sound good.”

Table 3.1: Type description instances of three templates. Entity mentions are boldfaced
and underlined while label words are only boldfaced.

in fact, in this context) followed by a statement such as “[ENTITY] is a [LABEL].” This

observation guided our selection of the contextual explanation template.

Based on preliminary results on the development set, the taxonomic statement template

generally yields the best performance across most settings (see Section 3.3). The main

experiments therefore report results using this template.

Modeling Label Dependency

Entity type vocabularies often form hierarchies that enforce logical dependency among labels

of different specificity. LITE extends the type description generation process to capture such

dependencies. For a specific type label whose description has been generated, if ancestor types

exist, LITE generates descriptions for each ancestor and learns entailment relations among

them. The descendant type description serves as the premise and the ancestor description

serves as the hypothesis. For instance, in OntoNotes (Gillick et al., 2014), if the entity London

is labeled as /location/city and the taxonomic statement template is used, LITE generates

both “London is a city” and “London is a location.” The fine-grained description “London

is a city” then acts as the premise for the coarse-grained hypothesis “London is a location,”

helping the model capture the dependency between these labels.

This technique adapts naturally to tasks where no type ontology is available but instances

are annotated with multiple labels of different specificity. For UFET (Choi et al., 2018), while
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no ontology is provided, the task separates labels into general, fine, and ultra-fine categories.

For an entity Mike Tyson simultaneously labeled as person (general), sportsman (fine), and

boxer (ultra-fine), each pair of descendant and ancestor descriptions is added to training.

Learning Objective

Let L denote the type vocabulary. Given a sentence s with a mentioned entity e, we use

P to denote all true type labels of e, including both the original labels and any induced

ancestor labels (Section 3.2). For each label p ∈ P , the NLI model computes an entailment

score ε(s,H(p)) ∈ [0, 1] for the premise s and the hypothesis H(p) generated by one of the

templates in Section 3.2. A negative sample p′ ∈ L \ P is randomly selected and scored as

ε(s,H(p′)). The margin ranking loss for an annotated training case is:

Lt = [ε(s,H(p′))− ε(s,H(p)) + γ]+, (3.1)

where [x]+ = max(x, 0) and γ is a non-negative margin constant.

A similar ranking loss captures label dependency. For any existing pair of ancestor type

pan and descendant type pde from P , the training process regards H(pde) as the premise and

H(pan) as the hypothesis, yielding score ε(H(pde), H(pan)). The label dependency loss is:

Ld = [ε(H(pde), H(p′an))− ε(H(pde), H(pan)) + γ]+, (3.2)

where p′an is a negative-sampled type label.

The overall learning objective optimizes the following joint loss:

L =
1

|S|
∑
s∈S

1

|Ps|
∑
p∈Ps

Lt + λLd, (3.3)

where S denotes the dataset, Ps denotes the set of true labels for an entity in sentence s, and

λ is a non-negative hyperparameter controlling the influence of dependency modeling.

Inference

During inference, LITE ranks descriptions for all type labels in the vocabulary. For any

given sentence s mentioning an entity e, the model generates a type description for each
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candidate label. Taking s as the premise, the fine-tuned NLI model ranks the hypothetical

type descriptions by their entailment scores. LITE then selects labels whose descriptions

receive scores above a threshold, or selects the top-ranked label when single-label prediction

is required.

3.3 Experiments

We evaluate the LITE framework on the UFET benchmark (Section 3.3) and on traditional

fine-grained entity typing tasks (Section 3.3), followed by comprehensive analyses (Section 3.3).

Ultra-Fine Entity Typing

We use the UFET benchmark created by Choi et al. (2018). The dataset consists of two parts:

(i) human-labeled data (L) with 5,994 instances split equally into train/dev/test (1,998 each);

and (ii) distant supervision data (D) comprising 5.2M instances labeled by linking entities

to a knowledge base, plus 20M instances generated by headword extraction. We follow the

original benchmark design and evaluate using loose macro-averaged precision (P), recall (R),

and F1.

Training Data. In our approach, supervision can come from the MNLI data (NLI) (Williams

et al., 2018), distant supervision data (D), and human-labeled data (L). We investigate the

best combination through the following training pipelines:

• LITENLI: Pre-train on MNLI, then predict directly without tuning on D or L.

• LITEL: Fine-tune only on L.

• LITENLI+L: Pre-train on MNLI, then fine-tune on L.

• LITED+L: Pre-train on D, then fine-tune on L.

• LITENLI+D+L: Pre-train on MNLI, then on D, finally fine-tune on L.

Model Configurations. The system is initialized from RoBERTa-large (Liu et al., 2019)

and optimized with AdamW (Loshchilov and Hutter, 2018). Hyperparameters are tuned on
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the development set: batch size 16, pre-training learning rate 1e-6, fine-tuning learning rate

5e-6, margin γ = 0.1, and λ = 0.05. Pre-training epochs are limited to 5; fine-tuning epochs

are limited to 2,000 with evaluation every 30 epochs on the development set.

Baselines. We compare LITE with the following systems: UFET-biLSTM (Choi et al.,

2018), which uses GloVe embeddings and a bi-LSTM encoder with a type label embedding

matrix; LabelGCN (Xiong et al., 2019), which adds a GCN layer to capture latent label

dependency; LDET (Onoe and Durrett, 2019), which uses ELMo embeddings and trains

a filter and relabeler to clean distant supervision data; Box4Types (Onoe et al., 2021),

which uses BERT-large with box embeddings for type dependency; LRN (Liu et al., 2021),

which uses BERT-base with LSTM-based auto-regression for label relation reasoning; and

MLMET (Dai et al., 2021), the prior state-of-the-art, which augments distant supervision

data using BERT masked language modeling and trains a linear classifier.

Results. Table 3.2 compares LITE with all baselines, using the taxonomic statement

template. Overall, LITENLI+L achieves state-of-the-art performance, outperforming MLMET

by 1.5% absolute F1. This comparison verifies the effectiveness of the entailment scheme and

indirect supervision from NLI—while MLMET builds a multi-way classifier on newly collected

distant supervision data and human-labeled data, LITE optimizes a textual entailment scheme

on MNLI and the human-labeled entity typing data alone.

The bottom block of Table 3.2 explores different training data combinations. Training on

MNLI alone (LITENLI) yields poor results, indicating that MNLI does not generalize directly

to UFET. Removing NLI supervision (LITEL vs. LITENLI+L) causes a noticeable performance

drop. The comparison between LITENLI+L and LITED+L demonstrates that MNLI, as an

out-of-domain resource, provides more beneficial supervision than distant annotations—to

our knowledge, this is the first work showing that indirect supervision from entailment data

can be more effective than domain-specific distant supervision for entity typing. However,

incorporating distant supervision into LITENLI+L (LITENLI+D+L) degrades performance, which

we analyze further in Section 3.3.

Label dependency modeling contributes a notable improvement: removing it from

LITENLI+L drops F1 from 50.6 to 49.7, with the main effect being a large increase in recall
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Model P R F1

UFET-biLSTM (Choi et al., 2018) 48.1 23.2 31.3
LabelGCN (Xiong et al., 2019) 50.3 29.2 36.9
LDET (Onoe and Durrett, 2019) 51.5 33.0 40.1
Box4Types (Onoe et al., 2021) 52.8 38.8 44.8
LRN (Liu et al., 2021) 54.5 38.9 45.4
MLMET (Dai et al., 2021) 53.6 45.3 49.1

LITE

NLI 1.5 7.1 2.5
L 48.7 45.8 47.2
D+L 27.5 56.4 37.0
NLI+D+L 45.4 49.9 47.4
NLI+L 52.4 48.9 50.6
– w/o label dependency 53.3 46.6 49.7

Table 3.2: Results on the ultra-fine entity typing task. LITE uses the taxonomic statement
template. “w/o label dependency” is applied to the NLI+L setting. The F1 result by
LITENLI+L is statistically significant (p < 0.01 in t-test) compared to MLMET.

(from 46.6 to 48.9) at the cost of minor precision loss.

Fine-Grained Entity Typing

We further evaluate LITE on two traditional fine-grained benchmarks to assess (i) its effec-

tiveness with smaller type sets, and (ii) whether a model trained on UFET can transfer to

other tasks containing unseen types.

OntoNotes (Gillick et al., 2014) contains 3.4M automatically labeled entity mentions

for training and 11k manually annotated instances (8k dev, 2k test), with a label space of

89 types. FIGER (Ling and Weld, 2012) contains 2M training samples labeled with 113

types, with 1,000 dev and 562 test instances. Within FIGER, 82 types have hierarchical

dependencies while 30 are free-form.

Table 3.3 reports results for two variants of LITE: one pre-trained on UFET and trans-

ferred directly (zero-shot), and one with task-specific training after NLI pre-training. The

task-specific variant outperforms the respective prior state-of-the-art on both benchmarks

(OntoNotes: 86.4 vs. 85.4 macro-F1; FIGER: 86.7 vs. 84.9 macro-F1).
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OntoNotes FIGER

Model macro-F1 micro-F1 macro-F1 micro-F1

Hierarchy-Typing (Chen et al., 2020) 73.0 68.1 83.0 79.8
Box4Types (Onoe and Durrett, 2020) 77.3 70.9 79.4 75.0
DSAM (Hu et al., 2020) 83.1 78.2 83.3 81.5
SEPREM (Xu et al., 2021) – – 86.1 82.1
MLMET (Dai et al., 2021) 85.4 80.4 – –

LITE
Pre-trained on NLI+UFET 86.6 81.4 80.1 74.7
NLI+task-specific training 86.4 80.9 86.7 83.3

Table 3.3: Results on fine-grained entity typing. All LITE results are statistically significant
(p < 0.05 in t-test) compared to the best baseline (MLMET on OntoNotes, SEPREM on
FIGER).

A notable advantage of LITE is its transferability across benchmarks. LITE pre-trained

on UFET achieves competitive performance on both OntoNotes and FIGER with zero-shot

transfer, even exceeding the task-specific variant on OntoNotes (86.6 macro-F1). This is

particularly remarkable given that 12.5% of OntoNotes types and 16.8% of FIGER types

are unseen in the UFET type space. Traditional multi-way classifiers, once trained on one

benchmark, must be retrained to handle new benchmarks. In contrast, LITE’s reliance on

a ranking objective and understanding of type semantics enables prediction of types never

encountered during training.

Analysis

We provide analyses addressing several key questions: why distant supervision data did not

help, the effectiveness of each type description template, LITE’s generalization to zero-shot

and few-shot types, qualitative patterns in predictions, and time efficiency.

Effect of Distant Supervision Data. As Table 3.2 indicates, adding distant supervision

data in LITENLI+D+L leads to a 3.2% absolute drop in F1 compared to LITENLI+L. This is

attributable to pervasive noise in the distant supervision data (Onoe and Durrett, 2019).

Table 3.4 lists representative problems. Entity linking introduces a large number of false
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Data Source Sentence Labels

Entity Linking
(a) From 1928–1929, he enrolled in graduate coursework at Yale
University in New Haven, Connecticut.

location, author,
province, cemetery,
person

(b) Once Upon Andalasia is a video game based on the film of the
same name.

art, film

Head Word
(c) You can also use them in casseroles and they can be grated and
fried if you want to make hash browns.

brown

(d) He has written a number of short stories in different fictional
worlds, including Dragonlance.

number

(e) Despite obvious parallels and relationships, video art is not film. film

Table 3.4: Examples from two sources of distant supervision data. Correct types are
boldfaced; incorrect ones are in grey.

LITENLI+L LITENLI+D+L LITED+L

Templates P R F1 P R F1 P R F1

Taxonomic Statement 52.4 48.9 50.6 45.4 49.9 47.4 27.5 56.4 37.0
Contextual Explanation 50.8 49.2 50.2 45.3 48.5 46.8 26.9 55.4 36.2
Label Substitution 47.4 49.3 48.3 42.5 50.7 46.2 24.8 59.3 35.0

Table 3.5: Behavior of different type description templates under three training settings.

positive types—for instance, the state Connecticut may be mislabeled as author, cemetery,

and person. Headword extraction struggles with compositional expressions: hash brown is

labeled as brown, and a number of short stories yields number as the type. Moreover, distant

supervision often fails to recall all positive types, meaning that correct but un-annotated types

are treated as negative samples during training, actively harming LITE’s learning-to-rank

objective.

Type Description Templates. Table 3.5 reveals how template choices affect performance

across three training settings. The taxonomic statement consistently outperforms the other two

templates. Contextual explanation yields close but slightly lower results. Label substitution

leads to a more noticeable F1 drop, likely because the absence of the entity mention in the

hypothesis makes it harder for the NLI model to ground the type assessment.
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Figure 3.2: Performance comparison of LITE and MLMET on the filtered UFET benchmark
for zero-shot and few-shot typing. Zero-shot labels correspond to the 40% of test types unseen
in training.

Zero-Shot and Few-Shot Prediction. To rigorously evaluate generalization, we con-

ducted an experiment in which portions of UFET training labels are randomly filtered out

so that 40% of the test labels are unseen during training. Figure 3.2 shows the results of

LITENLI+L and the strongest baseline, MLMET. Note that while the held-out labels are

completely unseen to LITE, the full type vocabulary is provided to MLMET during its

language-model-based data augmentation.

As expected, performance on more frequent labels exceeds that on rare labels for both

systems. However, LITE outperforms MLMET across all zero-shot and few-shot frequency

bins. The advantage is most dramatic on zero-shot labels: LITE achieves 32.9% F1 compared

to MLMET’s 10.8%. This demonstrates that the NLI-based formulation, by preserving the

semantics of type labels, enables far more reliable inference on types unseen during training.

Case Study. We randomly sampled 100 labels on which LITE improves over MLMET by

at least 50% in F1 and identified three characteristic patterns, as illustrated in Table 3.6:

• Contextual inference (28%): LITE leverages broader contextual cues. For example,

from “winning the 50-meter backstroke gold medal,” LITE correctly types a pronoun as

swimmer in addition to athlete.
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Input True Labels Prediction

LI
TE

ex
ce

ed
s

M
L
M

E
T (a) The University of California communica-

tions major gave her mother a fitting present,
surprising herself by winning the 50-meter back-
stroke gold medal.

athlete, person, swim-
mer*, contestant,
scholar, child

LITE: athlete, person, swimmer*,
female, student, winner
MLMET: athlete, person, child,
adult, female, mother, woman

(b) The apology is being viewed as a watershed
in Australia , with major television networks
airing it live and crowd gathering around huge
screens in the city.

event, apology*, plea,
regret

LITE: event, apology*, ceremony,
happening, concept
MLMET: event, message

(c) A drawing table is also sometimes called a
mechanical desk because , for several centuries ,
most mechanical desks were drawing tables.

object, desk, furniture*,
board, table

LITE: object, desk, furniture*
MLMET: object, desk, computer

M
L
M

E
T

ex
ce

ed
s
LI

TE (d) He attended the University of Virginia ,
where he played basketball and baseball ;
his brother Bill also played baseball for the
University.

basketball*, baseball,
fun, action, activity,
contact sport, game,
sport, athletics, ball
game, ball, event

LITE: activity, game, sport, event,
ball game, ball, athletics
MLMET: activity, game, sport,
event, basketball*

(e) The manner in which it was confirmed
however smacked of an acrimonious end to
the relationship between club and player with
Chelsea.

manner*, way, concept,
style, method

LITE: event
MLMET: manner*, event

Table 3.6: Case study of labels on which LITE improves MLMET or vice versa. Correct
predictions are in blue; * marks the representative label for each discussed pattern.

• Coreference (20%): LITE correctly resolves pronominal references. For the pronoun

it in a sentence about an apology, LITE predicts apology while MLMET captures only

surface-level cues.

• Hypernym inference (19%): Even without explicit mention of furniture in text, LITE

assigns high confidence to this type for mechanical desks, recognizing the hypernym

relationship.

LITE falls short in two scenarios: multi-word nominal entities (30%), where ambiguous

type descriptions hinder performance (e.g., “basketball and baseball is a basketball” is

semantically confusing); and clausal entity mentions (28%), where clausal information

distracts the model from the key entity.

Prediction on Different Categories of Entity Mentions. We also investigated perfor-

mance across three categories of entity mentions from the UFET test data: named entities,
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Named Entity Pronoun Nominal

P R F1 P R F1 P R F1

LITENLI+L 58.6 55.5 57.0 51.2 57.5 54.2 45.3 47.1 46.2
MLMET 58.3 54.4 56.3 57.2 50.0 53.4 49.5 38.9 43.5

Table 3.7: Performance comparison of LITE and MLMET on named entity, pronoun, and
nominal entity mentions.

pronouns, and nominals. For each category, we randomly sampled 100 instances. As shown in

Table 3.7, LITE consistently outperforms MLMET across all three categories, with the most

significant improvement on nominal phrases (46.2% vs. 43.5% F1). This aligns with LITE’s

strength in hypernym inference. Typing on nominals is generally more challenging because

nominal phrases with multiple words are harder for the encoder to represent, and nominals

tend to be more abstract, leading LITE to generate overly abstract types (e.g., labeling the

drink as substance).

Time Efficiency. LITE requires approximately 40 hours of training, compared to over 180

hours for the previous strongest model MLMET, on the UFET task.1 During inference, LITE

requires approximately 35 seconds per sentence to score the full type vocabulary of over

10,000 labels, compared to approximately 0.2 seconds for a standard multi-way classifier. This

increased inference cost stems from encoding longer texts and computing multiple entailment

scores per input. However, LITE is substantially more efficient for dynamic type vocabularies :

when new types are added, LITE requires virtually no recomputation, whereas multi-way

classifiers must be retrained with an extended classification layer (e.g., over 180 hours for

MLMET).
1All time estimates are based on a commodity server with a TITAN RTX GPU. Training and evaluation

batch sizes are maximized to 16 and 128 for LITE and MLMET, respectively.
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3.4 Conclusion and Transition

This chapter presented LITE, a framework that reformulates entity typing as a natural

language inference problem. Through template-based type hypothesis generation, LITE

leverages indirect supervision from NLI to produce semantically rich representations of

entity types, alleviating the data scarcity problem that plagues ultra-fine entity typing. The

learning-to-rank objective enables generalized prediction across benchmarks with disjoint

type sets. Experimental results demonstrate that LITE achieves state-of-the-art performance

on UFET, OntoNotes, and FIGER, with particularly strong results on zero-shot and few-shot

types. A LITE model pre-trained on UFET also exhibits strong transferability, outperforming

baselines when applied directly to OntoNotes and FIGER without further training.

Looking ahead. The results of this chapter establish a representational principle that

will recur throughout this dissertation: reasoning over rich semantic descriptions of labels,

rather than opaque numerical indices, enables models to generalize to novel concepts and

transfer across tasks. However, a natural question arises: if the way we represent the

output space matters this much, what happens when the model’s internal reasoning process

itself relies on shallow representational shortcuts? The LITE framework assumes that the

NLI backbone performs genuine semantic inference over premise–hypothesis pairs, yet large

language models—including those that underpin modern NLI systems—have been shown to

exploit spurious statistical patterns rather than faithful reasoning chains. In the next chapter,

we turn from improving representations of what models predict to diagnosing representations

of how models reason. We introduce EUREQA, a benchmark designed to expose the deceptive

semantic shortcuts that large language models take when faced with multi-hop reasoning

tasks, revealing that the representational bottleneck extends from the output space into the

reasoning process itself.
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Chapter 4

EUREQA: Deceptive Semantic Shortcuts

on Reasoning Chains

4.1 Introduction

The previous chapter demonstrated that reasoning is more effective when grounded in rich

semantic representations rather than arbitrary categorical indices. A natural follow-up

question is whether the reasoning processes of large language models themselves are similarly

grounded, or whether models exploit shallow representational shortcuts to produce plausible

but unfaithful answers. This chapter investigates this question directly. The research described

in this chapter was originally published in the Proceedings of the 2024 Conference of the

North American Chapter of the Association for Computational Linguistics: Human Language

Technologies under the title "Deceptive semantic shortcuts on reasoning chains: How far can

models go without hallucination?" (Li et al., 2024a).

Recent progress in large language models (LLMs) has showcased their emergent abilities

across a wide range of reasoning tasks, including program synthesis (Kuznia et al., 2022),

mathematical reasoning (Mishra et al., 2022), symbolic logic (Gaur and Saunshi, 2023),

and commonsense reasoning (Feng et al., 2023). Innovations in inference methods—such

as chain-of-thought prompting (Wei et al., 2022) and problem decomposition (Zhou et al.,

2022; Yao et al., 2023)—have further improved these capabilities, and LLMs have achieved

exceptional results on multi-hop and complex QA benchmarks (Geva et al., 2021).
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Nonetheless, it remains under-investigated whether the effectiveness of LLMs’ reasoning

pattern OpenAI (2023); Team (2023) is genuinely based on a sensible reasoning path or if

these models predominantly depend on semantic associations (i.e., word distributions from

the pre-training data) to generate a plausible answer. Figure 4.1 shows how ChatGPT1 fails

to find the missing entity as we gradually remove relevant semantic cues as the reasoning

depth grows. The original question (labeled as “1 Layer” in Figure 4.1) asks models to find

an individual that satisfies two distinct conditions. It can be resolved by finding the set of

people who are producers of the film “Gardener of Eden” and the set of cast members of “J.

Edgar”, and checking for the overlapping entity. However, language models such as ChatGPT

may not necessarily perform this sensible entity-seeking process. This is because the correct

answer can simply (but incorrectly) be inferred by the high occurrence of “Leonardo DiCaprio”

in the model’s training data with “Gardener of Eden” and “J. Edgar”.2 In such a scenario,

ChatGPT may generate the correct response through this shortcut of semantic association.

Using semantic shortcuts such as co-occurring entities works well on common test cases. Still,

they limit systems’ generalizability and robustness on cases not aligning with pre-training

distributions. This is evident if we remove entities directly relevant to the answer, such

as “J. Edgar”, and replace them with recursive entity-seeking problems where models must

first identify them, shown as “3 Layers” in Figure 4.1. We observe that ChatGPT no longer

produces the right answer without enough semantic hints and hallucinates “Adam Sandler”,

which may be because “Eden” is related “Adam”, and at the same time, both the writer

and main character of “Gardener of Eden” is named “Adam.” In addition, ChatGPT almost

always comes up with “Adam Sandler” if asked for actors named “Adam.”

To investigate and quantify whether LLMs can follow a correct reasoning path and resist

the attempt to take “greedy shortcuts” during inference, we introduce EureQA (Extending

Underlying reasoning Chains in QA), a sophisticated multi-hop question answering

dataset, meticulously designed for diminishing semantic associations and gauging the capabil-

ity of LLMs in undertaking extensively chained reasoning processes. To create EureQA,

we design a method that removes semantic shortcuts that will lead to the correct answer
1In this paper, we consistently utilize the gpt-3.5-turbo-0301 checkpoint for ChatGPT.
2In fact, if we prompt ChatGPT with only three keywords “Gardner of Eden,” “J. Edgar” and “actor” and

let it generate anything, the outcome is almost always “Leonardo DiCaprio.”
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4 - Layer 
Question:

… …

1 - Layer 
Question: Which person produced Gardener of Eden and stars in J. Edgar?

2 - Layer 
Question: Film A is written by Dustin Lance Black, produced by Malpaso Productions.

Which person produced Gardener of Eden and stars in Film A?

3 - Layer 
Question: Film A is written by Dustin Lance Black and produced by Company B.

Company B is based in California and founded by Clint Eastwood.

Which person produced Gardener of Eden and stars in Film A?

Leonardo DiCaprio

Leonardo DiCaprio

Adam Sandler

Ron Howard

Adam is a 
character in
Film A…

Person C portrayed the character Josey Wales, and the music 
composer for Million Dollar Baby is Person C.

Ron is from 
U of Southern
California…

GPT

Figure 4.1: LLMs make errors when correct surface-level semantic cues—entities—are re-
cursively replaced with descriptions, and the errors are likely related to token similarity.
GPT-3.5-turbo is used for this example.

while adding “deceptive semantic cues” that are distracting and irrelevant to the correct

answer. We also guarantee a simple and consistent reasoning path and only use common

facts that should be memorized by the models. In this way, if an LLM fails on such tasks, it

directly suggests that the LLM is taking incorrect shortcuts during inference. For instance,

we modify the original question in Figure 4.1 by substituting “J. Edgar” with a placeholder

dubbed “Film A” and supplementing a descriptive sentence about the film. Our intent with

this strategy is to lessen the model’s reliance on direct information from the film name. We

can automatically extend the depth of a reasoning chain by further replacing entities in the

descriptive sentence about “Film A” with corresponding abstract names. In particular, this

generation method is developed on a knowledge base, ensuring that the information employed

predates the training data of the examined LLMs.

We then evaluate model performances on the EureQA benchmark. We show that

state-of-the-art LLMs,3 are incapable of proper reasoning for instances in EureQA, with

GPT-4 only achieving 62% to 64% accuracy in identifying common entities in Wikipedia and

ChatGPT less than 40%. On the contrary, humans achieve near-perfect performances without
3In this context, ChatGPT and GPT-4.
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5 - Layer 
Question:

Who is Person A? 

Person A wrote The Nutt House. Person A directed Film B. 

Madeline Kahn starred in Film B. Person C stars in Film B. 

Person C is buried at Hillside Memorial Park. 
Television Show D was directed by Person C. 

GPT

Person E directed Lime Street (TV series). 
Young Rebels was directed by Person E. 

Jerry Fielding composed the theme music for Television Show D. 
Person E directed Television Show D. 

o <The Nutt House, writer, ?>: Alan Spencer, Mel Brooks, Bruce Bilson

o <High Anxiety, director, ?>: Mel Brooks

o <?, starring, Madeline Kahn>:Slapstick of Another Kind, Won Ton Ton, High Anxiety, … …

o <?, starring, Howard Morris>: Tom and Jerry: The Movie, High Anxiety, … …

o <The Brian Keith Show, directed by, ?>: Howard Morris 

o <?, directed by, Earl Bellamy>: Blue Thunder, The Brian Keith Show, Tarzan, I Spy, … …

o <Lime Street (TV series), director, ?>: Ray Austin (director), Earl Bellamy

o <The Young Rebels,  directed by, ?>: Marc Daniels, Earl Bellamy, E. W. Swackhamer, … …

All 
Required
Info:

Chain-of-Thoughts: 

• Person A wrote The Nutt House. 
The Nutt House was written by 
Alan Spencer, Mel Brooks, and 
Bruce Bilson. Therefore, Person A 
could be Alan Spencer, Mel 
Brooks, or Bruce Bilson. 

• Person A also directed Film B. 
Film B starred Madeline Kahn. 
Madeline Kahn starred in several 
films, including Slapstick of 
Another Kind, Won Ton Ton, the 
Dog Who Saved Hollywood, … 
Since we don't have specific 
information about which of these 
films were directed by Alan 
Spencer, Mel Brooks, or Bruce 
Bilson, we can't determine the 
identity of Film B from this 
information.

• Therefore, it’s insufficient to 
identify A B C D E…

:  GPT Lost track since Film B…

Figure 4.2: Even given all the required information needed for the question (selected infor-
mation shown), GPT-4 still makes mistakes starting at early layers (highlighted in grey).
Partial output is shown. Few-shot prompts are provided.

much effort because of the simplicity and consistency of the gold reasoning path. We also

show that GPT-4 performance strongly correlates with the semantic similarities between the

gold answer and other entities mentioned in the question. These findings combined suggest

that even the best language models, with detailed in-context-learning (ICL) processes, still

fall for deceptive semantic shortcuts and hence hallucinate and fail on EureQA.

The contributions of this chapter are three-fold. First, we propose a novel method for

generating QA data with extended reasoning chains that allow us to create deceptive semantic

shortcuts. Second, we propose EureQA, a dataset specifically designed for evaluating LLMs

in scenarios with reduced or deceptive semantic associations. Third, our experimental findings

establish that contemporary LLMs predominantly depend on semantic associations in question

answering, failing to adhere to accurate reasoning processes as entities are replaced with

alternate inquiries.
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4.2 The EureQA Benchmark

This section introduces the EureQA dataset for evaluating LLMs on extended reasoning

chains. We describe the reasoning chain construction (Section 4.2), question generation

(Section 4.2), question refinement (Section 4.2), and dataset statistics (Section 4.2).

Reasoning Chain Construction

Every question in EureQA is constructed through an implicit reasoning chain, as depicted

in Figure 4.3. This chain is structured in layers, each comprising three components: an

entity ei, an associated fact fi about ei, and a relation ri connecting ei to the entity in

the next layer, ei+1. The identity of ei is constrained by fi, ei+1, and ri together—in most

cases, neither fi nor ei+1/ri alone can identify ei, but we guarantee uniqueness when both

constraints are applied. This design allows extending the reasoning chain by replacing ei
with fi, ri, and ei+1, until the actual entity name of eN is provided. A valid reasoning path

starts from the provided eN and resolves each eN−1 based on fN−1 and rN−1 until identifying

e1, the answer.

To collect such data automatically, we use a structured knowledge base DBpedia Auer

et al. (2007), which provides accurate facts and relations between entities, and at the same

time, all these facts and relations should have been memorized by most LLMs since Wikipedia

is included in pre-training corpora. We use the 2021-09 DBPedia snapshot to guarantee that

the entity information was accessible to LLMs during their training phase. The criteria for

choosing valid ei, ri, and fi to form chains are the following:4

Entity. Each entity ei must exist in the knowledge base as a recognized entity.

Relation. Each relation ri should connect ei with more than one potential candidate

entities ei+1. This ensures no direct semantic shortcut between ei and ei+1. For example,

the relation “award” is deemed valid for the entity “Tiger Woods” because he has won

multiple awards. In contrast, the relation “college” is invalid because DBPedia only has

one corresponding entity, which is Stanford University.
4Being “valid” here refers to satisfying the following criteria for data extraction.
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Fact. Facts are generated from DBpedia relations and destination entities for each ei. A

valid fact fi consists of a relation rfi and a destination entity efi (distinct from the chain

relation ri). We adopt two criteria for fact selection:

• easy: Select (rfi , e
f
i ) pairs where ei is the unique entity satisfying (?entity, rfi , e

f
i ). For

example, Jason Connery is the only entity fitting (?entity, father, Sean Connery). In

this case, fi alone suffices to identify ei.

• hard: Ensure that ei is not the only entity satisfying the fact triplet. For instance,

(parentCompany, Comcast) is a hard fact for NBCUniversal since Comcast is also the

parent company of Xfinity.

These criteria yield two distinct datasets: EureQAeasy and EureQAhard.

Chain Construction. Following the previously established criteria, we employ a random-

walk algorithm to fabricate chains of reasoning. The procedure initiates with a designated

seed entity e1 in the knowledge base. Subsequently, a relation r1, an associated fact f1, and a

subsequent entity e2 are chosen randomly to construct a valid layer of the reasoning chain.

This operation is continuously executed until no more valid layer is found or the cumulative

number of layers equals Nmax. We set Nmax = 5 in this work. We perform at most 50 random

walks starting from each seed entity to optimize efficiency and remove duplicated chains.

Seed entities are sourced via two methods, either through prompting ChatGPT or by data

extraction from .

This approach ensures that reasoning chain generation for EureQA satisfies the following

three properties of each chain:

• Reasoning-dependent. Every intermediate layer relies on information from the

subsequent layer in the chain for resolution. Consequently, the model must commence

from the terminal layer and engage in sequential reasoning throughout the chain.

• Length-flexible. The extent of the reasoning chain can be conveniently adjusted by

adding or removing layers, thereby enabling an evaluation of the depth of reasoning.
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e1 – Wes Anderson
Wes Anderson graduated from UT Austin.

r1
f graduate from

e2 – Castello Cavalcanti Wes Anderson directed Castello Cavalcanti.

e1
f UT Austin Director A graduated from UT Austin.

Director A directed Film B.

1. Extract entities and facts 2. Generate statements 3. Generate questions

Q: Who is Director A?

…

Film F is ”You So Crazy”

directed

Figure 4.3: The data generation process of EureQA.

• Determinism-adjustable. Determinism of the reasoning chain can be altered by

omitting fact fi in a layer, facilitating an evaluation of the model in addressing questions

with multiple potential answers, which is not considered in this work.

Question Generation

In EureQA, each question, denoted as q, is a natural language articulation of the above

reasoning chains. A layer-by-layer procedure translates this structured chain into a human-

readable text. Here we denote q = q0 + q1 + ...+ qn +mn+1 where {qi|1 <= i <= n} indicates

the sub-question for the i-th layer and “+” stands for concatenation. q0 and mn+1 will

be introduced later in this subsection. Figure 4.3 (2) provides a tangible example of this

translation process. Every layer comprises an entity ei, a relation ri, a succeeding entity

ei+1, and an associated fact fi, which includes the corresponding rfi and efi . The initial step

involves translating the triplets, (ei, ri ei+1) and (ei, rfi , e
f
i ) into two statements, srelationi and

sfacti , respectively.

The subsequent step involves substituting each entity e in every statement with a place-

holder, as illustrated in Figure 4.3 (3). In particular, each layer now associates with a pair

of statements, namely srelationi and sfacti , which derive from the translation of the relational

triplet (ei, ri ei+1) and the factual triplet (ei, rfi , e
f
i ) correspondingly. In this context, we

proceed to solely obfuscate ei and ei+1 in srelationi and sfacti by substituting them with their

respective hypernyms, hi and hi+1, whilst preserving the identity of efi . Hypernym details

45



are extracted from DBpedia if available and sought from the LLM otherwise. ChatGPT is

employed in our approach with two few-shot examples obtained from DBpedia, to ensure

a consistent level of granularity of hypernym. Each hypernym is subsequently appended

with a specific label that is assigned in alphabetical order. For example, the third layer of a

reasoning chain could hold “Actor C stars in TV Series D” as srelation3 while sfact3 could be

“Actor C is the artist for Along on Christmas Day.” Here, e3 is substituted by “Actor C”

and e4, which also appears in the fourth layer, is replaced by “TV Series D.” The resulting

statements with masked entities are denoted as mrelation
i and mfact

i respectively.

The final step involves generating an interrogative question, represented as q0, and an

entity information statement, denoted as mn+1, pertaining to qn. The selection of the initial

interrogative question is contingent upon the hypernym of the entity e1 in the first layer.

Specifically, q0 starts with “Who is ...” if the hypernym h1 corresponds to a person or “What is

...” in all other cases. In the example shown in Figure 4.3, “Wes Anderson” has the hypernym

“director.” The generation process for mn+1 is essentially uncomplicated. Given that mrelation
i

in the terminal layer exhibits the relation between en and en+1, and no additional layers exist

to identify en+1, we generate mn+1 utilizing the template “hn+1 is en+1.”, which is exemplified

as “Film F is You So Crazy.” in Figure 4.3.

Question Refinement

We perform viability filtering to check if a reasoning chain can be correctly followed to

derive the expected answer. As mentioned above, each layer of a specific chain specifies ei by

both a relational triplet (ei, ri ei+1) and a factual triplet (ei, rfi , e
f
i ). By excluding ei from

these triplets, we query our knowledge base with both (?variable, ri ei+1) and (?variable, rfi ,

efi ). The layer is deemed viable if ei is a unique solution of ?variable. We only retain those

reasoning chains where each layer has passed the viability filtering.

This work aims to analyze models’ reasoning capabilities. As such, we employ a knowledge

filtering procedure to ensure that most LLMs have sufficient world knowledge to answer

our questions. To illustrate this, we consider a question, q = q0 + q1 + ...+ qn +mn+1, and

verify both srelationi and srelationi , where 1 <= i <= n. In more explicable terms, we evaluate

knowledge by presenting ChatGPT with the prompt “Is this statement correct: [si] Yes or
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Difficulty easy hard hard hard hard hard

#Layers 5 5 4 3 2 1

Count 428 1363 300 300 300 300

Table 4.1: Statistics of EureQA.

No? ” A statement is considered as memorized if the LLM response includes a “Yes.”5 A qi is

deemed to have satisfied the examination criteria if and only if both of srelationi and srelationi

are categorized as memorized.

Data Statistics

As indicated in 4.1, EureQA encompasses a total of 2,991 questions. The dataset is

split into two levels of difficulty: hard and easy. Specifically, the easy set comprises 428

five-layer questions while the hard set includes a larger set of 1,363 five-layer questions. This

easy version enables manifesting LLM behavior towards questions with sufficient semantic

shortcuts. From this hard set, we randomly select 300 five-layered questions. By removing

layers sequentially, the hard set also yields 300 questions in each number of layers from four

to one respectively. These hard questions with varying layers allow for a comprehensive

assessment of LLMs in terms of their reasoning capabilities across various depths of reasoning.

The distribution of categories of seed entities for the questions in EureQA is shown in

Figure 4.4, showcasing a broad spectrum of topics encompassed by these entities, effectively

reducing any potential bias arising from specific entity categories.

4.3 Experimental Setup

This section presents the experiment configurations employed for assessing the long-chain

reasoning capabilities of LLMs through EureQA. This section begins with a discussion on

model configurations (4.3), subsequently introducing the adopted prompting methodologies

(4.3), and finally, it scrutinizes the evaluation configurations (4.3).
5we applied self-consistency strategy Wang et al. (2022) with three runs for a majority vote.
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public figure
11%scientist

5%

athlete
9%

entrepreneur
7%

company
10%

tv personality
8%

actor/actress
25%

musical artist
12%

director
12%

Figure 4.4: Categorical distribution of seed entities in EureQA questions.

Model Configuration

We evaluate state-of-the-art LLMs on EureQA: ChatGPT (gpt-3.5-turbo-0301), Gemini-Pro

(Gemini 1.0 Pro), and GPT-4 (gpt-4-0314). All models are run with temperature τ = 0.8.

Prompting Methods

We employ two prompting methods in our experiment: namely, direct and icl. The direct

technique presents raw questions to the model without any supplementary context. On

the other hand, icl method utilizes a few-shot approach, preceding each query with two

context-specific examples. Each example is characterized by a sample problem, succeeded by

the statement “Let’s solve this question step by step” and a step-by-step solution written by

humans. In these solutions, the problem is analyzed from the final layer through the initial

layer to give the correct answer, thereby obviating any necessity for backtracking during the

problem-solving procedure.

48



Evaluation Protocol

We evaluate the accuracy of LLMs towards the correct answer. Considering that EureQA

functions as a free-form QA benchmark and our observation indicates that LLMs typically

respond with comprehensive reasoning processes, following prior studies Agrawal et al. (2015);

Ossowski and Hu (2023), we employ a string-match criterion: If the correct answer, identifiable

as an entity, is present in the LLM response, we deem such a response as correct. We use a self-

consistency of five runs with ChatGPT and Gemini-Pro, but we do not apply self-consistency

to GPT-4 due to cost issues.

4.4 Results

The results of the state-of-the-art LLMs on EureQA, as reported in Table 4.2, illustrate

the variations in performance across different depths of reasoning and levels of difficulty. In

general, with the entities recursively substituted by the descriptions of reasoning chaining

layers, and therefore eliminating surface-level semantic cues, these models generate more

incorrect answers. When the reasoning depth increases from one to five on hard questions,

there is a notable decline in performance for all models, with an average accuracy decrease of

14.2% when using the icl prompt and 14.3% when using the direct prompt. The performance

of LLMs is significantly higher on the easy set compared to the hard set. This is evidenced

by a marked increase in accuracy, averaging 7.0% for ChatGPT, 15.4% for Gemini-Pro, and

19.7% for GPT-4. This finding underscores the significant impact that semantic shortcuts

have on the accuracy of responses, and it also indicates that GPT-4 is considerably more

capable of identifying and taking advantage of these shortcuts.

It can also be inferred from the results that the demonstrated human-written examples

do help improve the performance. For both ChatGPT and GPT-4, using the icl prompt

consistently leads to better performance than the direct prompt. This suggests that these

models can benefit from examples that provide explicit and well-crafted human-written

reasoning processes. These few-show examples encourage the models to resolve the questions

with the correct reason instead of guessing with semantic cues. Nonetheless, even with clear

reasoning processes provided, models still tend to fail for incorrect shortcuts.
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hard easy

depth d=1 d=2 d=3 d=4 d=5 d=5

direct icl direct icl direct icl direct icl direct icl direct icl

ChatGPT 22.3 53.3 7.0 40.0 5.0 39.2 3.7 39.3 7.2 39.0 13.1 47.0
Gemini-Pro 45.0 49.3 29.5 23.5 27.3 28.6 25.7 24.3 17.2 21.5 30.6 38.9

GPT-4 60.3 76.0 50.0 63.7 51.3 61.7 52.7 63.7 46.9 61.9 66.4 81.8

Table 4.2: Accuracy of ChatGPT, Gemini-Pro, and GPT-4 across different reasoning depths
d (number of layers) and difficulty levels. Two prompting strategies are evaluated: direct
(zero-shot) and icl (two-shot with examples).

Another observation is that LLMs do not always perform worse on questions with more

depth of reasoning. For instance, ChatGPT with direct prompt is 3.5% more accurate when

the depth of reasoning d increases from four to five. We believe this also indicates that

LLMs do not always follow the reasoning path and may instead answer the question based

on surface-level semantic shortcuts. Further analyses can be found at Section 4.5

To identify the errors in these LLM responses, we randomly sampled 20 data points where

GPT-4 with icl, the best performing method in this benchmark, has generated incorrect

answers. The most frequent error pattern lies in hallucination during the reasoning process,

encompassing 80% of the cases. In such cases, an intermediate reasoning stage erroneously

conceived an inaccurate, albeit plausible answer, culminating in accumulated errors in the

final answer. For instance, the “founder of a rocket company” was misconstrued as “Elon

Musk, the founder of SpaceX”, rather than the correct answer of “Jeff Bezos, the founder

of Blue Origin.” This phenomenon proves our claim that LLM relies on semantic cues for

problem-solving instead of cognitive reasoning.

4.5 Analysis and Discussion

In this section, we perform further analyses and provide a more in-depth discussion of our

findings.
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Human Performance

Towards a more comprehensive insight into human proficiency on EureQA, a human analysis

was carried out focusing on the hard set characterized by a reasoning depth of five. This

evaluation involves two computer science PhD students as the annotators to ensure their

expertise. A selection of 50 questions, randomly extracted from the set, was subjected to

annotation. Each question received annotations from both annotators independently, ensuring

a dual perspective on every query. During the annotation process, annotators are presented

with an input question to which they are required to provide an answer. To facilitate this, they

are granted access to conduct information searches through the dbpedia-snapshot-2021-09

database. This could be achieved either through visiting the specific entity page or by

querying via a SPARQL portal. The averaged accuracy of annotators achieves 95% with an

Inter-annotator Agreement of Cohen κ = 0.79.

Do LLMs Take Shortcuts?

One of our main motivations is to test if language models can follow a simple yet effective

reasoning chain instead of taking semantic shortcuts based on entity associations. We design

an analytical experiment based on entity similarity to investigate whether LLMs take such

semantic shortcuts. Our intuition is to model the correlation between the performances and

the averaged semantic similarities between the gold answer and other entities mentioned in

the question. In an ideal situation where a model takes an optimal reasoning path for each

instance, we will see a uniform distribution of performances: the accuracy for various degrees

of entity similarities will be relatively the same. If the model relies much on entity biases and

takes semantic shortcuts, we will see an increasing performance when the mentioned entities

are more closely related to the target answer.

To infer entity similarities, we employ an off-the-shelf sentence Transformer model6 and

encode the entity strings into embeddings. With such embeddings, we calculate the dot-

product similarity between the target answer and all other Wikipedia entities mentioned

in the question and compute an averaged similarity for each instance. We then draw the
6https://huggingface.co/sentence-transformers/msmarco-distilbert-cos-v5.
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Figure 4.5: Correlation between GPT-4 performance on EureQA hard set and entity
similarities.
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Figure 4.6: Distribution of entity similarity scores in EureQA.

correlation curve of model performances on instances with certain similarities.7 This method

derives a relatively continuous curve based on our limited evaluation data.

Observation 1. Fig. 4.5 shows that GPT-4’s performance positively correlates with the
7Specifically, we start with a similarity value xstart = 0.0 and increment it by a step of 0.01. For each

xstart, we find instances that have an averaged similarity score between [xstart, xstart + 0.1], and compute the
accuracy on these instances.
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Figure 4.7: GPT-4 performance with different entity similarity scores between the easy and
hard sets.

entity similarities in the instances. This shows that the model relies on semantic shortcuts

instead of following the correct reasoning path.

Observation 2. GPT-4 performs similarly on different depths if the entity similarity

scores are the same, especially on instances with lower similarities (< 0.25). This again

suggests that the model relies on spurious entity biases to solve the question, because it does

not do better on instances with shorter reasoning paths. That being said, the performance

differences between lower and higher depths mostly come from the different data distributions,

as shown in Fig. 4.6.

Observation 3. Fig. 4.7 shows another interesting finding, where GPT-4 does better

on easy instances with lower similarity scores (< 0.25) and performs worse on those with

higher similarity scores. Our explanation is that GPT-4 tends to take more obvious shortcuts

by relying on only one or two entities in the easy instance, and “early exits” without even

considering the entities that are closely relevant to the gold answer.

Open-Source Model Performance

To expand the scope of our findings, we experimented with open-sourced LLAMA-2 models

across different sizes on hard questions of EureQA and their results can be found at Table 4.3.
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depth d=1 d=2 d=3 d=4 d=5

direct icl direct icl direct icl direct icl direct icl

Llama-2-7b 29.5 22.0 21.4 11.9 15.8 13.0 10.6 11.3 10.9 14.5
Llama-2-13b 40.0 28.5 27.0 16.4 20.5 15.8 11.3 15.9 13.9 19.4
Llama-2-70b 45.0 57.0 24.5 35.2 17.8 39.0 18.5 32.5 12.1 34.5

Table 4.3: Accuracy of Llama-2 models across different reasoning depths d on hard questions.
The 7b and 13b versions are chat variants; the 70b version is the instruct variant.

Similar to our observations on GPT-series models, there’s a notable decline in the accuracy of

Llama models as the reasoning depth increases from one to five on the hard set. We’ve also

conducted the entity similarity analysis which led to the same observation as Observation 1

in Section 4.5: LLMs’ performance positively correlates with the entity similarities in the

instances. These conclusions strengthened our claim that models rely on semantic shortcuts

instead of following the correct reasoning path.

Will prompting solve EureQA?

Although the effectiveness of prompting techniques is out of the scope of this paper, we still

additionally tested the Tree of Thought(TOT)Yao et al. (2023) method on ChatGPT with

a “propose” strategy, which tries to decompose the questions layer by layer and solve them

sequentially. Our results show that such a prompting method fails completely even if we

provide human-written examples for question decomposition. In no experiment did the TOT

method generate a valid answer in the final response.

That being said, it is unlikely that there exists a prompting technique that will significantly

improve models’ performance on EureQA over CoT, as long as we do not enforce the correct

reasoning chain (which defeats the purpose of testing generalizability) during inference.

Can Prompting Solve EureQA?

We additionally tested the Tree of Thought (ToT) method (Yao et al., 2023) on ChatGPT with

a “propose” strategy that attempts to decompose questions layer by layer. The ToT method
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failed completely: in no experiment did it generate a valid answer. This is unsurprising, as

no prompting technique is likely to significantly improve performance over chain-of-thought

prompting on EureQA unless it enforces the correct reasoning chain—which would defeat

the purpose of testing generalizability.

Can Retrieval Augmentation Solve EureQA?

Although our knowledge filtering process has already removed the knowledge barrier, it can

still be pointed out that whether Retrieval Augmented Generation(RAG) method can solve

this task. To address such concerns, we tested GPT-4 on 300 randomly sampled 5-layer hard

questions. To minimize the impact of the retrieval method, we investigate a “performance

upper bound” setting, which directly injects the retrieval result of the visible entities and

relations in the input question from DBpedia. To be specific, statements like “Storm Warning

(1951 film) stars Actor D” will have “<Storm Warning (1951 film), starring, ?>:

Ginger Rogers, Steve Cochran, Ronald Reagan, Doris Day” prepended to the input

question. The retrieved knowledge will obtain at most 20 candidate entities and the correct

entity is guaranteed to be included. A complete example of a question and retrieved knowledge

can be found in Figure 4.2. We believe this represents an upper bound of the retrieval result.

Additionally, we provide each input with a 1-shot demonstration with the retrieved knowledge,

input questions, and human-written reasoning thoughts.

The accuracy of GPT-4 through the above process is 62.0%, which is close to our reported

performance of 61.9% in the original setting. We can then hypothesize that simply injecting

knowledge into the model can hardly solve the problem and the bottleneck remains at the

reasoning/question decomposition ability of LLMs. Moreover, it can be concluded that our

knowledge-filtering process can effectively estimate parametric knowledge, and it is also

reliable after self-consistency.

4.6 Conclusion and Transition

This chapter introduced EureQA, a benchmark that probes LLM hallucinations induced by

semantic shortcuts on reasoning chains. We presented a systematic method for generating
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QA data with extended reasoning chains and deceptive semantic cues. Experimental results

demonstrate that state-of-the-art LLMs predominantly depend on semantic shortcuts, with

performance strongly correlated to entity similarity rather than reasoning depth. Human

annotators, by contrast, solve these problems near-perfectly, confirming that the reasoning

paths are simple and well-defined—the difficulty lies entirely in the model’s tendency to

bypass genuine inference.

Looking ahead. Chapters 3 and 4 together establish that representational choices shape

reasoning quality at two levels: the output level (how candidate answers are represented)

and the process level (whether inference follows a grounded path or exploits distributional

shortcuts). Both chapters operate in the text-only domain. A natural question is whether

these representational challenges intensify or take new forms when models must reason jointly

over text and images. The next two chapters explore this multimodal frontier. Chapter 5

addresses the first challenge—which visual information enters the model’s reasoning context—

by introducing a framework that uses textual semantics to dynamically select relevant visual

representations. Chapter 6 then tackles the deeper question of whether multimodal models

can reason directly in the visual embedding space rather than funneling all reasoning through

text. Together, they extend the representational lens of this dissertation from language into

vision.
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Chapter 5

SEMCLIP: Semantic-Guided Visual

Selection for Vision-Language Models

5.1 Introduction

The previous two chapters established that representational choices have a profound impact

on reasoning quality in the text-only domain—both at the output level (Chapter 3) and within

the reasoning process itself (Chapter 4). This chapter extends the representational lens into

the multimodal setting, where models must jointly reason over text and images. As discussed

in Chapter 2, vision-language models (VLMs) face a fundamental tension between preserving

fine-grained visual detail and maintaining computational efficiency. This chapter addresses a

specific instance of this tension: which visual information should enter the model’s reasoning

context? This chapter is based on the paper “Semantic-Clipping: Efficient Vision-Language

Modeling with Semantic-Guided Visual Selection,” which is in submission and available as a

preprint (Li et al., 2025a).

VLMs have demonstrated remarkable proficiency in vision-language understanding and

reasoning. Most leverage aligned visual encoders to map input images into a fixed set of

visual tokens, which are processed as prefix tokens by a large language model (LLM) alongside

natural language tokens (Alayrac et al., 2022; Dai et al., 2023; Liu et al., 2023). When

handling varied image resolutions, the visual encoding process typically involves downsizing

the image to a fixed resolution and encoding patches of the low-resolution image into patch-
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level tokens (Radford et al., 2021; Dosovitskiy et al., 2020). However, this approach often

results in shape distortions, loss of fine-grained details, and a reduction in visual signals,

hindering task performance for tasks requiring intricate visual comprehension (Liu et al.,

2024b; Thapa et al., 2024).

Recent research has highlighted the benefits of higher-resolution encoders and multi-

crop techniques that segment an image into multiple parts for processing at or near native

resolution. While these methods preserve more visual details, they also generate significantly

larger numbers of tokens, straining the context limits of LLMs, increasing computational

costs, and potentially hindering reasoning performance.

Humans inherently retain task-related instructions while interacting with their environ-

ment. As illustrated in Figure 5.1, when searching for a chocolate cookie, one would first

identify the jar containing chocolate cookies, focus on the relevant area, and then make a

decision. Similarly, VLMs must prioritize image regions that are directly relevant to the given

query in order to generate accurate responses.

To achieve this, we propose SemClip, a novel sub-image selection method designed to

enhance the fine-grained visual understanding of existing VLMs without requiring additional

fine-tuning. SemClip functions as a plug-and-play approach that improves high-resolution

visual comprehension while minimizing the number of extra visual tokens needed. During

inference, SemClip first segments the original image into multiple candidate sub-images. It

then evaluates the relevance of each sub-image to the given textual query, selecting the

most relevant one to append to the original image before feeding it into the VLM. We explore

various relevance-scoring strategies, which can leverage extracted features from VLM modules,

pre-trained language-image models, or efficiently fine-tuned models that require minimal

training on distantly supervised data.

Our proposed approach offers several merits. First, experimental results demonstrate

that SemClip significantly enhances the visual question answering (VQA) capabilities of

widely used VLMs. Second, SemClip achieves this improvement with minimal additional

computational overhead, ensuring both performance gains and token efficiency. Analysis

reveals that SemClip attains comparable or superior performance on VQA benchmarks while

requiring fewer computation resources compared to baseline methods. Third, SemClip is

a plug-in solution compatible with common VLMs, enabling high-resolution visual under-
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standing without the need for model retraining. Finally, we provide experimental evidence

showing that text-guided visual selection has a high theoretical upper bound, highlighting

the substantial gap between the current visual understanding capabilities of VLMs and their

full potential.

In summary, the key contributions of this chapter are: (1) We propose SemClip, a

plug-and-play approach that integrates textual signals into the visual encoding process,

significantly improving the visual understanding capabilities of modern VLMs. (2) We

demonstrate the effectiveness and computational efficiency of SemClip through extensive

experiments. (3) We train and publicly release a CLIP-based model optimized to enhance the

performance of SemClip. (4) We provide experimental evidence showing that text-guided

visual selection has a remarkably high theoretical upper bound, revealing the substantial gap

between current VLM capabilities and their full potential.

5.2 Method

We begin by outlining the fundamentals of vision-language models (Section 5.2), then

describe the SemClip pipeline (Section 5.2), with a focus on its core component—relevance

measurement (Section 5.2)—and the training procedure for the distantly supervised scorer

(Section 5.2).

Preliminaries

Modern VLMs consist of three key components: a vision encoder g(·), an LLM backbone

fϕ(·), and a multimodal projection module w(·) that bridges the two modalities. Given

an input consisting of an image-question pair (Xv,Xq), the vision encoder processes the

image into visual features g(Xv) = Zv, where Zv is a fixed-length sequence of visual feature

vectors. The textual question Xq is encoded into language features Hq through the embedding

layers of the language model. Since the visual and textual features reside in different latent

spaces, the multimodal projection module transforms the visual features into a representation

compatible with the language model’s latent space: w(Zv) = Hv. This projection module can

take various forms, such as an MLP (Liu et al., 2024a; He et al., 2024) or a cross-attention
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Is there any chocolate cookie❓  

Is there any chocolate 

Is there any chocolate 
Is there any chocolate cookie❓  

Is there any chocolate cookie❓  

Answer: Yes!

23% relevant 17% relevant

57% relevant 75% relevant

 ψ( ⋅ )

Figure 5.1: Paying attention to task-relevant regions within a scene is an intuitive approach
to answering visual questions. Our objective is to identify the optimal task-relevance
measurement ψ that selects the most pertinent sub-region of an image, enhancing visual
understanding.

module (Alayrac et al., 2022). Finally, the aligned visual and textual features, Hv and Hq,

are fed into the language model to generate a response: fϕ(Hv,Hq).

Problem Definition

Current VLMs typically process images at a fixed resolution Liu et al. (2023); Chen et al.

(2023). For high-resolution images, this mechanism requires either cropping or downscaling to
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fit the model’s input restriction, often leading to the loss of fine-grained details or distortions

of images. To mitigate this issue, recent methods Liu et al. (2024b) propose to segment

high-resolution images into multiple patches, encoding each independently, and using all as

inputs. Specifically, given an image-question pair (Xv,Xq), the image Xv is divided into

an n × n grid of smaller sub-images, denoted as {Xv1 , ...,Xvn×n}. Each sub-image is then

processed separately by the vision encoder g(·) and the projection module w(·), producing a

set of visual token sequences {Hq
v1
, ...,Hq

n×n}. Finally, all sub-images, along with the original

image and the question, are fed into the language model to generate a response:

fϕ(Hv,H
q
v1
, ...,Hq

vn×n
,Hq).

While this approach preserves high-resolution details, it significantly increases the number of

visual tokens, leading to higher computational costs.

To address these challenges, we formulate a visual token selection problem. We seek a

subset of k ≪ n high-resolution sub-images that maximizes model performance as measured

by evaluator P :

S∗ = argmaxS⊆{Hq
v1

,...,Hq
vn×n

}P(fϕ(Hv, S,Hq)) s.t. |S| = k.

The parameter k serves as a hyperparameter depending on the resource limit. Since P is

typically not accessible during inference, directly optimizing for S∗ is infeasible, motivating

the need for an efficient approximation.

Semantic Clipping

We propose a semantic-aware image clipping mechanism. In vision-language tasks such

as VQA, not all image regions are pertinent to the given question. Including irrelevant

visual tokens not only increases computational overhead but also risks diverting the language

model’s attention from informative sub-images. To this end, we introduce a relevance scoring

function ψ that evaluates the relevance of each sub-image Xvi with respect to the question

Xq. Rather than processing visual features from all sub-images, we retain only the top-k

most relevant:

S =
{
Xvi | i ∈ arg top-k

(
ψ(Xq,Xv1), . . . , ψ(Xq,Xvn×n)

)}
.
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What is the color of the golf ball?

Vision Encoder

Language Model

ψ( ⋅ )

Figure 5.2: SemClip is a plug-and-play method that enhances a VLM through semantic-
guided visual selection. Task-relevant sub-areas of the image are encoded and appended to the
visual tokens of the overview image (colored in blue and purple, respectively). These visual
tokens, together with text embeddings of the question (colored in orange), are processed by
the backbone VLM to generate a response.

This approach effectively reduces the number of visual tokens while ensuring that the retained

visual features contribute meaningfully to the final response. The overall pipeline is illustrated

in Figure 5.2.

Relevance Measurement

We explore multiple approaches to assess the relevance of a sub-image with respect to a

given question. We first consider semantic similarity-based methods, which evaluate

how closely a sub-image aligns with the question. The underlying assumption is that if a

sub-image exhibits high similarity to the question, it is likely to contain relevant information

that helps answer it. Within this category, we examine two alternatives: using the VLM

itself as a semantic similarity measure, or utilizing an external pretrained similarity model.

However, relevance may extend beyond semantic similarity alone. For instance, given the
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question “What should be used to cut a watermelon?”, a sub-image containing a watermelon

may exhibit a high semantic similarity, yet it does not provide the necessary information to

answer the question. Instead, the model should prioritize attending to a sub-image of a knife,

as it directly pertains to the action described in the query. To capture possibly complex

relationships between a question and its corresponding sub-images, we propose a distant

supervision approach that directly trains a relevance model using distantly labeled data.

We provide a detailed discussion of each method in the remaining of the section.

VLM-based similarity (ψlm). This approach utilizes the VLM itself to measure similarity

between a sub-image and the question. Each sub-image is processed through the vision

encoder and projection module, and the projected classification visual token embedding is

extracted as the sub-image representation. The LLM backbone encodes the question, with

the hidden state of the last token in the final layer serving as its textual representation. The

relevance score ψlm is computed as the cosine similarity between these features. This method

requires no additional training and leverages the modality adaptation capabilities of the

projection module w(·).

Pre-trained similarity model (ψsiglip). This approach leverages SigLIP (Zhai et al., 2023),

a state-of-the-art pre-trained bi-encoder model designed to measure text-image similarity.

Trained via contrastive learning, SigLIP is applied directly, without modifications, to compute

similarity scores used as relevance scores to rank sub-images.

Distant supervision (ψclip). We also introduce ψclip, which requires minimal training

on distant supervision data while achieving the best performance among the proposed ψ

methods for SemClip. This approach fine-tunes a CLIP model to evaluate the relevance

between an image and the given question. For our primary study, we use LLaVA-1.5-7B as

the base model. Since LLaVA’s supervised fine-tuning process incorporates the ScienceQA

dataset—a multiple-choice VQA benchmark — we select it as the target dataset for training.
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Training ψ with Distant Supervision

We create synthetic training data for ψ based on VQA data. For each question-image pair

(Xv,Xq), we partition the high-resolution image into several non-overlapping sub-images

Xvi with corresponding visual tokens Hvi . Each sub-image that leads to the correct answer

is labeled as a positive instance, and each that does not as a negative instance. Since the

original VQA training data are annotated with ground-truth answers, we have the evaluator

P , and P(fϕ(Hv,Hvi ,Hq)) returns the answer correctness given the low-resolution image, the

selected high-resolution sub-image, and the question. The positive sub-images are defined as:

Xv+ ∈ {Xvi | P(fϕ(Hv,Hvi ,Hq)) = 1},

while the negative sub-images are:

Xv− ∈ {Xvi | P(fϕ(Hv,Hvi ,Hq)) = 0}.

This automatic labeling strategy yields approximately 10k question-image pairs from

the ScienceQA training split, containing both positive and negative sub-images. Using this

dataset, we fine-tune a CLIP model (openai/clip-vit-large-patch14) with a contrastive

learning approach based on margin ranking loss:

L =
∑

Xq ,Xv+ ,Xv−

max(0,m+ ψ(Xq,Xv−)− ψ(Xq,Xv+)),

where m is the margin. This training process ensures that text-image pairs with positive

sub-images receive higher relevance scores than those with negative ones. Notably, the

training data is sourced from the model’s original dataset, mitigating potential data leakage

concerns.

5.3 Experiments

We present model configurations, evaluation methods, and baseline approaches (Section 5.3),

then analyze the effectiveness of different relevance measurements (Section 5.3), the per-

formance improvements over the original model (Section 5.3), the theoretical upper bound

(Section 5.3), and additional ablation studies (Sections 5.3–5.3).
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Experiment Settings

We use LLaVA-1.5 (Liu et al., 2024a) as the base VLM, with Vicuna 7B as the LLM backbone.

Since SemClip functions as an inference-time method, no additional training is performed

on the VLM. For inference, we set temperature τ = 0 for reproducibility. To train ψclip, we

use ViT-L-14 as the backbone, fine-tuning for 32 epochs on the constructed training set with

learning rate 5e-6 and batch size 64. The model with the lowest training loss is selected.

Evaluation. We evaluate on the following benchmarks: V ∗ (Wu and Xie, 2023) for de-

tailed understanding, and POPE (Li et al., 2023c), GQA (Hudson and Manning, 2019),

ScienceQA (Lu et al., 2022), MMBench (Liu et al., 2024c), MMStar (Chen et al., 2024a),

and SeedBench (Li et al., 2023b) for visual question answering. All results are reported as

accuracy.

Baselines. We compare against two state-of-the-art baselines built on the LLaVA archi-

tecture. Matryoshka Multimodal Model (M3, Cai et al. (2024)) dynamically compresses

visual token length during training, allowing control over visual granularity. Scaling on

Scales (S2, Shi et al. (2025)) processes multiple cropped versions, stacks their visual features

into a higher-dimensional representation, and projects them back into the textual feature

space. Both baselines require retraining LLaVA on visual instruction data, whereas SemClip

operates without additional VLM training. We use LLaVA-1.5-Vicuna-7B as the base VLM

for all methods and employ full-length visual tokens for M3.

Distant Supervision Yields the Best Performance

The evaluation results of SemClip with three different ψ methods are presented in Table 5.1.

Both ψsiglip and ψclip outperform the base VLM by 1.0% and 3.3%, respectively, with ψclip

achieving the highest average accuracy of 63.2%. This suggests that ψclip effectively captures

task-specific signals through distant supervision, allowing it to extract the most relevant

visual information from the image. At inference, the selected query-related sub-image is

encoded as additional visual input tokens, providing more precise guidance for the language

model. However, SemClip with ψlm performs comparably to or worse than the original
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model on most benchmarks. We attribute this to the fact that the next-token embedding

falls short of capturing contextual cues within the textual question, limiting its effectiveness

in selecting the correct sub-image.

SemClip Improves Visual Understanding

As shown in Table 5.1, SemClip shows better performance compared to other baselines.

Among all methods, SemClip with ψclip achieves the highest scores on four benchmarks,

particularly excelling in MMBench with a 7.9% accuracy boost. Additionally, ψsiglip achieves

the best performance on V ∗, the detailed understanding benchmark. As demonstrated

by Table 5.2, ψsiglip even surpasses LLaVA-NeXT-7B—a model that requires additional

instruction-tuning data and uses 2.5 times more visual tokens—by 0.6%. Furthermore,

SemClip with ψclip improves the model’s average accuracy by 3.3%, outperforming both

M3 (0.2%) and S2 (1.4%), demonstrating its superior effectiveness in improving visual

comprehension.

SemClip also offers significant efficiency advantages. Unlike M3 and S2, both of which

require extensive retraining, SemClip is an inference-time method that operates with minimal

or no additional training. Specifically, ψclip is trained on approximately 3,000 data instances

in under an hour using a single NVIDIA RTX 6000 ADA (48GB) GPU. In contrast, S2

requires at least four hours to retrain the multimodal projection layer, while M3 requires a

minimum of ten hours for full instruction tuning on an 8×NVIDIA A100 (80GB) setup.1

These disparities in training efficiency and benchmark performance suggest that valuable

signals from VQA training data are still underutilized. The textual signal from the questions

can offer significant guidance to the visual encoding process, ultimately enhancing end-task

performance. This also prompts an important question that we seek to discuss next: What is

the theoretical performance potential of SemClip?

Where Is the Upper Bound of SemClip?

To explore the potential performance ceiling of SemClip, we conduct an Optimal Selection

experiment. Specifically, for a given question-image pair, the image is divided into an n× n

1Time estimates are based on the training specifications reported by each baseline.
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Model Avg. V ∗ GQA SQA POPE MMBench MMStar SeedBench
Baseline Methods

LLaVA-1.5-7B 59.9 47.6 62.0 65.8 86.2 64.7 33.3 60.5
M3 60.1 44.0 61.9 65.5 87.4 65.9 35.6 60.6
S2 61.3 49.7 59.9 66.2 88.3 63.7 33.5 68.0

SemClip
ψlm 59.2 49.2 59.9 65.6 84.6 60.5 31.8 63.0
ψsiglip 60.9 57.6 60.3 64.5 86.3 61.6 32.1 63.7
ψclip 63.2 52.9 62.5 68.3 89.0 72.6 33.5 63.7

Table 5.1: SemClip achieves the highest performance improvements across most tasks,
surpassing all baselines in average accuracy. While baseline methods require model-specific
fine-tuning, SemClip operates as a plug-and-play approach with minimal training on the
top-performing relevance scorer, ψclip.

grid2 of sub-images. Each sub-image is then paired with the original image and input into

the VLM along with the textual question to generate a response. This process yields n2

responses per instance. If any of these responses match the correct answer, the question is

considered “answerable” by SemClip using optimal sub-images. We hypothesize the existence

of an optimal relevance measurement, ψoptimal, capable of selecting the best sub-image for

the VLM to correctly answer all “answerable” questions. The performance of ψoptimal on each

benchmark serves as the theoretical upper bound for SemClip.

As results showed in Table 5.2, ψoptimal improves the original LLaVA-1.5-7B by 15.4% on

average, which is much higher than LLaVA-NeXT-7B—the same-sized model using more

training data and more visual token inputs, and LLaVA-1.5-13B that produced with the

same training data but a much larger language model backbone. These observations suggest

the following conclusions:

(1) Expanding the language model size may not be an efficient way to enhance

visual understanding. LLaVA-1.5-13B follows the same training approach and dataset

as LLaVA-1.5-7B but achieves only a modest 3% average accuracy improvement—falling

short of both the 3.3% performance gain achieved by SemClip and the theoretical 15.4%

improvement predicted by ψoptimal.
2For the reported results, n = 3.
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This advantage of SemClip can be attributed to its strong performance on benchmarks

like V ∗ and MMBench. In these datasets, images can be as large as 1700×1500 pixels, and

downscaling them to 336×336 for vision encoding results in a significant loss of detail. In

such cases, the vision encoder of LLaVA-1.5-13B becomes a bottleneck, whereas SemClip

enhances performance by selecting the most task-relevant sub-image and providing additional

detailed explanations to the VLM.

(2) Greedily encoding all sub-areas of an image provides limited benefits. The

primary difference between SemClip and LLaVA-NeXT-7B lies in their vision encoding

strategies. SemClip selectively focuses on the most query-relevant sub-areas. On the

contrary, LLaVa-NeXT takes a more aggressive approach by dividing the image into a 2×2

grid, encoding each section separately, and appending the additional visual tokens to the

encoded overview tokens. The technique of SemClip is shown to be particularly effective for

tasks requiring detailed comprehension, such as V ∗, where it achieves a 9.5% higher accuracy

than LLaVA-1.5-7B with the same model size.

By generating extra visual tokens, the crop-and-encode method enables higher-resolution

analysis. However, its effectiveness diminishes for tasks that do not demand fine-grained

details, especially with smaller images. For example, on POPE, an object detection benchmark,

LLaVA-NeXT achieves only a 1.2% accuracy improvement, as its images (approximately

333×600 pixels on average) already contain sufficient information for object presence detection,

rendering the additional visual tokens redundant. A similar trend is observed in SQA, a

scientific question-answering dataset, where only an overview image is necessary to answer

the questions—resulting in degraded performance due to the extra visual tokens.

(3) The upper bound grows with more pre-training or larger model size. We also

conduct ψoptimal experiments on both of the other LLaVA variants for comparison. In this

setup, the cropped sub-images encoded by LLaVA-NeXT are replaced with a single sub-image.

As shown in the bottom section of Table 5.2, there remains a significant gap between the

models’ actual performance and their theoretical upper bound.

Our observations indicate that, with expanded training data and an extended visual token

length during training, the upper bound of the 7B-parameter LLaVA model increases by an
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Model Avg. V ∗ GQA SQA POPE MMBench MMStar SeedBench
Ablation Study

Sub-img only 53.3 42.9 51.9 68.0 70.6 52.5 31.2 56.1
Majority Vote 63.3 49.2 61.4 69.5 89.2 74.2 35.4 64.5
Random 60.3 49.5 60.6 65.1 86.1 64.6 32.7 63.7
ψoptimal 76.0 79.6 72.4 76.9 95.7 80.0 49.7 77.9
LLaVA-NeXT-7B 63.8 57.1 64.1 65.7 87.4 66.7 35.5 70.0
+ ψoptimal 80.9 72.8 72.4 89.3 94.8 88.7 65.9 82.1
LLaVA-1.5-13B 62.9 48.7 63.4 68.8 88.4 68.6 34.5 68.0
+ ψoptimal 78.6 82.2 75.6 78.7 96.5 83.8 54.3 79.3

Table 5.2: Theoretical upper bound experiments reveal that modern VLMs have significant
potential for improvement in visual understanding when provided with appropriate sub-image
guidance. Ablation studies confirm that SemClip’s effectiveness is not merely due to extra
visual tokens, and that sub-images alone are insufficient for comprehensive understanding.

average of 4.9%. This suggests that the upper bound of SemClip is not static—it grows as

the base VLM undergoes more training with additional data, even when the model

size remains unchanged.

Similarly, LLaVA-1.5-13B sees an average improvement of 2.6%, with a substantial 33.5%

performance boost on V ∗, a detail-oriented understanding task. As discussed earlier, a larger

backbone LLM benefits from a higher-dimensional latent space, which enhances modality

projection. ψoptimal helps overcome the vision encoder’s resolution bottleneck, making the

13B model outperform its 7B counterpart across all tasks. However, its theoretical upper

bound is still 2.3% lower than that of LLaVA-NeXT-7B.

The discrepancy of upper bounds highlights a key insight: while LLaVA-1.5-13B improves

performance by increasing the language model size, LLaVA-NeXT-7B benefits from longer

visual token sequences and more training data. From this, we hypothesize that enhancing

visual understanding in VLMs is more efficiently achieved by training with

more data and refining visual encoding strategies, rather than merely increasing

language model size.
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How Are Useful Sub-Images Distributed?

A key follow-up question regarding the theoretical upper bound is how accessible and densely

distributed the sub-images contributing to a correct answer are. To illustrate this “density,”

we conduct a “Majority Vote” experiment, where each of the n2 sub-images is paired with the

overview image to generate a response. The final answer is determined by selecting the most

frequently occurring response. The results of this experiment are presented in Table 5.2.

Overall, “Majority Vote” improves performance by 3.4% on average compared to LLaVA-

1.5-7B, with only a 0.1% difference from ψclip. Notably, it performs better on general

VQA tasks, suggesting that in most cases, task-relevant sub-images dominate the image

crops. This inherent signal enhances VLM performance but remains underutilized in current

models. However, “Majority Vote” underperforms compared to the trained ψclip on the detailed

understanding benchmark, V ∗, highlighting the necessity and effectiveness of selection training

for high-resolution detail comprehension.

A Trade-Off Between Image Token Numbers and Performance

We analyze the trade-off between efficiency and performance across different methods. Based

on experiments varying the number k of top-relevant sub-images used by SemClip, the best

performance is consistently achieved at k = 1, effectively doubling the number of visual

tokens fed into the VLM. We present a comparison of the number of processed image tokens,

total VLM parameters, and overall performance on visual understanding tasks, as detailed in

Table 5.3. Compared to the best-performing LLaVA-NeXT, SemClip-equipped LLaVA-1.5

achieves similar results with the same model size while requiring 60% fewer visual tokens.

Notably, SemClip is a plug-and-play method that does not require any additional training for

the VLM. Furthermore, compared to LLaVA-1.5-13B, which uses nearly twice the language

model size, SemClip outperforms it, particularly on fine-grained detail understanding tasks.

We conclude that SemClip effectively encodes fine-grained visual information by selectively

pruning visual tokens based on the semantic relevance of the task query.
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Method #img tokens #Params. Avg. Acc
LLaVA-1.5 576 7B 59.9
M3 576 7B 60.1
S2 576 7B 61.3
LLaVA-1.5 576 13B 62.9
SemClip 576×2 7B 63.2
LLaVA-NeXT 576×5 7B 63.8

Table 5.3: SemClip delivers performance on par with the best baseline while requiring
significantly less training and 60% fewer visual tokens, achieving the optimal balance between
training cost, inference efficiency, and accuracy. SemClip outperforms a VLM with a
substantially larger language model, highlighting the superiority of task-guided visual selection
over simply increasing language model size.

Is the Sub-Image Itself Enough?

To highlight the importance of pairing the overview image, we conduct a Sub-img only

experiment, removing visual tokens from the original image and providing only the encoded

sub-image to the language model. On average, performance drops by 6.6% (Table 5.2),

indicating that the overview image remains essential to the effectiveness of SemClip.

Extra Visual Tokens Do Not Guarantee Improvement

A potential concern is whether SemClip’s performance improvement stems from the additional

computation required by extra visual tokens rather than from the selection mechanism itself.

To address this, we conduct an experiment where a randomly selected sub-image is paired

with the original image (“Random” in Table 5.2). We repeat this process 32 times and report

the average.

The Random approach slightly outperforms the original LLaVA-1.5-7B, with clear im-

provements of 1.9% on V ∗ and 3.2% on SeedBench. The V ∗ improvement is likely due to the

vision encoder’s resolution bottleneck—a randomly chosen sub-image may carry task-relevant

zoomed-in details. The SeedBench gain primarily comes from the “instance attribution”

sub-task. However, the Random approach is substantially worse than ψclip (60.3% vs. 63.2%

average), confirming that SemClip’s improvement is driven by semantic selection, not merely
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extra tokens.

5.4 Conclusion and Transition

This chapter introduced SemClip, a plug-and-play approach that enhances VLMs’ visual

understanding through semantic-guided visual selection. Integrating SemClip significantly

improves VLMs’ ability to comprehend fine-grained visual details while requiring minimal

training for the relevance scorer. The theoretical upper bound analysis reveals remarkably

high potential, with performance improving further as the base VLM is trained on more data.

These results demonstrate that valuable signals from the textual query remain underutilized

in current VLM architectures, and that intelligent visual selection is a high-leverage avenue

for improvement.

Looking ahead. SemClip addresses the question of which visual information should enter

the model’s reasoning context by selecting task-relevant sub-images at the input level. However,

even after the most relevant visual tokens have been selected and projected into the shared

embedding space, a fundamental question remains: can the language model reason directly over

these visual representations, or must it first translate them into text? Current multimodal

reasoning paradigms—whether “thinking about images” (text-only chain-of-thought) or

“thinking with images” (external visual tools)—ultimately route visual understanding through

textual channels. The next chapter proposes a radically different approach: Latent Visual

Reasoning (LVR), in which the language model generates latent states that reconstruct

question-relevant visual features directly in the embedding space, enabling seamless cross-

modal reasoning without the bottleneck of text-mediated inference.
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Chapter 6

Latent Visual Reasoning

6.1 Introduction

The previous chapter introduced SemClip, a framework that addresses the question of which

visual information should enter the model’s reasoning context by selecting task-relevant

sub-images at the input level. This chapter takes the next step: rather than improving visual

selection before reasoning begins, we ask whether multimodal models can reason directly in

the visual embedding space, bypassing the bottleneck of text-mediated inference altogether.

The content of this chapter is adapted from "Latent Visual Reasoning," published in the

Proceedings of the Fourteenth International Conference on Learning Representations (ICLR

2026) (Li et al., 2026b).

Multimodal large language models (MLLMs) (Li et al., 2024c; Bai et al., 2025c; Wang

et al., 2025d) have shown remarkable capability in jointly understanding visual and textual

content. By leveraging the generative capabilities of their backbone large language models

(LLMs), MLLMs extend the expressiveness of visual encoders beyond simple perception

tasks. This advancement has enabled the integration of chain-of-thought (CoT) reasoning

into MLLMs, allowing them to perform structured textual reasoning in response to complex

multimodal queries. In this paradigm, the LLM decomposes a query into intermediate steps

and resolves each step while conditioning on static visual inputs. This approach, referred to

as “Thinking about Images” by (Su et al., 2025c), has proven effective across diverse domains,

including scientific visual question answering (Zhang et al., 2023b), mathematics (Huang
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et al., 2025a), and visual grounding (Bai et al., 2025d).

Further research has expanded the multimodal reasoning workspace by enabling active

editing of input images alongside textual reasoning trajectories. Such editing includes drawing

auxiliary lines (Hu et al., 2024), zooming in (Shao et al., 2024a; Su et al., 2025a; Surís et al.,

2023), shifting image styles (Liu et al., 2025a), highlighting sub-regions (Fu et al., 2025c), and

more. During intermediate CoT steps, methods in this paradigm either call external tools or

generate programs to manipulate images, re-encode the edited outputs, and inject the new

image tokens as visual enhancements into subsequent textual reasoning. In this way, the

salient visual information is actively incorporated throughout the reasoning process. These

methods are commonly termed “Thinking with images.”

Both “Thinking about Images” and “Thinking with Images” aim to address a core limitation

in current MLLMs: despite sophisticated visual encoders projecting visual information into

text spaces, backbone LLMs often fail to capture the visual details most relevant to the

text query. This shortcoming arises from factors such as modality projection bias (Zhang

et al., 2024; Liu et al., 2023), modality interference (Cai et al., 2025; Wang et al., 2025e;

Pezeshkpour et al., 2025; Deng et al., 2025a), and cross-modality attention bias (Zhang

et al., 2025c). “Thinking about Images” addresses these issues by generating additional

task-relevant text tokens in the context window, thereby increasing the likelihood of correct

answers. However, excessive token generation may cause the textual context to dominate,

overshadowing essential visual inputs (Huang et al., 2024). In contrast, “Thinking with Images”

leverages external tools to inject visual information during text generation, calibrating the

alignment between generated text and the original visual input. Yet these approaches often

bypass the newly injected sub-images due to training data bias, or remain constrained by the

predefined operations of the tools (Su et al., 2025a). In short, both categories primarily refine

text generation to improve cross-modality understanding, yet a fundamental gap persists

between visual inputs and text generation in producing the final answer.

A parallel line of research explores omni-modality foundation models that accept both text

and visual inputs and generate outputs in both modalities simultaneously (Team, 2024; Deng

et al., 2025b; Xie et al., 2025). Some subsequent works attempt to exploit image generation

capabilities for multimodal reasoning, but effectiveness has so far been demonstrated only in

specific downstream tasks such as navigation and maze solving (Li et al., 2025b; Xu et al.,
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2025). Moreover, it remains unclear whether visual inputs, once decoded and re-encoded by

such models, can still faithfully preserve the original information.

Rethinking the input of MLLMs, where continuous visual tokens and discrete text tokens

are embedded in a shared latent semantic space, we ask the following question:

If visual and textual tokens are embedded in a joint semantic space within an MLLM,

why not reason over both jointly as well?

It is both natural and efficient to extend reasoning beyond discrete text tokens to include

visual tokens that directly encode visual information. However, conventional LLMs are limited

to operating on discrete tokens due to their next-token prediction training objective. To

address this, Hao et al. proposed passing last hidden states rather than text tokens, enabling

more efficient expression of complex thoughts through latent reasoning. Building on this

idea, we introduce Latent Visual Reasoning (LVR), a novel paradigm for multimodal

reasoning (see Fig. 6.1). Our approach involves a simple yet fundamental modification to the

conventional Vision–Projector–LLM structure: the LLM is able to perform hybrid reasoning

that alternates between LVR and standard text generation. In the LVR phase, the LLM

leverages the last hidden state to approximate the question-relevant visual tokens within the

visual inputs. During the text generation phase, the model predicts the next text token in

sequence. Both phases operate in an auto-regressive manner.

We propose a two-stage training pipeline for LVR. The first stage is supervised fine-tuning

(SFT), which jointly optimizes LVR’s internal processes alongside next-token prediction

for text generation. The second stage applies reinforcement learning (RL), allowing LVR

to self-evolve the latent reasoning process while receiving policy rewards from generated

text, thereby encouraging a more unified semantic space. Specifically, we adapt the GRPO

algorithm (Shao et al., 2024c) to replay latent reasoning steps during policy gradient loss

computation. In addition, GRPO leverages verifiable rewards to evaluate roll-out responses,

where the policy gradient loss is computed solely from the token distribution of the text

generation component. Experimental results demonstrate that LVR achieves substantial

improvements over state-of-the-art MLLMs, particularly on perception-intensive and visual

detail-dependent understanding tasks.
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<think> …, hat 
(x1, y1, x2,y2), 
left, white, 
middle, navy, 
right, …
</think>
This image shows 
three golfers …

Answer: White

<think>This image shows 
three men … The 
question asks for a hat. 
so I will look closer at 
their heads…</think>

Answer: White, Navy
<|lvr_end|>
Answer: Navy

(a) Thinking about Images (b) Thinking with images (c) Latent Visual Reasoning 

<|lvr_start|>

What color is the 
hat of the golfer 
with sunglasses?

（via CoT in Text Space） （via Image Cropping Tools） （via Visual Semantics Reconstruction）

Figure 6.1: Conceptual illustration of Latent Visual Reasoning (LVR). We
compare LVR with two paradigms: “Think about images,” which performs multimodal
reasoning entirely in text space, and “Think with images,” which leverages external visual
tools to highlight regions of interest (ROIs). In contrast, LVR leverages the LLM’s latent
space to reconstruct the semantics of ROIs, enabling seamless cross-modal reasoning.

In summary, the contributions of this chapter are as follows:

• We propose Latent Visual Reasoning, a novel multimodal reasoning paradigm

that unifies latent reasoning over visual inputs with text generation in the language

space, enabling deeper integration of visual and textual signals throughout the model’s

reasoning process.

• We introduce architectural innovations and training frameworks for stable and scalable

training of MLLMs with LVR. Our approach combines a reconstruction loss with

next-token prediction for SFT and extends the GRPO algorithm to latent reasoning for

reinforcement learning.

• Through extensive evaluation, we demonstrate that LVR achieves strong performance

across diverse visual question answering benchmarks requiring fine-grained visual

understanding and perception. Our ablation studies explore alternative architectural

designs and training objectives, providing insights for future research.
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6.2 Method

This section introduces Latent Visual Reasoning, a new paradigm that enables MLLMs

to reason jointly over text and visual tokens. The overall inference pipeline is illustrated in

Figure 6.2. At a high level, LVR is trained to reconstruct visual semantics relevant to both

the input image and the accompanying text query. These reconstructed semantics, termed

latent visual thoughts, are combined with the original inputs to guide the generation of textual

responses.

We begin with an overview of the LVR architecture, built upon the Qwen-2.5-VL series (Bai

et al., 2025a) (Section 6.2). Next, we present a two-stage training pipeline—combining super-

vised fine-tuning and reinforcement learning—that jointly teaches the model to reconstruct

visual semantics and generate text (Section 6.2). Finally, we introduce decoding strategies

that allow the model to flexibly alternate between Latent Visual Reasoning and standard

text generation during inference (Section 6.2).

Method Overview

Figure 6.2 illustrates the architecture of LVR, which largely follows the standard MLLM

design. It consists of three key components: a vision encoder vision(·), an LLM backbone

θ(·), and a multimodal projector proj(·) that aligns the two modalities. Given an input

image–question pair (Xv,Xt), the vision encoder transforms the image into visual features

V = vision(Xv). In parallel, the textual question Xt is embedded into language features T

by the LLM’s embedding layers. Since visual and textual features reside in distinct latent

spaces, the projector proj(·) maps the visual features into a representation aligned with the

language model’s latent space: VT = proj(V).

In standard MLLMs, both VT and T are passed into the LLM θ(·). However, the

decoding process remains strictly text-centric: hidden states are computed auto-regressively

and mapped, through the language modeling head, to discrete tokens in the vocabulary. Thus,

while visual information can guide the reasoning process, the output space is constrained to

text tokens, limiting the model’s ability to directly reason over visual semantics.

To overcome this limitation, we propose LVR, which extends the conventional text-only
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What does the tiger’s 
body posture suggest 
about its behavior or 
mood?

Multi-Modal LLM

…

……
<|lvr_start|>

<|lvr_end|>

LM Head

[Image] [Question]

[Latent Visual Reasoning]

[Answer]

Image Embedding

Text Embedding

LVR Embedding

Special Embedding

…

Exploring its 
surroundings

Input

Input Embedding

Last Hidden State

<|lvr_end|>

We think visually 
before we speak

Figure 6.2: Training and inference pipeline of LVR. Images are encoded into tokens by
a visual encoder and mapped into a joint semantic space with text embeddings. During the
SFT stage, bounding boxes identify query-relevant visual tokens, which supervise the last
hidden states in the LVR process via MSE loss. The LVR process is wrapped with special
tokens indicating reasoning mode. Once all query-relevant visual tokens are consumed, the
model exits LVR and resumes standard text generation with cross-entropy loss. During
RL training, the model self-evolves the LVR process learned in SFT using GRPOlatent. At
inference, the model triggers LVR upon generating the special token, propagates hidden
states to reconstruct visual semantics, and resumes text generation when a stopping criterion
is met.

generation paradigm by enabling interleaved Latent Visual Reasoning. When the special

token < |lvr_start| > is generated, the model enters a latent reasoning mode, where it

reconstructs visual semantics in the space of VT to better support answering the textual query.

The hidden states produced in this mode are directly propagated as input embeddings to

subsequent positions until a stopping criterion is reached. At that point, the model generates

the token < |lvr_end| > and resumes standard text generation. The hidden-state sequence

produced during the LVR segment can be regarded as an analogue of a human’s “visual

thinking,” where query-relevant visual semantics are mentally reconstructed to enhance the

precision of reasoning and answering.
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Two-Stage Training Pipeline

Supervised Fine-Tuning

We begin with supervised fine-tuning (SFT) to instill the basic pattern of latent visual

reasoning. During this stage, we explicitly supervise the reasoning content by forcing the

MLLM to use its latent space embeddings (i.e., last hidden states) to reconstruct the ground-

truth regions of interest for each image–text pair. Since the reconstruction loss directly

dictates what the model must reason about, the reasoning process is constrained rather than

free-form. We therefore characterize this stage as a teacher-forcing paradigm for latent visual

reasoning: although restrictive, it allows the model to quickly acquire the fundamental ability

to reason in the latent space.

Each SFT instance consists of an image-question pair, accompanied by a pre-annotated

bounding box of a region of interest (ROI) relevant to the query. For a given image, the

model’s image processor first crops it into a grid of visual patches. Based on the ROI

bounding box, LVR efficiently selects the corresponding patches and retrieves their indices

I = {I1, I2, I3, . . . , ITv} from the sequence of flattened visual patches in O(1) time. During

the forward pass, the image is encoded into a sequence of visual embeddings in the semantic

space, followed by the embeddings of the text tokens. A subset of visual embeddings

v = {v1, v2, . . . , vTv} is then gathered using the index list I, which—by design of the ViT

encoder—directly corresponds to the visual patches within the ROI. These selected tokens

are enclosed by the special tokens < |lvr_start| > and < |lvr_end| >, thereby defining the

Latent Visual Reasoning process. Finally, the remaining textual response is appended

to the sequence for generation.

We train the model with two joint learning objectives that explicitly couple latent visual

reasoning with downstream text generation.

Visual Reconstruction Loss. During latent reasoning, the model predicts a sequence of

final hidden states {ht}Tv
t=1 that are expected to encode the underlying visual semantics. We

enforce these hidden states to approximate the ground-truth visual embeddings {vt}Tv
t=1 via a
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mean squared error (MSE) objective:

LLVR =
1

Tv

Tv∑
t=1

∥∥ht − vt

∥∥2
2
. (6.1)

Next-Token Prediction (NTP) Loss. For the subsequent language modeling phase, the

model generates the final response tokens {yt}Ty

t=1 to answer the visual question. We adopt

the standard cross-entropy loss:

LNTP = − 1

Ty

Ty∑
t=1

log pθ(yt | y<t,h1:Tv) . (6.2)

Joint Objective. The overall training loss is a weighted sum:

L = LNTP + λLVR · LLVR, (6.3)

where λLVR is a hyperparameter balancing reconstruction and generation signals.

Reinforcement Learning

We employ GRPO to further refine the interaction between LVR and standard text generation.

In this stage, rewards are computed solely based on output accuracy and adherence to the

required response format. Unlike supervised fine-tuning, no constraints are imposed on the

intermediate outputs of LVR, allowing the model to freely explore the latent visual reasoning

space. This relaxation also removes the need for pre-annotated ROI bounding boxes, as

GRPO training can be performed directly on image–text pairs. Moreover, GRPO implicitly

encourages the generation of the < |lvr_start| > token, thereby increasing the likelihood of

activating the LVR process during response generation.

However, directly applying the standard GRPO algorithm to LVR is non-trivial. The key

challenge lies in the mismatch between the policy-gradient loss, which is defined over token

distributions, and the latent reasoning process, which lacks an explicit token distribution.

To address this issue, we propose GRPOlatent, a variant that can be seamlessly

applied to any latent-reasoning model.
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The objective is:

JGRPOlatent
(θ) = Eq,I, o∼πθold

[
1

|y|

|y|∑
t=1

min
(
rt(θ) Ât, clip

(
rt(θ), 1−ε, 1+ε

)
Ât

)
− β DKL

(
πθ(· | q, I) ∥ πref(· | q, I)

)]
. (6.4)

Here, the token-wise importance ratio ri,t(θ) for a text token yi,t is computed using

a teacher-forcing log-probability pass, where the latent reasoning hidden states are

replayed from the original rollout:

ri,t(θ) =
πθ(yi,t | q, I, h̃latenti , yi,<t)

πθold(yi,t | q, I, h̃latenti , yi,<t)
. (6.5)

During rollout we record the last hidden states of LVR processes:

h̃latenti = {hlatenti,1 , . . . , hlatenti,L }.

To evaluate importance ratios, we perform a teacher-forcing forward pass under both πθ and

πθold . The recorded hidden states h̃latenti are patched into the latent-reasoning positions of the

model, thereby restoring the exact context preceding text generation and ensuring consistent

conditional log-probabilities for the output sequence.

Rewards are derived solely from the text output y. We incorporate two reward types:

a format reward, which equals 1 if the response contains both < |lvr_start| > and

< |lvr_end| > tokens and 0 otherwise, and an accuracy reward, which equals 1 if the

answer is correct and 0 otherwise. The format reward encourages the LVR process while

the accuracy reward indirectly supervises the latent reasoning through its impact on text

generation.

The group-normalized reward is:

R̃i =
R(yi)−mean(R(y1), . . . , R(yG))

std(R(y1), . . . , R(yG))
, Âi,t = R̃i (∀t ∈ {1, . . . , |yi|}). (6.6)

Decoding Strategies

Our initial results reveal that decoding in LVR can be challenging, as it is often unclear

when the model should exit the LVR process. Specifically, when the next-token prediction
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introduces a < |lvr_start| > token, the decoder switches into the LVR mode, passing the

last hidden states instead of the language model head’s predicted tokens. During this phase,

the language model head continues producing token predictions, but it should ideally emit

< |lvr_end| > once an optimal length of latent reasoning has been reached, reconstructing

all necessary visual semantics for the current task. In practice, however, the predicted tokens

during latent reasoning are often unstable, motivating us to propose three decoding strategies:

• Fixed Token: assigns a constant budget of reasoning steps. Once the budget is reached,

the model immediately exits latent reasoning mode.

• Latent End Token: introduces a trainable tensor in the hidden state space. When

the last hidden state approaches this tensor, the decoder resumes text-token generation.

• Mode Switching Loss: adds an auxiliary loss during SFT that supervises the token

distribution predicted by the language model head in the latent reasoning phase. A BCE

loss encourages the distribution of the final latent reasoning token toward < |lvr_end| >
(close to 1), while all intermediate tokens are pushed away from < |lvr_end| > (close

to 0). At inference time, the model exits latent reasoning mode once < |lvr_end| > is

predicted.

Empirically, we find that Fixed Token achieves the best performance, while Mode Switch-

ing Loss fails to encode stopping conditions properly. A detailed analysis is provided in

Section 6.3.

6.3 Experiments

We adopt Qwen-2.5-VL 3B and 7B as the backbone MLLMs. For the visual encoder, we set

the maximum resolution to 5120× 28× 28 pixels and the minimum to 128× 28× 28 pixels.

In both training stages, the visual encoder and multimodal projector are kept frozen, with

only the LLM parameters updated. This reflects LVR’s learning objective of unifying the

reasoning space under the hypothesis that an optimal modality projection can be achieved

without additional tuning.
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In the SFT stage, we use Visual COT (Shao et al., 2024b) as the primary training data.

This large-scale VQA dataset contains 438k question–answer pairs, each annotated with

bounding boxes that mark the critical regions needed to derive the answer. During training,

the variable number of image tokens and LVR tokens results in imbalanced instance lengths.

To address this, we adopt the adaptive multimodal data-packing strategy from Chen et al.

(2024b), which supports dynamic batching: multiple shorter instances can be packed together,

while longer ones are grouped in smaller numbers. On average, this yields an effective batch

size of ∼3.2 per device. The learning rate is set to 1× 10−5. For the 7B variant, supervised

fine-tuning requires roughly 40 hours to complete 2,500 steps on a 4×AMD MI250 GPU

cluster.

For reinforcement learning, we implement a latent GRPO framework customized from

the HuggingFace TRL package, using ViRL (Wang et al., 2025a) as the training data. The

policy generates 8 responses per input, with a learning rate of 1 × 10−5, a fixed sampling

temperature of τ = 0.9, and a KL coefficient of β = 0.04. This stage is applied only to the

3B variant, requiring about 20 hours to complete 1,500 steps. We do not extend it to the 7B

variant due to limited computational resources.

Evaluation Benchmarks

We evaluate LVR on the visual detail understanding task and a diverse set of vision-centric

benchmarks. For visual detail understanding, we adopt V ∗ Bench, which assesses MLLMs’

ability to perform fine-grained visual detail search and relative spatial reasoning respectively

on two subsets. We further employ MMVP (Tong et al., 2024c) to measure perception

robustness under subtle image perturbations, providing a rigorous test of LVR’s fine-grained

reasoning capabilities.

Beyond these, we evaluate on Counting (object enumeration), JigSaw (image reconstruction

from fragments), Relative Reflectance (pixel-level albedo comparison), and Spatial Relation

(object–relation understanding within a scene). These tasks are drawn from BLINK (Fu

et al., 2024), a benchmark of expert-annotated, perception-heavy tasks designed for MLLMs.

To ensure consistency and fairness, all evaluations follow the standardized metrics provided

by LMMs-Eval (Li et al., 2024b).
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Baselines

We compare LVR against state-of-the-art MLLM baselines in two categories:

Thinking about Images. This includes Vision-R1 (Huang et al., 2025a) and

PAPO (Wang et al., 2025f), which use RL with verifiable rewards to equip MLLMs with CoT

reasoning. Vision-R1 follows a “think before answer” trajectory, while PAPO adds an implicit

perception loss for image-grounded descriptions.

Thinking with Images. This category includes PixelReasoner (Su et al., 2025a) and

Argus-X3 (Man et al., 2025). PixelReasoner employs image-editing tools to iteratively

enhance the input image during reasoning. In contrast, Argus-X3 detects regions of interest

via bounding boxes, extracts the corresponding visual tokens, and reinjects them into the

MLLM input to strengthen perception. This makes Argus-X3 a strong reference point for

comparison with LVR: whereas Argus-X3 depends on external tools for feature extraction,

LVR directly learns to reconstruct visual semantics.

To isolate the effect of training data, we also include a baseline trained with standard

supervised fine-tuning on the same dataset as LVR, denoted as SFT. For completeness, we

include each baseline model’s system prompt when it is available in the documentation.

Main Results

The main evaluation results are summarized in Table 6.1. We report performance under

the best decoding strategy, Fixed Token, with LVR steps set to [4, 8, 16]. Overall, LVR

achieves state-of-the-art results across most benchmarks. Importantly, for a fair comparison,

all open-source baselines are built on the same backbone MLLMs as LVR, highlighting the

effectiveness of latent reasoning over existing “Think about images” or “Think with images”

approaches.

The largest gains are observed on the V ∗ and MMVP benchmarks, where LVR consistently

achieves top performance across all step settings. In particular, it improves the base model by

2.7% on the V ∗
D.A. subset, which measures visual detail search, and by 5.3% on the V ∗

R.P. subset,

which evaluates relative spatial reasoning. On MMVP, which perturbs subtle image details

to assess perception robustness, LVR demonstrates strong performance by reconstructing

target visual semantics, accurately identifying differences, and thereby improving accuracy.
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Moreover, it surpasses PixelReasoner in both categories, despite PixelReasoner relying on

external tools to crop image sub-regions. This underscores that reconstructing visual

semantics can be more effective than depending on external visual-editing tools

(as in “Think with Images”) for fine-grained visual understanding. In addition,

both PAPO and Vision-R1 exhibit degraded performance on V ∗, suggesting that textual-

space CoT in MLLMs (i.e., “Think about Images”) may introduce cross-modal

interference and weaken perception, whereas LVR avoids this issue by reasoning

jointly across modalities.

LVR also achieves leading results on Counting, IQ-Test, JigSaw, and Spatial Relation. In

Counting, the model is required to enumerate specific objects in a scene; in IQ-Test, it solves

geometry-based puzzles; In JigSaw, it reassembles image crops; and in Spatial Relation, it

answers questions about relative object positions. These results demonstrate that Latent

Visual Reasoning effectively unifies object detection, visual-dependent logical reasoning,

visual reconstruction, and spatial relation understanding.

However, LVR does not achieve top performance on Relative Reflect. We attribute

this gap to a distribution shift between training and evaluation data: such tasks require

reasoning over multiple images, whereas LVR was trained exclusively on single-image data.

We anticipate that incorporating cross-image data augmentation in future work will further

strengthen LVR’s capability for multi-image reasoning.

RL Results

We present the results of GRPOlatent in Table 6.2. Reinforcement learning further enhances

LVR performance beyond the SFT stage across multiple benchmarks. The superior results

demonstrate that incorporating a format reward based on the < |lvr_start| > and <

|lvr_end| > tokens effectively encourages the model to perform Latent Visual Reasoning.

In contrast, removing these trigger tokens from the reward function destabilizes training,

resulting in purely textual responses and degraded performance.

Ablation Studies

We examine variants in architectural design and decoding strategies.
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Method V ∗ V ∗
D.A. V ∗

R.P. MMVP Counting IQ-Test JigSaw Rel. Reflect Spatial Rel.
Closed-Source Models

GPT-4o 62.8 – – – 51.7 30.0 58.0 38.8 76.9
Gemini2.5-Pro 79.2 – – – – – – – –
ARGUS-X3 78.5 – – 45.5 – – – – –

Open Models based on Qwen2.5-VL-7B
Qwen2.5-VL 78.5 81.7 73.7 66.7 66.7 26.0 52.0 38.8 87.4

PAPO 36.1 25.2 52.6 54.3 66.7 29.3 52.0 39.6 88.8
Vision-R1 70.2 70.4 69.7 46.7 51.7 26.7 27.3 44.8 66.4

PixelReasoner 80.1 81.7 77.6 67.0 66.7 25.3 52.7 42.5 88.1
SFT 79.1 82.6 73.7 65.7 67.5 26.7 45.3 33.6 88.8

LVR (4 Steps) 81.2 84.4 76.3 72.0 69.2 28.7 52.7 42.5 89.5
LVR (8 Steps) 81.7 84.4 77.6 71.7 70.0 29.3 52.0 42.5 86.0
LVR (16 Steps) 80.6 81.7 79.0 71.7 70.8 27.3 52.7 41.8 87.4

Table 6.1: Experimental results on vision-centric tasks. LVR outperforms both “Think
about Images” (PAPO, Vision-R1) and “Think with Images” (PixelReasoner) paradigms,
highlighting the effectiveness and scalability of latent visual reasoning.

Benchmark PAPO LVR (4 | 8 | 16) LVRRL (4 | 8 | 16)
V ∗ 31.9 64.9 | 65.5 | 66.5 65.5 | 67.0 | 66.5
V ∗
D.A. 22.6 69.6 | 71.3 | 71.3 69.6 | 72.2 | 71.3
V ∗
R.P. 46.1 60.5 | 60.5 | 56.6 59.2 | 59.2 | 59.2

MMVP 50.0 54.7 | 56.0 | 56.0 55.3 | 55.3 | 58.0
IQ-Test 31.3 29.3 | 30.7 | 30.0 30.7 | 32.0 | 30.0
JigSaw 46.7 52.7 | 52.7 | 52.0 52.7 | 52.7 | 50.7

Table 6.2: RL results with 3B models. GRPOlatent further boosts performance, demon-
strating the effectiveness of adapting RL for latent reasoning and enabling self-evolution.

LVR with heads. Analogous to the LM head in LLMs, we add a LVR head on top of the

latent reasoning positions to transfer LLM hidden states into visual semantics. We evaluate

two designs: (i) a 2-layer MLP without intermediate up-casting, and (ii) a gated linear unit

(GLU) with an intermediate dimension expanded to 3× the LM hidden size. The 7B results

(Table 6.3) show that the standard LVR consistently achieves the best performance across

benchmarks. This is expected, as the LVR process is directly supervised in the joint semantic
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Method V ∗ V ∗
D.A. V ∗

R.P. MMVP IQ-Test JigSaw
LVR 81.7 84.4 77.6 71.7 29.3 52.0

LVRLatentEnd 39.8 32.2 51.3 19.0 6.7 13.3
LVRMLP Head 74.4 76.5 71.1 69.7 23.3 50.0
LVRGLU Head 79.6 82.6 75.0 69.0 25.3 44.0

Table 6.3: Ablation studies on the 7B model. The standard LVR approach performs best,
indicating the LLM natively aligns visual and textual semantics without an extra head. The
unstable Latent End Token highlights a need for future work on variable-length reasoning.

space of text and vision, ensuring no semantic gap between the LLM’s last hidden states and

the LVR outputs.

Unrestricted LVR decoding. As discussed in Section 6.2, we explored Mode Switching

Loss and Latent End Token for variable-length LVR processes. However, Mode Switching

Loss failed to encode stopping conditions, collapsing to zero LVR steps. The performance of

Latent End Token is reported in Table 6.3, where we observe significant instability. Human

evaluation indicates that this instability stems from unreliable distance measurements between

LVR hidden states and the latent end token. Despite testing cosine similarity, L1, and L2

distances under varying thresholds, the model often failed to terminate properly and maxed

out generation steps. We expect future work on improving stability for fully free-form Latent

Visual Reasoning.

6.4 Conclusion and Transition

This chapter presented Latent Visual Reasoning (LVR), a novel multimodal reasoning

paradigm that unifies latent reasoning over visual tokens with standard text generation. By

extending the Vision–Projector–LLM structure and training with supervised fine-tuning plus

GRPO-based reinforcement learning, LVR achieves stable hybrid reasoning. Experiments

show substantial gains on perception-intensive benchmarks, demonstrating that reasoning

jointly over latent visual and textual spaces offers a promising direction for future multimodal

reasoning.
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Looking ahead. Chapters 5 and 6 together advance multimodal reasoning by improving

both what the model sees (semantic-guided visual selection) and how the model thinks

(latent reasoning in the embedding space). Both contributions improve the representations

that the model reasons over, but neither directly addresses the mechanism by which the

model allocates its computational resources across these representations. In the Transformer

architecture, this allocation is governed by attention: which tokens in the multimodal context

receive weight during each generation step. Standard post-training methods—including the

GRPO algorithm employed in this chapter—optimize the model’s output token distribution

but provide only indirect supervision for the internal attention patterns that determine

cross-modal information flow. The next chapter proposes Reinforced Attention Learning

(RAL), which closes this gap by reformulating the RL policy to operate directly on attention

distributions, shifting the optimization target from what the model generates to where it

attends.
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Chapter 7

Reinforced Attention Learning

7.1 Introduction

The preceding chapters advanced how models represent inputs and structure reasoning—from

semantic label representations (Chapter 3), through reasoning diagnostics (Chapter 4), to

multimodal visual selection (Chapter 5) and latent visual reasoning (Chapter 6). This final

contribution turns to a still deeper question: can we optimize the fundamental mechanism by

which models allocate attention across representations? The work in this chapter is based on

the paper "Reinforced Attention Learning," which is available as a preprint (Li et al., 2026a).

Large Language Models (LLMs) have achieved remarkable proficiency in complex domains

such as mathematics and programming. Beyond massive unsupervised pre-training Brown

et al. (2020); Team (2025), post-training has emerged as a critical technology for eliciting

long-form Chain-of-Thought (CoT) reasoning. Current paradigms predominantly employ

Reinforcement Learning (RL) to optimize the model’s policy, utilizing rewards derived from

learned models or programmatic verifiers to favor high-utility token sequences. Fundamentally,

these policy gradient methods refine the next-token distribution to maximize expected rewards.

Recent research has further highlighted a robust correlation between reasoning length and

task accuracy—a phenomenon central to the concept of test-time scaling.

To extend these gains to multimodal LLMs (MLLMs), recent studies have attempted

to incorporate “thinking processes” into Visual Question Answering (VQA) tasks. Under

this paradigm, models are incentivized to generate exhaustive textual descriptions of visual
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inputs as a CoT prior to providing a final answer. However, our results reveal that for core

perception tasks—such as image or video question answering—extensive textual reasoning

provides only marginal gains and may even degrade the model’s fundamental perceptual

capabilities.

We attribute this limitation to the insufficiency of next-token prediction as the fundamental

policy objective in MLLM post-training. In typical MLLM architectures, visual inputs are

encoded as tokens and projected into the textual embedding space to serve as context for

generation. Accurately answering fine-grained questions requires the model to precisely

identify and attend to task-relevant visual information. This process is governed by the

Transformer’s attention mechanism, which must learn to assign high weights to salient

multimodal tokens. Standard RLHF, however, optimizes for the result (the token) rather

than the process (the internal information allocation).

Inspired by this observation, we reformulate the post-training policy for MLLMs to

operate directly on the attention distribution during generation. This yields Reinforced

Attention Learning (RAL), an algorithm designed to optimize the model toward high-

utility attention trajectories. Unlike traditional methods, RAL treats the attention pattern

itself as the policy: when a response receives a high reward, the algorithm encourages the

underlying attention distribution by minimizing the divergence between the current and

reference policies. Conversely, for low-reward responses, the model is penalized by increasing

the divergence from those sub-optimal patterns. By shifting the optimization target from

token likelihood to attention-based allocation, RAL fine-tunes MLLMs more directly for

multimodal alignment. Our results indicate that RAL consistently outperforms Group

Relative Policy Optimization (GRPO) across video and image benchmarks, particularly on

perception-intensive tasks.

The efficacy of optimizing attention distributions naturally extends to On-Policy Dis-

tillation. While traditional distillation focuses on token-level probability alignment, we

propose a dual-distillation approach that transfers knowledge via both token and attention

distribution alignment.

In summary, the contributions of this chapter are:

• Reinforced Attention Learning: We propose RAL, a policy-gradient method that
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Figure 7.1: Reinforced Attention Learning formulates internal attention distribu-
tions as a policy. Unlike traditional methods that optimize next-token probabilities (“what
to generate”), our approach prioritizes the selective allocation of information focus (“where to
look”). Optimizing for the advantage, the model explores a high-rewarding attention policy
that effectively isolates salient information from dense contexts.

shifts the optimization objective from next-token prediction to attention-distribution

alignment, enabling direct reinforcement of visual grounding rather than indirect

supervision through textual outputs.

• On-Policy Attention Distillation: We extend this framework to an on-policy

distillation setting, which substantially improves a student model’s ability to inherit

fine-grained perceptual and grounding behaviors from a teacher.

• Empirical Validation: Extensive experiments demonstrate that RAL consistently

improves upon GRPO across diverse visual question answering benchmarks requiring

fine-grained visual understanding and perception.
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7.2 Reinforced Attention Learning

Traditional reinforcement learning for LLMs typically optimizes a policy by maximizing the

expected return over the output token distribution. Modern off-policy algorithms like PPO

and GRPO utilize a surrogate objective based on importance sampling:

LRL = Et

[
πθ(at|st)
πold(at|st)

At

]
(7.1)

where At denotes the advantage estimate. This formulation explicitly optimizes the diver-

gence between the current and the behavioral policy’s token distributions. While

effective for maximizing immediate rewards, this token-level optimization often precipitates

diversity collapse. In such cases, the model overfits to specific high-reward surface forms,

weakening its generalization across diverse reasoning patterns and leading to “reward hacking”

of the linguistic structure rather than the underlying logic.

To mitigate this, we propose shifting the optimization target from the external output

distribution to the internal attention distributions. By supervising how the model

allocates its computational focus over contextual information, we provide a robust form of

structural regularization. We frame the model’s aggregate attention over an input prompt as

an information-gathering policy.

Aggregated Causal Attention Distribution Policy

We posit that the model’s internal attention mechanism constitutes an alternative, latent

policy space. By reinforcing these internal distributions, we guide the model’s reasoning

process—specifically, how it integrates both the original context and its own generated

rationale—without strictly constraining the output tokens to a narrow, brittle distribution.

Let the total sequence be S = (x1, . . . , xT ), where x1, . . . , xP represents the prompt and

xP+1, . . . , xT represents the generated response. Let αt,i represent the attention weight from

the generated token at position t to any preceding token at position i (i < t), extracted

from the final layer and averaged across all heads. For each generated token t ∈ [P+1, T ],

we define the causal Attention Distribution Policy ptθ as the distribution over all preceding

positions:

ptθ(i) =
αt,i∑t−1
j=1 αt,j

, ∀i ∈ [1, t−1]. (7.2)
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This formulation captures how the model attends to its own emerging reasoning in addition

to the initial instructions and visual input.

Advantage-Weighted Attention Divergence

To ensure the model retains an effective information-gathering policy, we derive a per-

token loss function. Drawing inspiration from the importance sampling ratios in PPO/GRPO,

this objective encourages attention patterns that correlate with high rewards. The objective

is defined as the expected divergence of the current attention policy and the old attention

policy:

LAttnRL = Et

[
At ·D(ptθ ∥ ptold)

]
, (7.3)

where At is the sequence-level advantage and D(·) is a symmetric, bounded divergence

measure, such as Jensen-Shannon Divergence (JSD). Using JSD ensures training stability

and behaves according to the sign of the advantage:

• If At > 0, minimizing LAttnRL pulls the current policy pθ toward the successful strategy

pold.

• If At < 0, the objective “pushes” pθ away from the suboptimal strategy.

This per-token granularity prevents the “vanishing gradient” effect often encountered when

averaging attention over long sequences, ensuring that even late-stage tokens in a long

response are supervised by the internal attention objective.

Combined Optimization Objective

The final training objective integrates the standard token-level policy gradient with our

internal attention regularizer:

Ltotal = LRL + λattnLAttnRL, (7.4)

where λattn is a hyperparameter balancing explicit output maximization with internal attention-

level exploration. This dual-objective approach ensures the model remains linguistically

flexible while maintaining a structured and reward-aligned reasoning process.
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Gradient Derivation

The gradient of LAttnRL with respect to the attention logits et,i is derived via the chain rule.

Let Jt = JSD(ptθ∥ptold).

Gradient w.r.t. Distribution. The partial derivative of JSD with respect to the current

distribution ptθ is:

∇ptθ
Jt =

1

2
ln

(
2ptθ

ptθ + ptold

)
.

Gradient w.r.t. Logits. Using the softmax Jacobian ∂pj
∂ei

= pi(δij − pj), the gradient for a

specific logit et,i is:

∇et,iJt = ptθ(i)

(
∇ptθ(i)

Jt −
∑
j

ptθ(j)∇ptθ(j)
Jt

)
.

Total Parameter Update. The final gradient for the attention loss is the advantage-

weighted accumulation across the sequence:

∇θLAttnRL = Eτ

[
Aτ

T∑
t=P+1

t−1∑
i=1

(
∇et,iJt

)
∇θet,i

]
.

When Aτ > 0, the update minimizes divergence from successful patterns. When Aτ < 0, it

pushes the model to explore alternative attention fragments, penalizing the specific reasoning

path that led to a low reward.

On-Policy Attention Distillation

Beyond reward-driven optimization, the attention policy framework extends to an on-policy

distillation setting where the student model πθ aims to inherit the attention distribution—

the structural reasoning patterns—from a teacher model πϕ. In this regime, we provide

dense supervision by minimizing the divergence between the student’s and teacher’s internal

attention distributions over the student’s own generated trajectories.
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Teacher-Student Alignment. For each token t in a trajectory τ sampled from the

student policy πθ, we define the distillation loss as the sum of divergences between the student

attention policy ptθ and the teacher attention policy ptϕ:

LAttnDistill = Eτ∼πθ

[
T∑

t=P+1

JSD(ptθ∥ptϕ)

]
. (7.5)

Crucially, this objective does not involve an advantage term At. The goal is pure structural

imitation, ensuring that for any generated token, the student utilizes the same contextual

evidence as the teacher. This provides a denser gradient signal than token-level KL divergence

alone.

Unified Distillation Objective. The final objective for on-policy distillation combines

the RL objective, the generalized knowledge distillation (GKD) on output logits, and our

proposed attention alignment:

Ltotal = LRL + µLGKD + γattnLAttnDistill, (7.6)

where LGKD typically represents the reverse KL divergence between the output distributions

πθ(at|st) and πϕ(at|st). µ controls the strength of the distillation and γattn balances the

strength of the attention distillation.

Gradient Flow. The gradient of LAttnDistill with respect to student parameters θ is derived

similarly to Section 7.2, but aligns purely toward the teacher’s distribution:

∇θLAttnDistill = Eτ∼πθ

[
T∑

t=P+1

t−1∑
i=1

(
∇et,iJt

)
∇θet,i

]
, (7.7)

where Jt = JSD(ptθ∥ptϕ). By sampling trajectories from the student (τ ∼ πθ), the model

learns to maintain “teacher-like” attention patterns even when navigating states it would

not encounter under the teacher’s original distribution, thereby mitigating exposure bias in

internal representations.
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What color is the liquid inside the bucket?

<think> The video clip captures a scene 
near a construction site… As the camera 
rounds a corner, a bucket of blue paint 
comes into view… </think>

<answer> blue </answer>

Figure 7.2: Sample data of the SFT and RL training stages. The SFT stage adapts
the model to a “think-and-answer” paradigm, while the RL stage employs a reward function
to verify the format and correctness of rollout responses.

7.3 Experiments

We empirically evaluate RAL for post-training MLLMs. Our experiments investigate both

the standard RAL objective and the on-policy attention distillation variant, implemented on

top of the GRPO framework.

Experimental Setup

Model Configurations. We adopt Qwen-2.5-VL-7B as our foundation MLLM. For the

on-policy attention distillation experiments, we utilize Qwen-2.5-VL-32B as the teacher

model. In all settings, the visual encoder and multimodal projector are kept frozen, with

gradients updated only for the language model backbone.
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Training Pipeline. Our training pipeline utilizes the Video-R1 (Feng et al., 2025) dataset

and consists of two stages, implemented using the veRL infrastructure (Sheng et al., 2025):

• Supervised Fine-Tuning (SFT): We perform SFT using the Video-R1-COT-165k

subset, which provides 165k instances of video-question pairs with structured Chain-of-

Thought reasoning. Following the format in Figure 7.2, the “thinking” process and final

answer are enclosed in <think> and <answer> tags, respectively. This stage requires

roughly 10 hours on a cluster of 8× NVIDIA H100s.

• Reinforcement Learning (RL): We subsample the first 51.2k instances from the

Video-R1-260k dataset and train for a single epoch. For each input, the policy

generates G = 8 rollouts for advantage estimation. This stage requires approximately

120 hours on 8× NVIDIA H100s.

Implementation Details

Visual Processing. For the visual encoder, we set the maximum resolution of images to

5120× 28× 28 pixels and the minimum to 128× 28× 28 pixels. Video frames are sampled

at 1 fps, with the total number capped at 128. Each individual frame is constrained to a

maximum of 128× 28× 28 pixels.

Hyperparameters. We extract the attention weights of the last Transformer layer by

patching its attention implementation with eager attention. The weights are averaged across

all attention heads. For RL training, we maintain a fixed sampling temperature of τ = 0.9

and a KL coefficient of β = 0.04. The learning rate is 5× 10−6 for SFT and 1× 10−5 for RL.

Table 7.1 provides the hyperparameter ranges for RAL.

Baselines. We primarily compare against GRPO, which eliminates the need for a separate

value model by computing the relative advantage of each response within a group of G

sampled outputs. For a given response i, the advantage is:

Âi =
ri − 1

G

∑G
j=1 rj

std(r1, . . . , rG)
, (7.8)
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Parameter Value

Rollout batch size 8
KL Coefficient (β) 0.04
Sampling Temperature (τ) 1
λattn {0.5, 1, 5}
γattn {0.05, 0.5, 1}

Table 7.1: Hyperparameters for RAL experiments.

where ri represents the total reward. Our reward system is entirely rule-based, comprising

two components: an Accuracy Reward (racc), which grants 1.0 for an exact match between

the <answer> content and the ground truth; and a Format Reward (rfmt), which grants

1.0 for perfect adherence to the <think>...<answer>... template. The final reward is

ri = 0.9 · racc + 0.1 · rfmt. These settings remain consistent across all experiments.

We also include Video-R1-7B for comparison, which uses Temporal-GRPO—a variant

incorporating a temporal coherence reward that perturbs frame ordering and provides

auxiliary rewards for accuracy on correctly sequenced inputs. Since Video-R1-7B uses the

same Qwen-2.5-VL-7B backbone, it facilitates controlled comparison.

Evaluation Benchmarks

We evaluate across a broad spectrum of vision-centric benchmarks.

Image QA Tasks. For static image understanding: (1) V ∗ Bench for fine-grained visual

search and spatial reasoning; (2) MMMU Pro (Yue et al., 2024) for multi-step expert-

level knowledge; (3) MME (Fu et al., 2025a) for basic perception and high-level cog-

nition; (4) MuirBench (Wang et al., 2024a) for robustness across diverse image types;

(5) ChartQA (Masry et al., 2022) for complex data extraction; (6) VizWiz (Gurari et al.,

2018) for real-world visual grounding; (7) Blink (Fu et al., 2024) for foundational perception

tasks; and (8) CVBench (Tong et al., 2024a) for core computer vision capabilities.
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Video QA Tasks. For temporal reasoning and long-context integration: (1)LongVideoBench

(Wu et al., 2024) for long-range referring reasoning; (2) NExT-QA (Xiao et al., 2021) for causal

and temporal action explanation; (3) Video-MME (Fu et al., 2025b) for comprehensive multi-

domain evaluation; (4) Video-MMMU (Hu et al., 2025) for expert-level knowledge acquisition;

(5) LVBench (Wang et al., 2024b) for extreme long-form comprehension; (6) MVBench (Li

et al., 2024d) for multi-task temporal perception; and (7) TempCompass (Liu et al., 2024d)

for sensitivity to motion and temporal order.

Main Results

Tables 7.2 and 7.3 present a comprehensive comparison of RAL against GRPO and standard

on-policy distillation. Overall, RAL consistently surpasses both the GRPO baseline and

the base Qwen-2.5-VL-7B model, suggesting that optimizing internal attention distributions

provides a more stable and effective learning signal than token-level policy gradients alone.

Image VQA. Under the reinforcement learning paradigm, RAL outperforms GRPO

across all eight image benchmarks. We observe significant improvements on V ∗ (+5.8),

MME (+94.1), ChartQA (+2.8), and VizWiz (+3.8). These gains indicate that attention-

level supervision strengthens visual grounding and compositional reasoning, particularly

for perception-intensive and document-based tasks. Crucially, RAL not only mitigates

the performance degradation often introduced by GRPO relative to the base model (e.g.,

on V ∗ and VizWiz) but also exceeds the original Qwen-2.5-VL-7B performance across all

metrics. This suggests that our approach fosters genuine generalization rather than narrow

reward-model overfitting.

In the on-policy distillation regime, the integration of attention distillation yields superior

results over standard distillation on 7 out of 8 benchmarks, with marked increases on V ∗ (+3.6)

and MuirBench (+1.8). These findings demonstrate that supervising where a teacher model

attends provides a crucial, complementary signal that simple output imitation lacks. Notably,

the strong performance on V ∗, which specifically probes fine-grained object attributes and

spatial relationships, underscores RAL’s efficacy in resolving complex scene geometries.
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Method V ∗ MMMUpro MME MuirBench ChartQA VizWiz Blink CVBench

Qwen-2.5-VL-7B 70.7 36.4 2309.3 44.9 84.0 71.2 56.3 77.6
Reinforcement Learning

Video-R1 66.5 36.0 2266.2 40.9 84.2 63.5 47.4 72.3
GRPO 68.6 36.8 2258.7 43.9 81.7 67.9 54.9 78.1
RAL 73.3 37.8 2352.8 47.4 86.4 71.7 57.2 79.0

RAL-zero 72.3 38.4 2306.2 43.4 82.7 71.9 55.4 78.4
On-Policy Distillation

On-policy Distillation 68.1 37.8 2344.7 39.9 81.7 71.2 56.3 78.7
+ Attention Distillation 72.3 38.4 2345.1 43.4 83.6 72.1 57.2 78.4

Table 7.2: Performance comparison across image VQA benchmarks.

Video VQA. On long-video benchmarks (Table 7.3), RAL outperforms GRPO on 6 out of

7 datasets. The most pronounced improvements occur on LongVideoBench (+2.2), NExTQA

(+3.4), and MVBench (+1.5), all of which demand robust temporal understanding and

multi-hop reasoning. While GRPO maintains a marginal lead on VideoMMMU, RAL remains

highly competitive.

Under on-policy distillation, attention-enhanced alignment improves performance on every

benchmark except for ties on LongVideoBench and MVBench. The substantial gains on

NExTQA (+4.4) and VideoMME (+2.6) suggest that attention alignment is particularly

potent for long-context temporal reasoning and precise event localization.

Implications. Across both modalities and training regimes, attention-centric learning

provides consistent and well-distributed performance increments. In contrast to GRPO,

which can exhibit benchmark-specific trade-offs or degrade base model capabilities, RAL

delivers uniform gains. This supports our hypothesis that supervising internal information

allocation offers a more stable and generalizable training signal than pure token-level gradients.

Furthermore, the success of attention distillation confirms that attention distributions serve

as a transferable and semantically rich representation of reasoning behavior.

In summary, these results validate attention-based policy optimization as a robust comple-

ment for, conventional RL and distillation in MLLM post-training, especially for perception-

heavy and long-horizon video understanding.
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Method LongVideoBench NExTQA VideoMME VideoMMMU LVBench MVBench TempCompass

Qwen-2.5-VL-7B 57.0 73.7 61.6 47.6 40.5 63.4 69.5
Reinforcement Learning

Video-R1 56.5 65.3 62.5 44.7 43.5 62.0 68.0
GRPO 57.9 70.7 62.0 49.7 43.9 64.0 68.3
RAL 60.1 74.1 63.4 48.6 44.2 65.5 70.0

RAL-zero 58.8 76.2 65.1 49.2 45.9 62.7 68.5
On-Policy Distillation

Knowledge Distillation 59.7 70.9 61.3 47.3 43.7 65.5 69.2
+ Attention Distillation 59.7 75.3 63.9 48.5 44.7 65.5 70.3

Table 7.3: Performance comparison across long-video benchmarks. RAL and At-
tention Distillation consistently enhance multimodal understanding. RAL-zero denotes the
variant where the explicit thinking process is removed, isolating the impact of the attention-
based policy gradient.
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Figure 7.3: RAL improves GRPO along increasing video frames or image resolution.

Ablation Studies

RAL yields consistent improvements across varying visual resolutions and frame

rates. To investigate the robustness of these gains relative to visual information density,

we analyze the performance of RAL versus GRPO across different video sampling lengths

and image resolutions. We utilize LongVideoBench and V ∗ as our evaluation suite: the

former requires extracting sparse, salient information from extremely long video sequences,

while the latter features high-resolution images of complex scenes that demand fine-grained

reasoning. Together, these benchmarks facilitate a diagnostic analysis of cross-modal reasoning
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capabilities across diverse temporal and spatial densities.

We evaluate on LongVideoBench using maximum frame counts of 32, 64, and 128. For

V ∗, we vary the maximum token budget per image (512, 1024, and 2048 tokens, where a

unit image patch is 28× 28 pixels, so 1024 tokens correspond approximately to an 896× 896

image).

As illustrated in Figure 7.3, RAL consistently outperforms GRPO across all temporal

scales, demonstrating the efficacy of attention-based policies in locating salient cues within

dense temporal contexts. On V ∗, the performance margin widens as image resolution

increases, rising from a +1.6 gain at 512 tokens to a significant +6.3 gain at 2048 tokens.

This trend indicates that the advantages of RAL become increasingly pronounced as visual

information becomes more granular, suggesting superior scalability for high-fidelity multimodal

understanding.

Is an Explicit Thinking Process Necessary for VQA? To isolate the impact of

attention-level supervision, we investigate whether RAL improves cross-modal reasoning

even in the absence of an explicit thinking process. We introduce RAL-zero, a variant

where the thinking process is completely removed from both the SFT and RL stages. In

this configuration, the model is trained to generate the final answer directly. By excluding

high-reward text tokens (rationales), the training signal is dominated by the attention policy,

allowing us to evaluate its intrinsic contribution to visual understanding.

We maintain all hyper-parameters and data volumes from the main experiments but modify

the data format and reward functions. During SFT, the <think> blocks (see Figure 7.2) are

stripped, forcing the model to produce only the final response. Correspondingly, the RL stage

employs a format reward that penalizes any output different from the <answer>...</answer>

structure.

As shown in Table 7.3, RAL-zero surpasses the base model on 5 out of 7 long-video

benchmarks and outperforms the full GRPO baseline on 5 benchmarks. Notably, RAL-

zero achieves state-of-the-art performance on NExTQA (temporal reasoning), VideoMME

(comprehensive video understanding), and LVBench (long-video event understanding). These

results demonstrate that the attention policy space is significantly underexplored; RAL

effectively unlocks visual understanding capabilities by optimizing internal attention weight
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distributions.

On image benchmarks (Table 7.2), RAL-zero improves upon the base model in 4 out of 8

cases, achieving the highest scores among RL-based methods on MMMU-Pro and VizWiz.

Given that MMMU-Pro tests complex visual knowledge and VizWiz focuses on fine-grained

object recognition, these gains suggest that optimizing attention distributions serves as a

powerful bridge between modalities. This confirms that policy gradient methods applied

directly to attention mechanisms can induce superior cross-modal reasoning, even without

explicit verbalized logic.

7.4 Conclusion and Transition

This chapter introduced Reinforced Attention Learning, a MLLM post-training paradigm

that shifts optimization from text token distributions to internal attention distributions.

By treating attention as a policy, RAL directly reinforces visual grounding and perceptual

focus, addressing a fundamental limitation of outcome-based RL methods that neglect the

underlying cross-modal reasoning process.

Experiments across diverse image and long-video benchmarks demonstrate that RAL

consistently outperforms the base Qwen-2.5-VL-7B and GRPO baselines. The approach

provides more stable and uniform gains than token-level RL, which can occasionally degrade

base model performance. These results validate our hypothesis that supervising internal

information allocation yields a more reliable and generalizable training signal than next-token

gradients alone. Furthermore, the attention-centric perspective extends naturally to on-policy

distillation, where transferring “where to focus” provides a complementary and semantically

rich signal that surpasses simple output imitation.

Ultimately, this work establishes attention distributions as a first-class optimization target

for multimodal alignment. By reinforcing internal computation pathways, RAL offers a

principled, process-aware alternative to standard RLHF.

Looking ahead. This chapter completes the five contributions of this dissertation. Taken

together, they trace a coherent arc through the representation-centric study of machine
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reasoning: from reformulating output spaces with rich semantic representations (LITE),

through diagnosing the shortcut vulnerabilities that arise when internal representations are

shallow (EUREQA), to improving the visual representations that enter the model’s context

(SEMCLIP), enabling reasoning directly within the latent visual representation space (LVR),

and finally optimizing the fundamental mechanism—attention—that governs how the model

routes information across all of these representations (RAL). The next and final chapter

synthesizes these contributions, discusses their limitations, and outlines directions for future

research.
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Chapter 8

Conclusion and Future Work

This dissertation has investigated the thesis that the quality of machine reasoning is funda-

mentally constrained by the quality of the underlying representations, and that systematic

improvements to how models represent, select, and attend to information yield reasoning

systems that are more efficient, more robust, and less prone to hallucination across both

unimodal and multimodal settings. Across five interconnected contributions, we traced an

arc from the limitations of categorical representations in natural language understanding,

through the diagnosis of reasoning fragility in large language models, to the development of

novel multimodal reasoning paradigms that operate in learned latent spaces and optimize the

attention mechanisms that govern cross-modal information flow.

This chapter synthesizes the contributions (Section 8.1) and outlines directions for future

research (Section 8.2), with particular emphasis on latent-space reasoning and self-evolving

models that learn from unlabeled data and real-world interaction.

8.1 Summary of Contributions

LITE: Semantic Representations for Entity Typing (Chapter 3). We introduced

LITE, the first framework to reformulate entity typing as a natural language inference problem.

By transforming candidate types into textual hypotheses and scoring them via entailment,

LITE preserves the semantic content of type labels that classification-based systems discard.

This representational choice enables state-of-the-art performance on ultra-fine, fine-grained,
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and zero-shot entity typing benchmarks, and demonstrates strong transferability across

datasets with disjoint type inventories. The core insight—that reasoning over semantic

descriptions rather than opaque indices unlocks generalization—recurs as a motif throughout

the dissertation.

EUREQA: Diagnosing Reasoning Shortcuts (Chapter 4). We proposed EUREQA,

a multi-hop question-answering benchmark designed to systematically strip away semantic

shortcuts and expose the reasoning fragility of large language models. By replacing entities

with recursive sub-queries and introducing deceptive semantic cues, EUREQA isolates genuine

multi-step inference from distributional pattern matching. Our evaluation revealed a striking

gap between human performance (95%) and the best LLM (62–64%), with model accuracy

strongly correlated to entity similarity rather than reasoning depth. These findings established

that the reasoning bottleneck in LLMs is representational—rooted in the model’s reliance on

biased linguistic priors rather than grounded logical inference.

SEMCLIP: Semantic-Guided Visual Selection (Chapter 5). We developed SEMCLIP,

a plug-and-play framework that uses textual query semantics to dynamically select the most

task-relevant sub-image for a vision-language model. Without requiring any retraining of the

VLM itself, SEMCLIP achieves performance gains that exceed both retraining-based baselines

and models with substantially larger language backbones, while using 60% fewer visual tokens

than the strongest baseline. The theoretical upper-bound analysis revealed a 15.4% average

accuracy gap between current VLM performance and the potential achievable through optimal

visual selection, demonstrating that the question of which visual representations enter the

reasoning context is a high-leverage and under-explored dimension of multimodal reasoning.

LVR: Latent Visual Reasoning (Chapter 6). We introduced Latent Visual Reasoning,

a paradigm in which the language model generates latent states that reconstruct question-

relevant visual features directly in the shared embedding space, rather than translating all

reasoning into text. Through a two-stage training pipeline combining supervised fine-tuning

with a novel GRPOlatent algorithm that replays latent reasoning steps during policy gradient

computation, LVR achieves state-of-the-art results on perception-intensive benchmarks,
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outperforming both “thinking about images” (text-only CoT) and “thinking with images”

(external tool) paradigms. LVR demonstrates that the shared latent space of multimodal

LLMs can serve as a viable medium for reasoning, not merely a conduit for translating visual

information into text.

RAL: Reinforced Attention Learning (Chapter 7). We proposed Reinforced Atten-

tion Learning, which shifts the post-training optimization objective from what the model

generates (token distributions) to where it attends (attention distributions). By treating

the Transformer’s internal attention pattern as a policy and applying advantage-weighted

divergence optimization, RAL provides a more direct training signal for cross-modal align-

ment than token-level RL alone. RAL consistently outperforms GRPO across all image and

video benchmarks, with gains that scale with visual information density. The framework

extends naturally to on-policy attention distillation, where transferring “where to focus” from

teacher to student provides a complementary signal that surpasses output-level imitation.

Notably, RAL-zero—a variant without any explicit thinking process—achieves state-of-the-art

results on several benchmarks, confirming that the attention policy space is a powerful and

under-explored dimension of multimodal optimization.

8.2 Future Work

The contributions of this dissertation open several promising research directions. We organize

the discussion around three themes: extending latent-space reasoning beyond its current

boundaries, enabling models to self-evolve through interaction with unlabeled data and the

real world, and unifying the representational insights of this dissertation into more general

frameworks.

Machine Reasoning in Latent Space

The Latent Visual Reasoning paradigm introduced in Chapter 6 demonstrated that multimodal

LLMs can reason productively in continuous embedding spaces, generating “visual thoughts”

that reconstruct task-relevant features without decoding them into text. This result suggests
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a far broader research program: developing models that reason natively in latent space across

all modalities, rather than forcing all cognition through the bottleneck of discrete token

generation.

Multi-step latent reasoning chains. LVR currently performs a single latent reasoning

episode per query—the model enters LVR mode, reconstructs a set of visual features, and then

exits to generate text. A natural extension is to enable multi-step latent reasoning, where the

model alternates between latent and textual reasoning across multiple episodes within a single

generation. This would allow the model to iteratively refine its understanding: an initial

latent step might identify a region of interest, a textual step might formulate a sub-question

about that region, and a subsequent latent step might zoom into the relevant details. Such

interleaved reasoning would more closely approximate the iterative, multi-fixation nature of

human visual problem-solving, where attention shifts dynamically between the global scene

and local details in response to evolving task demands.

Cross-modal latent reasoning. The latent reasoning framework need not be restricted

to the visual modality. In principle, the same mechanism could be applied to audio, video,

3D point clouds, or any modality whose continuous representations are projected into the

LLM’s embedding space. A model capable of generating latent “auditory thoughts” or “spatial

thoughts” would represent a significant step toward genuinely multimodal cognition. The

key technical challenge is defining appropriate reconstruction targets for each modality—

visual patches have a natural spatial correspondence that makes them amenable to MSE

supervision, but analogous supervision signals for audio spectrograms or 3D scenes require

further investigation.

Latent reasoning without explicit supervision. A fundamental limitation of the

current LVR approach is its reliance on bounding box annotations to define which visual

features the model should reconstruct during the supervised fine-tuning stage. This creates a

dependency on labeled data that limits scalability. Future work should explore self-supervised

objectives for latent reasoning, where the model learns which features to reconstruct based

on the downstream utility of the reconstruction rather than explicit spatial annotations. One
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promising direction is to combine the latent reasoning framework with the reinforcement

learning approach of RAL: the model could be rewarded for generating latent states that

improve answer accuracy, without any explicit specification of what those states should

encode. The GRPOlatent algorithm introduced in Chapter 6 takes a first step in this direction,

but the RL stage still builds on a model that was initialized with supervised bounding box

data. A fully unsupervised latent reasoning curriculum—perhaps progressing from simple

reconstruction tasks to increasingly abstract reasoning—would significantly broaden the

applicability of the paradigm.

Theoretical foundations of latent reasoning. The empirical success of LVR raises

fundamental theoretical questions. Why does reasoning in continuous space outperform

reasoning in discrete token space for perception-intensive tasks? One hypothesis is that

continuous representations preserve fine-grained distinctions that are lost in the discretization

process of tokenization—subtle differences in color, texture, or spatial arrangement that

are critical for perception but that map to identical or similar token sequences. A related

hypothesis is that the autoregressive generation of text tokens introduces a sequential

bottleneck: the model must commit to a linear ordering of information that may not match

the inherently parallel structure of visual scenes. Formalizing these intuitions—perhaps

through information-theoretic analyses of the capacity of discrete versus continuous reasoning

channels—would provide principled guidance for when latent reasoning should be preferred

over textual reasoning, and how the two should be combined.

Self-Evolution: Learning from Unlabeled Data and Real-World

Interaction

A recurring theme across the contributions of this dissertation is the tension between the

richness of the models’ representational capabilities and the scarcity of the supervision signals

available to develop them. LITE requires typed entity annotations, EUREQA relies on

structured knowledge bases, SEMCLIP needs VQA labels, LVR depends on bounding box

annotations, and RAL requires task-specific reward functions. In each case, the quality and

diversity of the training signal constrains the model’s ability to develop robust reasoning
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capabilities. The most important long-term direction for this research program is to move

beyond these supervised and semi-supervised paradigms toward models that can self-evolve—

improving their reasoning capabilities autonomously through interaction with unlabeled data

and the real world.

Self-supervised reasoning from unlabeled text and images. The vast majority of

text and images on the internet are unlabeled. Current pre-training paradigms exploit this

data for representation learning (via next-token prediction or contrastive learning), but

they do not explicitly train reasoning capabilities. A self-evolving model would go further:

given an unlabeled document or image, it would formulate its own questions, generate

candidate answers, verify them against internal consistency criteria, and update its reasoning

mechanisms based on the outcomes. This vision connects to the growing literature on self-play

and self-improvement in language models, but extends it to the multimodal setting where

verification is both more challenging (visual facts are harder to check than textual ones) and

more rewarding (the space of visual reasoning tasks is vastly larger than what any curated

benchmark can cover).

Concretely, one could imagine a training loop in which the model: (i) encounters an

unlabeled image, (ii) uses its current capabilities to generate a set of questions about the

image (e.g., “What objects are present?” “What is the spatial relationship between X and

Y?”), (iii) generates candidate answers using different reasoning strategies (e.g., text-only CoT

versus LVR), (iv) compares the answers for consistency and assigns self-generated rewards,

and (v) updates its parameters using the RAL framework to reinforce attention patterns that

led to consistent, high-confidence answers. This self-supervised loop would require no human

annotations and could scale to the entire distribution of images and text on the web.

Learning from interaction with the physical world. The ultimate test of a reasoning

system is whether it can operate in the real world, where the consequences of reasoning failures

are immediate and tangible. Embodied AI systems—robots that navigate, manipulate objects,

and communicate with humans—provide a natural testbed for the representational principles

developed in this dissertation. A robot that must locate a specific tool in a cluttered workshop

faces precisely the challenge that SEMCLIP addresses: selecting the most task-relevant visual
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region from a complex scene. A robot that must plan a multi-step assembly task faces the

multi-hop reasoning challenge that EUREQA diagnoses. And a robot that must allocate its

visual attention efficiently across a dynamic scene faces the attention optimization challenge

that RAL addresses.

The key insight connecting this dissertation to embodied AI is that real-world interaction

provides a natural reward signal for reasoning quality: a robot that reasons correctly about

spatial relationships will successfully grasp the target object; one that takes semantic shortcuts

will fail. This reward signal is richer, more diverse, and more aligned with genuine reasoning

capability than the rule-based rewards used in our current experiments. Future work should

investigate how the latent reasoning and attention optimization frameworks developed in this

dissertation can be adapted to learn from embodied interaction, where the model receives

continuous, grounded feedback from the physical world rather than discrete, annotation-based

feedback from human evaluators.

Curriculum learning for reasoning self-evolution. A self-evolving model cannot

improve its reasoning capabilities by simply processing more data at a fixed difficulty level—it

must encounter progressively more challenging reasoning tasks that push the boundaries of its

current abilities. This suggests the need for an automatic curriculum generation mechanism

that identifies the frontier of the model’s reasoning capabilities and generates training instances

just beyond that frontier. The EUREQA benchmark provides a template for such curriculum

generation in the textual domain: by systematically increasing reasoning depth and removing

semantic shortcuts, it creates a natural difficulty progression. Extending this idea, a self-

evolving model could automatically generate its own EUREQA-style challenges—identifying

the types of reasoning chains on which it currently fails and constructing targeted training

instances to address those weaknesses.

In the multimodal domain, curriculum generation could take the form of progressively

more challenging visual reasoning tasks: starting with simple object identification, progressing

to spatial relationship reasoning, then to multi-object counting and attribute comparison, and

finally to complex scene understanding that requires integrating information from multiple

image regions. The latent visual reasoning framework provides a natural mechanism for

this progression: as the model’s latent reasoning capabilities improve, it can reconstruct
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increasingly detailed and abstract visual features, enabling it to tackle more sophisticated

reasoning tasks.

Continual self-improvement without catastrophic forgetting. A persistent challenge

for self-evolving models is catastrophic forgetting: as the model improves on new reasoning

tasks, it may degrade on previously mastered capabilities. The attention-centric optimization

framework of RAL offers a potential mitigation strategy. Because RAL optimizes attention

patterns rather than output distributions, it may be possible to maintain a library of “attention

templates”—successful attention patterns for different types of reasoning tasks—that can be

selectively activated or composed during inference. This would allow the model to accumulate

reasoning capabilities over time without overwriting previously learned attention strategies.

More broadly, the decomposition of reasoning into representational components (what to

represent), selection components (what to attend to), and generation components (what

to output) may provide natural axes along which continual learning can be managed, with

different components updated at different rates depending on the stability of the underlying

reasoning patterns.

Toward Unified Reasoning Architectures

Integrating the five contributions. The five contributions of this dissertation were

developed and evaluated independently, but they address complementary aspects of the

reasoning pipeline. A natural direction for future work is to integrate them into a unified

system. Such a system would use semantic representations for its output space (LITE),

include mechanisms for detecting and avoiding semantic shortcuts (EUREQA-inspired verifi-

cation), employ query-guided visual selection at the input level (SEMCLIP), perform hybrid

latent-textual reasoning in the embedding space (LVR), and optimize its internal attention

patterns through reinforcement learning (RAL). The technical challenge lies in managing

the interactions between these components: for instance, the visual selection performed by

SEMCLIP determines which visual tokens are available for LVR’s latent reasoning, which

in turn affects the attention patterns that RAL optimizes. Jointly optimizing across these

interdependencies is a non-trivial research problem, but one whose solution could yield
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reasoning systems that are substantially more capable than any individual component.

Attention as a general optimization target. RAL demonstrated that attention distri-

butions can be treated as a first-class optimization target for multimodal alignment. This

principle extends naturally to other internal structures of modern architectures. Mixture-of-

Experts (MoE) routing decisions, cross-modal fusion gates, and hierarchical memory access

patterns all represent forms of internal information allocation that could benefit from direct

optimization rather than being treated as implicit byproducts of output-level training. The

mathematical framework of RAL—advantage-weighted divergence optimization over internal

distributions—is sufficiently general to be applied to any differentiable distribution within

the model, opening a broad design space for process-aware post-training methods.

From perception to world models. The multimodal reasoning capabilities developed in

this dissertation operate on static snapshots: individual images or pre-recorded videos. The

next frontier is reasoning about dynamic, interactive environments—that is, building world

models that can predict how scenes will evolve in response to actions. Latent visual reasoning

provides a natural foundation for world modeling: instead of reconstructing the current

visual state, the model could be trained to predict future visual states in the embedding

space, enabling planning and counterfactual reasoning without the computational expense of

pixel-level video generation. The attention optimization framework of RAL could be adapted

to this setting by rewarding attention patterns that lead to accurate predictions of future

states, effectively teaching the model to focus on the aspects of the current scene that are

most predictive of future dynamics.

8.3 Closing Remarks

This dissertation began with the observation that the bottleneck in machine reasoning is

not merely computational but representational. Across five studies spanning entity typing,

multi-hop question answering, vision-language modeling, latent-space reasoning, and attention

optimization, we have provided evidence that this observation holds at multiple levels of

the reasoning pipeline: in how output candidates are represented, in how reasoning chains
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are structured, in how visual evidence is selected, in what space reasoning occurs, and

in how internal computation is allocated. Each contribution demonstrated that targeted

improvements to representations yield substantial gains in reasoning quality, efficiency, and

robustness.

Looking forward, the most exciting prospect is the convergence of latent-space reasoning

with self-evolving learning paradigms. If models can learn to reason in continuous repre-

sentational spaces—freed from the sequential bottleneck of token generation—and if they

can improve their reasoning capabilities autonomously through interaction with the vast,

unlabeled, dynamic world around them, then the representational principles established in

this dissertation may serve as foundations for reasoning systems of far greater scope and

capability than those we have demonstrated here. The path from static benchmarks to

dynamic, self-improving, world-interacting intelligence is long, but it begins with getting the

representations right.
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