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Abstract

Understanding and Improving Language Models Through a Data-Centric Lens
by

Alon Albalak

Training data has played a major role in the rise of large deep learning models. In
particular, the scale and diversity of training data has led to incredible new capabilities
in large language models. However, despite the success of such models, a notable gap
persists in understanding the important role that data plays in their performance, and
how to use this understanding to further improve models. In this work, we advocate for,
and demonstrate the effectiveness of, data-centric Al

In the first part of this dissertation, we aim to better understand language models
through their data. First, we design a relation extraction system that outputs human-
interpretable intermediate outputs, allowing us to better understand why the system
makes its predictions. Next, we delve into the intricate relationship between data and
models by studying zero-shot and few-shot transfer learning settings, giving us insights
into the interactions that training data has on model performance across diverse tasks.

Based on the lessons from the first part of this dissertation, we next aim to improve
the data used to train models. We first demonstrate that data selection can be formulated
as a multi-armed bandit problem, where the goal is to optimize a model’s training data.
We apply the multi-armed bandit formulation first to the few-shot fine-tuning setting, and
then to language model pretraining, designing algorithms and rewards that are unique for
each problem setting. Finally, we show that for cross-lingual question answering, data
augmentation is a strong approach to improving the diversity of training data, leading to

improved performance.
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Overall, this work aims to improve our understanding of how deep learning models
work, using data as the viewpoint. Further, we take this understanding and use it
to develop data-efficient and performant models. We conclude the dissertation with
discussions of future research in data-centric Al and propose avenues for extending these

concepts into new research directions.
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Chapter 1

Introduction

1.1 Motivation

1.1.1 A brief history of NLP progress

The field of natural language processing (NLP) has undergone multiple paradigm shifts
since it’s inception, improving the ability of computers to understand and generate natural
language over time. In the early days of NLP, rule-based systems such as SHRDLU [I7]
and ELIZA [18] operated using a set of predefined linguistic rules and pattern-matching
to process inputs and formulate outputs. For example, SHRDLU followed strict rules and
has a restricted vocabulary that allowed it to interact with a synthetic block world, and
ELIZA simulated a Rogerian psychotherapist with the use of only a 20-word vocabulary.
The shift towards statistical NLP marked a significant paradigm shift. Rather than
relying on hand-written rules, researchers utilized newly introduced machine learning
methods that relied on large quantities of compute to create statistical models that learned
patterns and the structure of language from large corpora of text. In particular, IBM

developed six “alignment models” [19, 20, 21], with the last version using a hidden markov
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model and the large multilingual corpora produced by the FEuropean and Canadian
parliaments. As computational power continued to increase, and data became more
abundant, neural methods emerged as a new paradigm for NLP. Model architectures
including Word2Vec [22], LSTM [23] and the Transformer [24] saw success by learning
distributed representations of characters, sub-words, words, sentences, and even entire

documents by training unsupervised or self-supervised on large corpora of text.

1.1.2 Progress has been driven by scaling

Scaling compute, model sizes, and dataset sizes has led to incredible gains in many
areas of NLP and more broadly in machine learning. Each of these paradigm shifts has, in
part, been enabled due to improved efficiencies in computation, roughly following Moore’s
law. However, Gordon Moore and others have suggested that Moore’s law either has
already ended or will end soon |25, 26], 27], suggesting that we cannot rely on efficiency
gains in computation for much longer. In addition to efficiency gains, these paradigm
shifts have also been driven by ever-increasing quantities of training data. However, even
data cannot be scaled infinitely. More recently, increasing the number of parameters in
neural models has been demonstrated to predictably improve performance |28 29] and
sample efficiency [30, B1], as well as leading to unexpected capabilities [32]. However,
even model sizes have a limit, and have recently plateaued, with most state-of-the-art
large language models in the hundreds of billions of parameters [33], and a very limited

number of models reaching beyond 1 trillion parameters [34].

1.1.3 Scaling is not perpetually sustainable

We are arguably in the midst of another, smaller, paradigm shift. At the moment,

many researchers are recognizing that scaling model sizes, dataset sizes, and compute
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indefinitely isn’t a feasible long term approach. Recent works on scaling laws [28] 29] show
that performance follows a power-law relationship with each of the model size, dataset
size, and total compute. This suggests that the improvements made by scaling parameters,
data, and compute are diminishing and adding additional complexity will be a very costly
endeavor for marginal gains. In addition, perpetually increasing scale does not benefit
many real-world problems, where data collection is difficult or expensive (e.g. medical
domain). In these cases, scaling the dataset is simply not an option, and using a small
dataset with a very large model can lead to overfitting to the biases present in training data.
Finally, as models grow larger and more complex, understanding their internal mechanisms
and interpreting their predictions becomes increasingly more challenging. This lack of

interpretability has raised concerns about fairness and trust in AT systems [35] [36], [16].

1.1.4 Continued progress with data-centric AI and open-science

Given the concerns raised above, how can we, as a field, continue to make sustainable
progress? In this dissertation (and in previous work [I]), I advocate for, and demonstrate,
a direction of study orthogonal to scaling which can lead to continued improvement,
efficiently. The alternative paradigm that we push for is a deeper understanding of the
role that data plays in Al systems, sometimes referred to as data-centric Al. Additionally,
an improved understanding of models that is kept behind closed doors will benefit very
few and does not encourage progress, so in this dissertation we also advocate for the
adoption of open-science principles.

Understanding what makes data more or less helpful for performing a target task
and what makes for “high-quality” pretraining data can help us to further improve
training datasets by removing detrimental data, or only including data that will be

beneficial. Understanding how the characteristics of data (e.g. distribution, diversity,



Introduction Chapter 1

quantity) impact downstream performance can also help us to optimize datasets for specific
purposes, reducing the reliance on massive, general purpose models and datasets. By
understanding which aspects of the data are most important, we can reduce the quantity
of data required, improving the efficiency of training. Discovering and understanding
biases present in a model can assist us to address and mitigate the underlying issue, biases
in the training data. Similarly, discovering unwanted behaviors, such as to adversarial
examples, can highlight areas of the training data distribution that need to be improved
upon to ensure that a model displays robust behavior under all situations.

To further improve our understanding of models, it is also important to design systems
that are interpretable to humans. This can allow for a virtuous cycle, where the model is
understandable and, because it is understandable, failure cases that arise are interpretable
and can be addressed through an improvement to the training data. Another area
where an improved understanding of data is particularly impactful is in low-data regimes,
where collecting and annotating data is too expensive (e.g requires expert knowledge) or
infeasible due to privacy or other concerns. In our proposed paradigm of understanding
the relation between data and models, we can continue to improve model performance
while reducing our reliance on solely scaling compute.

Research on large scale models and datasets has mostly been developed behind
closed doors at well-funded companies, but open-science can propel our progress forward
while simultaneously improving our understanding of models. In this dissertation, we
also advocate for the open development and dissemination of research in the spirit of
open-science, characterized by transparent, collaborative, responsible, and accessible
research practices. In this dissertation, we adhere to open-science principles, and promote
collaboration, which can enable the pooling of diverse expertise, ensuring the inclusion of
many viewpoints. Specifically, we demonstrate that collaboration leads to the development

of new benchmarks, which serve as foundational resources for training and evaluating
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models. The accessability of openly available resources, including datasets and models,
have catalyzed advancements throughout all areas of Al, exemplifying the importance
and effect that collaboration has in driving progress. We open-source all models and
datasets in this dissertation, further encouraging reproducibility, which can be scrutinized
and utilized by future researchers to further improve our understanding of models. Open-
science encourages an environment that is conducive to innovation, where ideas and
methods can be shared and iteratively refined by a wide variety of scientists, researchers,
and practitioners. In recent work [1] we proposed three concrete directions of work
that can help advance future open research: (1) metrics that directly evaluate data, (2)
data-centric benchmarks and challenges, and (3) open-sourced tools. By adopting and
advocating for open-science, we hope to encourage collaborative, innovative, responsible,

and reproducible research.

1.2 Overview

In this dissertation, I demonstrate how we can better understand the relationship
between models and data, then use that understanding to further improve the generalization
and data efficiency of models. My research uses natural language as the domain of interest,
and the studies performed here analyze large language models (LLM) in particular.
Modern LLMs have been scaled up to extreme sizes, making research inefficient, and
sometimes impossible, for smaller research groups. To combat this, much of the research
contained here is focused on efficiency, with a specific focus on settings that have limited
resources (e.g. limited data or low-resource languages).

In the following chapters, we present a series of methods and studies on understanding
the relation between models and data, and how to use that understanding to further

improve models.
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1.2.1 Understanding models through data

Part I consists of three studies that demonstrate methods for improving our understand-
ing of models. In Chapter [2| we start by introducing D-REX, a method for improving the
interpretability and performance of relation extraction models by introducing intermediate
steps into the system’s prediction process. In doing so, we demonstrate one method that
not only makes models more understandable to humans, but also improves in performance
over black-box methods. Next, in Chapter |3, we explore the interactions between training
datasets and model behaviors on unseen tasks in the zero-shot learning setting. To isolate
a model’s robustness to out-of-distribution data, we study the performance of models
trained using multi-task learning on both in-domain and out-of-domain datasets. Then,
in Chapter [i] we introduce our benchmark for FEw-sample TAsk transfer (FETA) and
provide the first large-scale study of intra-dataset task transfer for NLP. Intra-dataset
task transfer is the setting where both the source and target dataset are from the same
distribution, meaning that we have isolated task transfer from domain adaptation. To
study intra-dataset task transfer with FETA, we compare three task transfer algorithms,

three commonly used language models, and both single- and multi-source transfer settings.

1.2.2 Improving models through data

Part [II] contains three methods for improving model performance, using some of
the lessons learned in Part [l First, in Chapter [5] we propose methods for improving
the few-shot learning with auxiliary data (FLAD) setting, where the target task has
very limited data, but (possibly) related auxiliary datasets are available. We directly
connect the FLAD setting to multi-armed bandits and design algorithms that focus on the
exploration-exploitation tradeoff. We also design multiple reward functions that are very

efficient to compute, leading to performant algorithms. In Chapter [6] we change our focus

6
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to improving the efficiency and performance of language model pretraining. We do so
through the problem of data mixing, where the goal is to determine the proportion of data
from each of the individual training data domains, formulating the mixing problem as a
multi-armed bandit. In this setting, we design a reward function that aims to maximize
the information gain of training data, and demonstrate how this leads to significant
efficiency gains. Then, in Chapter [7| we discuss and demonstrate a problem setting with
very limited data in the real world, question answering for emergent domains. Specifically,
we build a system for cross-lingual open-retrieval question answering because the language
of a new domain of knowledge is not known ahead of time, requiring systems that can
robustly find reliable information across languages. We take COVID-19 as an exemplar of
an emergent domain, and demonstrate how to build such a system, even with incredibly
limited multilingual and cross-lingual data.

We finish the dissertation by summarizing and providing conclusions to our research.
Furthermore, we discuss directions of future research that can further improve our
understanding of the relation between models and data as well as promising directions of
study to further improve training data for models. Finally, we discuss future directions of

research that move beyond siloed data research and consider the entire system.
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Chapter 2

Making Relation Extraction Models

Understandable

While there have been significant advancements achieved through sophisticated deep
learning algorithms, the black-box nature of these methods can pose a significant challenge
in high-stakes domains where transparency and interpretability are of high importance.
One approach to improving interpretability of machine learning models is to have them
to produce intermediate steps in their decision making process, where the intermediate
steps can be understood by a human. This approach also facilitates the identification and
rectification of incorrect predictions, better enabling practitioners to trace the model’s
errors and further improve the system. In this chapter, we propose an interpretable relation
extraction system that utilizes multiple machine learning models producing intermediate
results. We show that not only does the system produce interpretable intermediate results,

but actually improves in performance over previous black-box methods.
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2.1 Introduction

Traditional relation extraction (RE) approaches discover relations that exist between
entities within a single sentence. In recent years, several approaches have been proposed
which focus on cross-sentence RE, the task of extracting relations between entities that
appear in separate sentences [37, 138, 39, 40] as well as cross-sentence RE in dialogues
[41], 142, [43], 44], [45]. A crucial step towards performing cross-sentence RE in multi-entity
and multi-relation dialogues is to understand the context surrounding relations and entities
(e.g., who said what, and to whom). Figure shows an example from the DialogRE
dataset where a simple BERT-based model (Initial Predicted Relation in Figure gets
confused by multiple entities and relations existing in the same dialogue [41]. The model
predicts the “girl /boyfriend” relation between Speaker 2 and Chandler, however, it is
clear from the context that the “girl /boyfriend” relation is referring to a different pair of

entities: Speaker 1 and Chandler.

One approach to encourage a model to Speaker 1: Could you please get the key off the back of the door
for me.

learn the context surrounding a relation  speaker2: ohyeah! Yeah!

. L. Speaker 1: You tell your friend Chandler that we're definitely
is by requiring the model to generate an  broken up this time.

. . . Speaker 2: Okay!
explanation along with the relation [46].

Initial D-REX D-REX
Subject Object Predicted Predicted Predicted

Furthermore, requiring the model to out- Relaion  Explanation  Relation

put an explanation also improves the in-  speaker2 Chandler girlboyfriend  your friend friends

terpretability of the model, allowing the Figure 2.1: A sample dialogue between 2
speakers with actual D-REX predictions. The
model initially classifies Speaker 2 and chand-
ler, incorrectly, as girl/boyfriend. After predi-
cting the explanation "yourfriend", D-REX co-

what may be causing the error. In addition rrectly re-ranks the relation as friends.

model developer to better understand why

the model makes incorrect predictions, and

to the DialogRE dataset, Yu et al. [4I] introduces manually annotated trigger words

which they show play a critical role in dialogue-based RE. They define trigger words as

10



Making Relation Extraction Models Understandable Chapter 2

“the smallest span of contiguous text which clearly indicates the existence of the given
relation”. In the context of RE, these trigger words can be used as potential explanations
of the model’s decision.

This chapter demonstrates how to extract explanations that clearly indicate a relation
while also benefiting an RE model by providing cross-sentence reasoning. Our proposed
approach, D-REX, makes use of multiple learning signals to train an explanation extraction
model. First, D-REX utilizes trigger words as a partial supervision signal. Additionally,
we propose multiple reward functions used with a policy gradient, allowing the model to
explore the explanation space and find explanations that benefit the re-ranking model.
Including these reward functions allows D-REX to learn meaningful explanations on data
with less than 40% supervised triggers.

In order to predict relation- and entity-specific explanations in D-REX, we pose RE as
a relation re-ranking task with explanation extraction as an intermediate step and show
that this is not possible for a model trained to perform both tasks jointly.

Our contributions are summarized as follows:

e We propose D-REX, Dialogue Relation Extraction with eXplanations, a novel system

trained by policy gradient and semi-supervision.

e We show that D-REX outperforms a strong baseline in explanation quality, with

human evaluators preferring D-REX explanations over 90% of the time.

e We demonstrate that by conditioning on D-REX extracted explanations, relation

extraction models can improve by 1.2-4.7%.

11
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2.2 Problem Formulation

We follow the problem formulation of Yu et al. [41]: let d = (s1 : uy, So : U, ..., Sy & Up)
be a dialogue where s; and u; denote the speaker ID and the utterance from the i turn,
respectively. Let £, R be the set of all entities in the dialogue and the set of all possible
relations between entities, respectively. Each dialogue is associated with m relational
triples <s, 7, 0> where s,0 € £ are subject and object entities in the given dialogue and
r € R is a relation held between the s and o. Each relational triple may or may not be
associated with a trigger ¢. It is important to note that there is no restriction on the
number of relations held between an entity pair; however, there is at most one trigger
associated with a relational triple. In this chapter, we consider an explanation to be of
high quality if it strongly indicates that a relation holds, and for this purpose we consider

triggers to be short explanations, though not always optimal in quality.

2.2.1 Relation Extraction (RE)

Given a dialogue d, subject s, and object o, the goal of RE is to predict the relation(s)
that hold between s and o. We also consider RE with additional evidence in the form of
a trigger or predicted explanation. Formally, this is the same as relation extraction with

an additional explanation, ex.

2.2.2 Explanation Extraction (EE)

We formulate EE as a span prediction problem. Given a dialogue d consisting of n
tokens T through T,, and a relational triple <s,r, 0>, the goal of EE is to predict start
and end positions, 7, j in the dialogue, such that the explanation ex = [T}, T4, ..., T}]

indicates that r holds between s and o.

12
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2.3 Baseline Models

We first introduce approaches for RE and EE based on state-of-the-art language
models. We then propose a multitask approach that performs both tasks jointly. Our
approaches use BERT)}.s. [47] and RoBERTay,s [48] pre-trained model&ﬂ and follow their
respective fine-tuning protocols.

For all models, we maintain a single input format, which follows from Yu et al. [41].
Formally, for a dialogue d, subject s, object o, relation r, and explanation ex, the input
sequence to all models is [CLS|{r/ex|SEP|}s|SEP|o|SEP|d, where {r/ex|SEP]|} denotes
that the relation or explanation may be included depending on the task setting. For
RoBERTa models, we use the <s> and < /s> tokens rather than [CLS| and [SEP],

respectively.

2.3.1 Relation Extraction (RE)

We follow the fine-tuning protocols of Devlin et al. [47] and Liu et al. [48] for BERT
and RoBERTa classification models by using the output corresponding to the first token
C € R¥ (|CLS] and <s>, respectively) as a latent representation of the entire input and
train a classification matrix W € R¥* where K is the number of relation types and H
is the dimension of the output representations from the language model. For each relation
13, the probability of 7; holding between s and o in d is calculated as P; = sigmoid(CW]).

We compute the standard cross-entropy loss for each relation as

K
1
Lre = X ;yi log(F;) + (1 — ;) - log(1 — P) (2.1)

where y; denotes whether relation ¢ holds.

!Pre-trained models obtained from https://github.com/huggingface/transformers [49]
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Initial Relation ) Adjusted Relation
Subject:Chandler Ranking Exp lgtlons Ranr_king
Object:Speaker2 N ! Ed
Speaker1: Hey! Hi! 112 ] % ? | 2 12 |
Speaker2: Hey! Relation 113 | Explanation | %3] Relation Re- | Tt |
Speakerl: What's up? Ranking Module R 5| Policy | 7§ Ranking Module .
Speaker2: Well umm, Chandler
and I are moving in together. R : EX <o : RR :
Speaker1: Oh my god. My little — .- U \A N Il
sister and my best friend are Mo | .- Xn |'n |
shaking up. Oh, that's great.
Speaker3: Guys, I'm happy too.
Speaker2: Okay, come here! . .
° Y
. " pR RR RR RR
Rrr = Lre — LRE  Rroo = Lyg*** — LrE

Figure 2.2: Overview of the D-REX system. The relation Ranking module ranks relations
conditioned only on the subject, object, and the dialogue. The E Xplanation policy
extracts supporting evidence for the ranked relations by conditioning on individual
relations in addition to the original input. The relation ReRanking module conditions
its rankings on supporting evidence from the explanation policy. In this hypothetical
example, we see that relation 3 was originally ranked number 3 but had strong
supporting evidence and was re-ranked in the number 1 spot. Solid lines represent
model inputs/outputs, and dotted lines represent learning signals. Reward functions,
Rrr and Rroo, are detailed in equations and respectively.

2.3.2 Explanation Extraction (EE)

For EE, we use the input described above, with a natural language phrasing of a relation
appended to the beginning of the sequence. For example, if r is "per:positive impression",
then we concatenate "person positive impression" to the beginning.

We follow the fine-tuning protocol of Devlin et al. [47] for span prediction. We
introduce start and end vectors, S, E € R¥. If T; € R is the final hidden representation
of token i, then we compute the probability of token i being the start of the predicted
explanation as a dot product with the start vector, followed by a softmax over all words

in the dialogue:
s _enpl(S )
S en(s )

(2.2)

14
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To predict the end token, we use the same formula and replace the start vector S with
the end vector E. To compute the loss, we take the mean of the cross-entropy losses per

token for the start and end vectors. Formally, let |d| be the number of tokens in dialogue

d, then

+(yF - log(PE) + (1 — yF) -log(1 — PE))

where 37 and y” are the start and end labels. Because we want explanations extracted
only from the dialogue, if the start or end token with largest log-likelihood occurs within
the first [ tokens, where [ is the length of [CLS|r[SEP]|s[SEP]o[SEP]|, then we consider

there to be no predicted explanation.

2.3.3 Joint Relation and Explanation Model

The joint RE and EE model uses the standard input from It utilizes a BERT or
RoBERTa backbone, and has classification and span prediction layers identical to those
in the RE and EE models. Similarly, the loss is computed as the weighted sum of RE
and EE losses:

ﬁj = CVERE + (1 - Oé)ﬁEX

where « is an adjustable weight. In practice, we find that o = 0.5 works best.

Flaw of the joint model. The disadvantage of the joint model is this: supposing that
an entity pair has 2 relations, each explanation should be paired with a single relation.

However, by making predictions jointly, there is no guaranteed mapping from predicted

15
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explanations to predicted relations. One method of solving this issue is to predict relations
and explanations in separate steps. It is possible to first predict relations and then
condition the explanation prediction on each individual relation and conversely. This idea

forms the basis for D-REX.

2.4 D-REX System

In this section, we introduce the D-REX system. We begin by introducing the models
which make up the system. Next, we present the training and inference algorithms.

Finally, we discuss the optimization objectives for each model in the system.

2.4.1 Models

The D-REX framework requires three components: an initial relation ranking model,

an explanation model, and a relation re-ranking model, shown in Figure [2.2]

Initial Ranking Model (R). In our algorithm and discussions, we use R to denote
the initial ranking model. There are no restrictions on R, it can be any algorithm which
ranks relations (e.g., deep neural network, rule-based, etc.) such as [41l [45]. However, if
R needs to be trained, it must be done prior to D-REX training; D-REX will not make any
updates to R.

In our evaluations, we use the relation extraction model described in §2.3.1] The input

to this model is (s,0,d) and the output is a ranking, R(s,o0,d).

Explanation Extraction Model (EX). In our algorithm and discussions, we use
EX to denote the explanation model. In this chapter we limit our experiments to extractive

explanation methods, as opposed to generative explanation methods, however this is not
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a limitation of D-REX. The only limitation on the explanation model is that we require it
to produce human-interpretable explanations. Thus, it is also possible to use generative
models such as GPT-2 [50] or graph-based methods such as [51] 43| with adjustments to
the formulation of the reward functions.

In our evaluations, we use the model as described in §2.3.2l The input to EX is

(r,s,0,d) and the output is an extracted phrase from d, denoted as EX(r, s, o0,d).

Relation Re-Ranking Model (RR). In our algorithm and discussions, we let
RR denote the relation re-ranking model. In the D-REX training algorithm, RR is updated
through gradient-based optimization methods, and must be able to condition its ranking
on explanations produced by EX. In our experiments, we use the same model architecture
as R and include an explanation as additional input to the model. The input to RR is

(ex,s,0,d) and the output is a relation ranking, denoted as RR(ex, s, 0,d).

2.4.2 D-REX Algorithm

The outline of this algorithm is shown in pseudocode in Algorithm [I]

Assuming that we have ranking, explanation, and re-ranking models R, EX, RR, then
given a single datum (s,r,0,t,d), comprised of a subject, relation, object, trigger(may
be empty), and dialogue, the D-REX algorithm operates as follows: The ranking model
takes as input (s, 0,d) and computes the probability of each relation from the predefined
relation types. Next, we take the top-k ranked relations, 7,..q = R(s, 0, d)1.k, and compute
explanations. For ¢ = 1,...,k, explanations are computed as ex; = EX(7preq;, S, 0, d).
Finally, for each predicted explanation, the re-ranking model computes k probabilities for
each relation type, using (ez;, s,0,d) as the input to RR. The final probabilities for each

relation type are computed as the mean across all k41 predictions from R and RR.

17
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Algorithm 1 The proposed training algorithm for D-REX

Input : Pre-trained ranking, explanation, and re-ranking models: R, FX, RR
k: for number of relations to re-rank

Data: Dataset: D

for (s,r,o0,t,d) in D do

Compute ranking loss: LE.(s, 0, d)
Tpred < R(s,0,d)1:x
for iin rp.eq do
ex; < EX(Tpred;, S, 0,d)
Compute Re-ranking loss: E}}%g(exi,s,o, d) ; // Equation [2.1
Compute Re-Ranking Reward: Rgpg ; // Equation [2.4
Compute Leave-one-out Reward: Rroo ; // Equation [2.5
Compute policy gradient with rewards Rrr, Rro0 ; // Equation [2.6
end
if t not empty then
Compute Lgx ; // Equation
end
Update FEX,RRparameters with calculated losses

end

2.4.3 Model optimization

We propose multiple optimization objectives to train an EX model that extracts
explanations meaningful to humans and beneficial to the relation extraction performance

while ensuring that RR maintains high-quality predictions.

Explanation Model Optimization. We train £X with supervision on labeled samples,
and a policy gradient for both labeled and unlabeled samples, allowing for semi-supervision.
For the policy gradient, we introduce two reward functions: a relation re-ranking reward
and a leave-one-out reward.

Re-ranking Reward The purpose of the re-ranking reward is to ensure that
EX predicts explanations which benefit RR. Formally, let L£.(s,0,d) be the loss for R,
given the subject, object, and dialogue: s,0,d. And let LEE(ex, s, 0,d) be the loss of

RR, given the explanation, subject, object, and dialogue: ex, s, 0,d. Then we define the

18



Making Relation Extraction Models Understandable Chapter 2

relation re-ranking reward as:
Rrr = LEp(s,0,d) — LE (ex, s, 0,d) (2.4)

Because R is stationary, EX maximizes this function by minimizing £EE. Of course,
EX can only minimize LE£ through its predicted explanations.

Leave-one-out Reward The purpose of the leave-one-out reward is to direct £X in
finding phrases which are essential to correctly classifying the relation between an entity-
pair. This reward function is inspired by previous works which make use of the leave-one-
out idea for various explanation purposes [52, 53]. We can calculate the leave-one-out
reward using either R or RR, and it is calculated by finding the difference between the
standard relation extraction loss and the loss when an explanation has been masked.
Formally, if d is the original dialogue and ex is the given explanation, let d,,,sx(ex) be the

dialogue with ex replaced by mask tokens. Then, the leave-one-out reward is defined as:
Rroo = Lre(S,0,dmask(ex)) — Lre(s, 0,d) (2.5)

Because Lgp is calculated using the same model for both the masked and unmasked loss,
FEX maximizes this reward function by maximizing the masked loss. Of course, the only
interaction that FX has with the masked loss is through the explanation it predicts.
Policy Gradient We view EX as an agent whose action space is the set of all
continuous spans from the dialogue. In this view, the agent interacts with the environment
by selecting two tokens, a start and end token and receives feedback in the form of the
previously discussed reward functions. Let ¢,j be the start and end indices that the
explanation model selects and T} be the i'" token, then ex = d[i : j| = [T}, Tis1, . - ., T}]

and the probabilities of i, j being predicted are calculated as Pﬁi and Pf?; according to
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equation 2.2
For both reward functions, we use a policy gradient [54] to update the weights of the
explanation model and calculate the loss as

Lixpe = —(log(P}) + log(Pf)) * (Rrr + Rioo) (2.6)

J

Additionally, while training £X in the D-REX algorithm, we make use of supervision
when available. In the case where supervision exists, we calculate an additional loss, Lgx,

as defined in equation

Relation Extraction Re-ranking Model Optimization. While training D-REX
we train RR with labeled relations as supervision and use a cross-entropy loss, LR

calculated in the same way as R in Equation

2.5 Experimental Evaluation

In this section, we present an evaluation of D-REX in comparison with baselines

methods on the relation extraction and explanation extraction tasks.

2.5.1 Experimental settings

For our experiments, we re-implement the BERTg model from [41] as well as a new
version which replaces BERT with RoBERTa. In our work, we refer to these models as
Rperr and RroperTa. All models are implemented in PyTorchE] and Transformers|49],
trained using the AdamW optimizer [55]. All experiments were repeated five times and we

report mean scores along with standard deviations. D-REX models use a top-k of five and

Zhttps://pytorch.org/
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DialogRE V2

Relational Tri .
Dial- Rela- Triples rllggers
. : (train/dev/
ogues tions (train/dev/
test)
test)
1788 36 | 6290/1992/1921 | 2446,/830,780

Table 2.1: Dataset details for DialogRE. With only 2446 labeled triggers in the

training set, D-REX models learn using only a policy gradient and no direct supervision

on the remaining 3844 triples.
are initialized from the best performing models with the same backbone. For example,
D-REXgggrr uses two copies of Rggrr [41] to initialize the ranking and re-ranking models
and FX ggrr to initialize the explanation model. When training Joint, we do not calculate
Lgx for relational triples without a labeled trigger.

All models are trained using the AdamW optimizer [56] with a learning rate of 3e-5
and batch sizes of 30. To determine the best learning rate, R and EX models were
trained using learning rates in {3e-6, le-5, 3e-5, le-4}. The best learning rate, 3e-5, was
determined by performance on a held out validation dataset. Baseline models (R, EX,
and Joint) are trained for at most 30 epochs and we use validation-based early stopping
to determine which model to test. D-REX models are trained for at most 30 additional
epochs with the best model determined based on relation extraction F1 scores computed
on validation data. We found the best validation result to always occur within the first
30 epochs. All experiments were repeated five times and we report the mean score along
with standard deviation. To train the joint model, we do not calculate Lgx for relational
triples which do not have a labeled trigger and we select o from {0.25,0.5,0.75} and set «

to 0.5 based on validation performance.
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DialogRE Dataset. We evaluate our models on the DialogRE English V2 datasetf|
which contains dialogues from the Friends TV show [41], details of which are in Table
D-REX models are trained with trigger supervision on less than 40% of the training data,
and make no use of dev or test set triggers. The learning signal for the remaining triples

comes entirely from our rewards through a policy gradient.

Evaluation Metrics. We adopt separate evaluations for relation and explanation
extraction.

First, for relation extraction, we evaluate our models using F1 score, following Yu
et al. [41], and additionally calculate the mean reciprocal rank (MRR), which provides
further insight into a model’s performance. For example, MRR is able to differentiate
between a ground truth relation ranked 2nd or 10th, while the F'1 score does not. In the
dialogRE dataset, multiple relations may hold between a single pair of entities, so we
use a variation of MRR which considers all ground truth relations, rather than just the
highest-ranked ground truth relation.

For explanation extraction, we focus mainly on manual evaluations, but also propose

the Leave-One-Out metric, introduced in section for an ablation study.

2.5.2 Relation Extraction (RE) Evaluation

In Table 2.2] we compare the baseline RE model Rggrr with the methods presented
in this study. We also compare with three other methods which use similarly sized
language models, but additionally utilize graph neural networks (GNN): GDPNet[43],
TUCORE-GCNggrr[45], and SocAoG[44].

First, we see that even though D-REX is designed to introduce human-understandable

explanations, it still has modest improvements over Rggrr, which focuses on RE, while

3Dataset collected from https://dataset.org/dialogre/ for research purposes only
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Model F1(c) | MRR(c)
RBERT 59.2(1.9) | 74.8(1.3)
JOiTLtBERT 59.4(1.7) 74.0(0.9)
D-REXBERT 59.9(0.5) 75.4(0.1)
RRoBERTa 64.2(1.6) | 77.9(1.0)
JOiTLtROBERta 65.2(0.3) 78.3(0.3)
D-REXRoBERTa 67.2(0.3) 79.4(0.3)
*GDPNet 60.2(1.0) -
*TUCORE-GCNpgrr | 65.5(0.4) -
fSocAoG 69.1(0.5) -

Table 2.2: Relation extraction results on DialogRE V2. R models are described
in Section Joint models in [2.3.3] and D-REX models in RpERT is a replication
of BERTg from Yu et al. [4I]. "*" denotes results taken from Lee and Choi [45] and
"I from Qiu et al. [44]

Joint has no significant improvement. Next, we see a five point absolute improvement in
F1 from the baseline model when using RoBERTa. The trend from BERT to RoBERTa
is similar to results found by Lee and Choi [45], where changing from a BERT} s
model to RoOBERTay age(not shown here) improved their model performance significantly.
Additionally, we see a 3 point improvement from R to D-REX when using RoBERTa
(compared to 0.7 for BERT), which we believe is due to the better performing ranking
model, which allows for D-REX to rely more on the input explanations. Finally, we see
that by using GNNs, and task-specific dialogue representations, all three GNN-based

methods can improve over the general BERT-based methods.

2.5.3 Explanation Extraction (EE) Evaluation

Automatic Evaluation. Although the aim of this study is not trigger prediction, for
completeness and reproducibility, we include results on the test set of triggers here. In
Table [2.3] we compare our methods for supervised explanation extraction with D-REX.
Interestingly, we find that the joint model achieves the lowest F'1 score for both the BERT

and RoBERTa models. Jointggrr scores nearly 20 points below its counterpart BERT
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model token F1(o) | EM(o) | LOO(0)
EXBERT 62.1(3.1) | 54.1(1.9) | 82.2(0.4)
JOintBERT 43(1 3) 38.6(1.4) 89.0(1.0)
D-REXBERT 50.5(1.1) | 45.7(1.7) | 84.4(1.6)
EX RoBERTa 66 5(2.2) | 58.4(2.0) | 82.2(0.4)
JOintRoBERTa (0 7) 47(0.7) 86.2(0.8)
D-REXRoBERTa 57. 2(2 1) 51.6(1.6) 839(04))

Table 2.3: Trigger prediction results. Leave-One-Out metric (LOO) measures how
salient a predicted explanation is in determining a relation and is further defined in
§2.5.4] Smaller LOO is better.
model, while the Jointg,grrTa Mmodel cuts that difference to just over 15 points below its
RoBERTa counterpart. On the other hand, D-REX maintains a token F1 score within 10

points of its counterpart even though it has been trained to generalize beyond the labeled

triggers.

Human Evaluation. To better understand how our model performs in extracting
explanations and what challenges still exist, we perform two analyses; a comparative
and an absolute analysis. We consider two sets of data for evaluation: samples for the
DialogRE test set where No Labeled trigger exists (INL) and samples where the predicted

explanation Differs from the Labeled trigger (DL).

Comparative Analysis

In Table 2.4] we show the results for pairwise comparisons of explanations predicted
by D-REXRgoBERT. against 3 baselines: random strings of 1-4 words, predictions from
JointroBerTa, and labeled triggers. For each comparison, we employ 3 Crowd—workersﬂ
who were given the full dialogue, a natural language statement corresponding to a

relational triple, and the two proposed explanations highlighted in the dialogue (see

4Amazon Mechanical Turk workers were paid $0.35 per HIT, where a HIT includes 3 comparisons.
We estimate an average HIT completion time of ~1.5 minutes, averaging ~$14 per hour. We only accept
workers from AUS, CA, and USA.
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Dialogue 1

Which of the highlighted texts in the conversation below better indicate the following relation:

Speaker 2 and Speaker 1 are (or were) lovers.

Speaker 1: What did you just say?

Speaker 2: You roll another hard eight and we 1get married1 here tonight.

Speaker 1: Are you serious?!

Speaker 2: Yes! | love you! I've never loved anybody as much as 2! love you.2

Speaker 1: I've never loved anybody as much as | love you.

Speaker 2: Okay, so if an eight comes up, we take it as a sign and we do it! What do you say?
Speaker 1: Okay!

Speaker 2: Okay! Come on! Let's go! All right!

O Yellow is a better indicator
hey are equal
© Orange is a better indicator

Figure 2.3: A sample HIT that was presented to crowd-workers for the comparative
study of explanations.

Figure for an example HIT). The crowd-workers were asked to specify which of the
highlighted explanations was most indicative of the relation, or they could be equal. For
each comparison we use a majority vote, and if there was a three-way tie we consider the
explanations to be equal. We compare D-REX with random strings and the joint model
on 174 samples from NL, as well as 174 samples from DL.

In Table we see that for NL, D-REX produces explanations which were 4.2 times
more likely to be outright preferred by crowd-workers than the joint model, suggesting
that our reward functions properly guided the explanation policy to learn meaningful
explanations on unlabeled data. Surprisingly, we found that on over 12% of samples with
labeled triggers, evaluators outright preferred D-REX explanations over the ground truth
trigger, suggesting that D-REX indeed finds some explanations which are better than the
ground truth trigger.

In section [2.5.5] we include 2 examples comparing explanations from D-REX and Joint.

25



Making Relation Extraction Models Understandable Chapter 2

D-REXRoBERTa VS- | Win(%) | Tie(%) | Lose(%)
Random (NL) 79.9 10.4 9.8

Jointroperta (NL) | 385 52.3 9.2

Ground truth (DL) 12.1 44.3 43.7

Table 2.4: Human evaluator preferences on explanation extraction methods.
NL and DL are samples where No Labeled trigger exists, and where the predicted
explanation Differs from the Label, respectively. Results presented are percentages of

preference.
Ngt Incor.r ect Incorrect Indic-
Indic- Entity . .
) . Relation ative
ative Pair
NL 29 19 18 34
DL 19 13 7 61

Table 2.5: Explanation error analysis on 100 samples where No Labeled trigger
exists (NL) and 100 where the predicted explanation Differs from the Label (DL).

Absolute Analysis

To better understand the quality of D-REX’s explanations, we randomly sample
100 explanations from both NL and DL for a fine-grained analysis. We classify the
explanations into 4 categories: not indicative, incorrect entity-pair, incorrect relation,
and indicative. "Indicative" and "Not indicative" have the obvious meanings, "Incorrect
entity-pair" means that an explanation actually explains the correct relation, but between
the incorrect entity-pair, and "Incorrect relation" means that the explanation indicates a
relation different from the desired relation.

Table shows the results. Interestingly, we see in the INL set, that errors were
equally likely to come from either an explanation indicating the relation for an incorrect
entity-pair as for the incorrect relation altogether. This is in contrast to the DL set,
where D-REX was nearly half as likely to predict an explanation for an incorrect relation
as it was for an incorrect entity-pair.

Additionally, in our fine-grained analysis, we also considered whether a relational triple

was identifiable from the context alone and found that nearly 20% of the 200 samples had
26



Making Relation Extraction Models Understandable Chapter 2

Model F1 | Leave-one-out({)
D-REXRoBERTa (Full) 67.2 83.9
- reranking reward | 66.0 84.9
- LOO reward 67.1 85.4

Table 2.6: Ablation study on reward functions. Leave-One-Out metric (LOO)
measures how salient a predicted explanation is in determining a relation and is further
defined and motivated in §2.5.4] Smaller LOO is better.

ambiguities which could not be resolved without outside knowledge. This suggests that

there is likely a maximum achievable relation extraction score on the DialogRE dataset

under the current setting.

2.5.4 Ablation Study

To assess the benefit of each proposed reward individually, we perform an ablation
study on the reward functions. In order to study explanation quality automatically, we
introduce a new metric for explanation quality; the Leave-One-Out metric.

The Leave-One-Out (LOO) metric has a theoretical basis in the works of Li et al.
[53] and Ribeiro et al. [57], where Li et al. [53] use word erasure to determine a "word
importance score". Here we define LOO formally. For a relation extraction model R, an

explanation extraction model FX, and a dataset D, LOO is calculated as

F1r(Dumask(EX))

LOO(R, EX,D) = F1o(D)

where F1x(D) is the F1 score of R on D and Dyask (EX) is the dataset where explanations
predicted by EX are replaced by mask tokens. The LOO metric calculates how essential
the predicted explanations are to the ability of the relation extraction model.

To show that LOO is an appropriate measure of explanation quality, we compute the

Pearson correlation coefficient between token F1 score and LOO scores for models on

labeled triggers, found in Table With 6 models trained on 5 random seeds each, we
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. Subject
Dialogue Object
Relation
Speaker 1: Oh, I'm just so exhausted from dragging around this huge engagement ring! Janice
, . . . Speaker 7
Speaker 7: Hey, I'm sorry. | should have given you guys my black book when | got married! Although it girl/boy-
wasn't so much a book as a...napkin. With Janice's phone number on it. friend
Speaker 1: Sir?
Speaker 2: What's in it?
Speaker 1: Goat cheese, water chestnuts and panchetta.
England
. " . . . . Speaker 3
Speaker 3: Joey, it's been three days, okay. You're just a little homesick, okay. Would you just try to relax. visited b
Just try to enjoy yourself. -0y
Speaker 2: You're different here too. You're mean in England.

Figure 2.4: Two examples comparing predicted explanations from D-REX (underlined)

and Joint (bold).
have 30 data points and a correlation coefficient of —87.4 with p = 2.4 x 10~%. Because
we calculate the coefficient with respect to human-annotated triggers, this suggests that a
low LOO correlates with explanations that humans would determine as indicative of the
given relation.

For our experiments, we always calculate LOO using the baseline model, Rgggrr.
From the results in Table [2.6], we see that both reward functions benefit the final results.
Compared with RroperTa; D-REXRoBERTa gains 3 F'1 points, but without the reranking
reward, the model only gains 1.8 F1 score or 60% of the total possible improvement. This
performance loss demonstrates that the reranking reward is critical to attaining the best
score in relation extraction. Similarly, without the leave-one-out reward, the model’s
explanation quality, measured in LOO, is 1.5 points, or nearly 10% worse, demonstrating

that the leave-one-out reward is beneficial in guiding the model to salient explanations.
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2.5.5 Explanation Samples

Figure shows two samples comparing explanations from D-REX and Joint. In both
examples, even though there was no labelled trigger, each model was able to predict
an explanation which correlates with the relation. Specifically, "engagement ring" and
"got married" are related to the girl /boyfriend relation, and "in" and "mean in" can
be associated with the visited by relation. However, the bottom example shows that
Joint did not consider the context surrounding it’s explanation. The conversation is about
food, and the visited by relation is not relevant. On the other hand, D-REX finds the
phrase "you're mean in", where "you're" refers to speaker3, and "in" refers to "England".
This is clearly an explanation which indicates the correct relation between the correct

entities.

2.5.6 Reduced Labels

All previous results use 100% of labeled triggers in the DialogRE dataset, which covers
40% of all relational triples. To test how few labeled triggers EX requires in order to
learn meaningful explanations we ran a small scale experiment (1 random seed) using
labeled triggers from only 5, 10, and 20% of relational triples. However, in the small
tests we ran, we found that at 20% labeled triggers the EX model mostly predicts no
explanations. Furthermore, at 10% and fewer labeled triggers, the model converges to the
trivial solution in the explanation space which is to never predict any tokens.

We believe that this issue is due, in part, to two challenges: the search space over
all possible start/end tokens is too large, and the policy gradient has a high variance.
Although these results may seem discouraging, we believe this challenge can be overcome
in the future by using algorithms which reduce variance in the policy gradient and by

initializing KX with a model pre-trained in span extraction.
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2.6 Related Work

Recently, there have been numerous information extraction tasks proposed which
involve dialogues, including character identification [58], visual coreference resolution [59],
emotion detection [60, [61].

New settings for relation extraction have also been proposed, such as web text [62]
and, in many ways similar to dialogue, document text [40]. There have also been
methods developed to include explanations in similar natural language understanding
tasks [46], (63, [64], 65]. There have even been methods developed which, similarly to our
re-ranking, make use of an explanation as additional information [66].

The work by Shahbazi et al. [52] is aligned with our study. They also focus on relation
extraction with explanations; however, their method is based on distant supervision from
bags of sentences containing an entity-pair. Due to the cross-sentence nature of relations
in dialogue, their method is not applicable here, although we draw inspiration from their
work. They explain their model by considering the salience of a sentence to their model’s
prediction, similarly to our leave-one-out reward.

Also relevant to our study is that by Bronstein et al. [67]. Their work focuses on the
task of semi-supervised event trigger labeling, which is very similar to our semi-supervised
prediction of relation explanations. In their work, they use only a small seed set of triggers
and use a similarity-based classifier to label triggers for unseen event types.

Finally, there have been multiple recent studies in dialogue RE which perform quite
well by using graph neural networks [43] 44], 45]. However, they focus only on RE and

not on explaining the relations.
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Chapter 3

Understanding Zero-Shot Transfer

Learning

In the previous chapter, we focused on making models more understandable to humans,
and in this chapter we shift our goal to a better understanding of the interplay between
training datasets and model behavior on unseen tasks. Understanding zero-shot transfer
learning has implications on our knowledge of model generalization, robustness, and
adaptation in real-world scenarios. For example, if we are given a brand new task,
understanding model generalization to unseen datasets will allow us to select the best
model from a set of candidate models. Additionally, most machine learning approaches
require large quantities of labeled data, which can be expensive and time-consuming
to acquire and may sometimes be explicitly prohibited, but studying zero-shot transfer
learning offers a promising direction to improve the data efficiency of machine learning
methods. In this chapter, we study the zero-shot transfer learning ability of small language
models using recent prompting techniques. We study transfer from models trained using
multi-task learning on both in-domain and out-of-domain datasets to better understand

how well models can generalize across not just datasets, but also across domains.
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3.1 Introduction

Many recent works have demonstrated the benefits of prompting for large language
models (see Liu et al. [68] for an extensive survey). The utilization of prompts has
further expanded into the use of demonstrations, examples, and task instructions, all
of which have been shown to improve the generalization of language models to unseen
tasks [30, [69] [70]. Studies on utilizing prompts have also shown that as model sizes scale
up, the generalization abilities of a model also increase |71, [72], [73]. However, utilizing
models on the hundred-billion parameter scale is not accessible for most researchers and
practitioners. Additionally, some use cases for language models, such as conversational
agents, may have strict requirements for memory and latency, reducing the possible use
cases for advances in prompting methods.

Similar efforts have demonstrated the benefits of task instructions in the dialogue
domain [74]. However, some findings have been contradictory across studies. For example,
Wei et al. [30] found that models with fewer than 8 billion parameters see decreases in
generalization capabilities when training with instructions, whereas Gupta et al. [74] finds
consistent gains in models with 3 billion and fewer parameters. To conflate these results
further though, Gupta et al. [74] only consider 2 situations: when inputs include prompts
and instructions, or if inputs include no prompt and no instruction at all.

Simultaneously with the emergence of prompting, the explicit multi-task learning
(MTL) paradigm emerged, with works such as Muppet [75] or TO [3I] and their variants.
Explicit MTL has been demonstrated as a means of improving the downstream performance
of pre-trained language models in data-constrained settings. However, many prior studies
of explicit MTL also do not consider models smaller than the billion parameter scale.

In this chapter we bridge the gap between previous studies by exploring the effects of

a variety of factors on the zero-shot generalizability of modestly sized language models
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(<500 million parameters). Specifically, we run experiments to find the effects of: (i)
model size, (ii) general purpose MTL, (iii) in-domain MTL, and (iv) instruction tuning.
Additionally, to better understand the sensitivity of models to instruction phrasing, we
analyze variations in performance across task instructions.

In this chapter, we show that

1. In-domain multi-task learning (MTL) gives the largest improvements to gener-
alizability, up to 80% increased performance, and 37.6% on average across all

models

2. Increasing model size alone has little effect on generalization, but when combined
with in-domain MTL leads to double the (already strong) performance improvement

of in-domain MTL

3. General purpose MTL can provide large gains (57% improvement) for downstream
tasks which closely resemble the MTL tasks, but still provides modest gains (5%)

even for tasks which are more dissimilar

4. Instruction tuning during in-domain MTL provides modest gains of just over 2%

performance, regardless of model size.

3.2 Preliminaries

Why should we study small models? Previous studies have shown that trends in
large language models (>1 billion parameters) do not hold for smaller language models
[32]. For this reason, it is crucial that we must empirically find the trends that occur in
smaller models and cannot rely on studies of larger models. Additionally, for situations

with latency and memory limitations, small models may be the only option. In particular,

33



Understanding Zero-Shot Transfer Learning Chapter 3

we study zero- and few-shot performance on dialogue tasks, a sample domain in which

reducing latency and memory usage are of high importance.

What are prompting methods? In this study, we convert all tasks to a sequence-
to-sequence format, allowing for a single generative model to perform all tasks [76]. By
treating all tasks as sequence-to-sequence, we can also include textual prompts as part
of the text input. In this work, we focus on two types of prompts: answer templates
and instructions. First, answer templates are a string of text added to the end of
the input sequence that specifies the task and which allows the model to solve the task
by filling in the template in natural language [68]. This is in contrast to more simple
prompts which only specify the task by including an identifier (eg. "cola sentence" for
linguistic acceptability, or "topic" for topic classification) [76], [10]. Second, we also consider
instructions, which are generally added at the beginning of the input sequence and
describe the task in natural language. For example, an instruction for document grounded

generation is "Read the dialogue and the document text to generate a response."

How is explicit multi-task learning (MTL) used? Explicit MTL has emerged
as a strong paradigm for eliciting zero-shot generalization in large language models [31].
In this work we consider 2 types of MTL: general purpose and in-domain. Specifically,
general purpose MTL consists of training across a wide variety of tasks and domains,
whereas in-domain MTL consists of training across a variety of tasks that all occur within

a domain. In this work, we focus on the dialogue domain.

3.3 Experiments

Data. For this study, we utilize 46 annotated tasks from the Instructdial dataset [74].

Each task contains between 3 and 10 instructions, with 4.4 instructions on average across
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all tasks. For our zero-shot experiments, we use 3 splits of train/test tasks, where each
split contains 40 training tasks and 6 test tasks. Tasks are divided into classification
and generation tasks, where classification tasks are evaluated on accuracy and generation

tasks are evaluated by Rouge-L scores.

Task list. The full list of tasks is:

Act Classification, Act Generation, Advice Generation, Advice Present, Answer Gen-
eration, Answer Selection, Begins-with Controlled Generation, Belief State Generation,
Count Response Words, Database-based Generation, Deal Present, Dialfact Classification,
Document Grounded Generation, Edit Generation, Emotion Generation, Emotion Tag-
ging, Ends-with Controlled Generation, Evaluation-Binary, Evaluation-Ranking, Fill-in
the Missing Utterance, Find the Incoherent Utterance, Graph-based Generation, Intent
(Classification, Intent Present, Keyword Controlled Generation, Knowledge Grounded Gen-
eration, Natural Language Inference, Non-Toxic Feedback Generation, Persona Grounded
Generation, Persuasion Generation, Persuasion Present, Persuasion Strategy, Question
Generation, Recovery Generation, Relation Classification, Relation Present, Response
Generation with n Words, Response Generation, Schema-based Generation, Slot Present,
Slot Tagging, Slot-Value Generation, Summarization, Target Controlled Generation, Toxic

Response Classification.

Models. In our experiments, we utilize 3 variants of the BART encoder-decoder model
[77): BART-Base, BART-Large and BART0++ [78]. BART0++ is a BART-Large that

has been explicitly multi-task trained on PromptSource [79] in the same fashion as T0++

[311]

LAll pre-trained models were downloaded from the HuggingFace Transformers library.
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Experimental Setup. To study the effects of (i) model size, (ii) general purpose MTL,
(iii) in-domain MTL, and (iv) instruction tuning, we run a series of experiments. In order
to measure the effect of (i) model size, we compare performance between BART-Base
(139 million parameters) and BART-Large (406 million parameters). To measure the
effect of (ii) general purpose MTL, we compare performance between BART-Large and
BARTO0++. To study the effect of (iii) in-domain MTL, we train and test each model
on all 3 of the data splits and compare against an off-the-shelf version of each model
that is directly tested on each split without any in-domain MTL. These models utilize
only an answer template without access to any instructions. To measure the effect of (iv)
in-domain MTL with instructions, we train and test each model on all 3 data splits and
include instructions in addition to the answer template in the prompt. All experiments
were repeated with 3 random seeds, reported scores are means, and standard deviation is
reported where appropriate

Additionally, we train all models for a maximum of 3 epochs, and utilize validation
based early stopping. To determine the learning rate, we trained each model on a single
seed and validate the best learning rate in {le-5, be-5, le-4}, then train for 2 additional
seeds using the best learning rate. We found for all models that 5e-5 was the best learning

rate. For all experiments we use the AdamW optimizer.

3.4 Findings

Figure [3.1] shows the average model performance divided into classification and
generation tasks. Figure [3.2] shows the absolute scores for all models and methods on all

18 zero-shot tasks.
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Figure 3.1: Average model performance on 10 zero-shot classification tasks (left) and 8
zero-shot generation tasks (right) comparing pre-trained models (Off the shelf) with
models explicitly multi-task trained on in-domain data with and without instructions.
BARTO++ is a BART-Large model which has been explicitly multitask trained on
PromptSource [79] in the same fashion as TO++ [31] and demonstrates the effect of
explicit multi-task training prior to in-domain training.
Effects of Model Size. When comparing the average performance of off-the-shelf
versions of BART-Base vs. BART-Large, we find nearly identical performance across
classification tasks, and slightly better performance for BART-Base (11.2 vs. 10.2 Rouge-
L) on generation tasks. However, the benefits of model size are demonstrated once the
models have been further trained using in-domain MTL (Figure [3.1). We find that with

in-domain MTL the base model improves its average score by 6.5. but the large model

doubles that improvement, increasing it’s score by 13.3 averaged across all tasks.

Effects of General Purpose Multi-task Learning. When comparing the perfor-
mance of BART-Large vs. BARTO++ we see improvements on 14/18 tasks, and an
average absolute improvement of 14.5 accuracy (57.1% improvement) on classification
tasks (Figure [3.1] left) and more modest improvement of 0.6 Rouge-L (5%) on generation
tasks (Figure right). This large discrepancy is likely due to the distribution of tasks
in the P3 dataset [79] used to train BARTO0++, which consists almost entirely of classifi-
cation tasks with only summarization as a generation task. Figure [3.2] shows that, indeed,

an off-the-shelf BARTO++ outperforms all other methods on summarization, including
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in-domain MTL.

Effects of In-Domain Multi-Task Learning. We find that in-domain MTL (without
instructions) contributes the largest portion to the final generalization of each model.
As shown in Figure [3.1, BART-Large gets the most benefit with gains of 20.4 points in
accuracy (80% improvement) on classification tasks and 3 Rouge-L (29.3% improvement)
for generation tasks. Bart-Base gets 41.8% and 11.5% relative improvements on classifica-
tion and generation tasks, respectively, and BARTO++ gets 37.7% and 25.3% relative
improvements on classification and generation, respectively. Collectively, this experiment
and the previous experiments on general purpose MTL demonstrate the importance of
matching both the domain and the task distribution during MTL to the downstream
tasks and domain of interest. Additionally, as previously mentioned, in-domain MTL

combined with the increased capacity of a larger model shows even greater improvements.

Effects of Instruction Tuning on In-Domain Multi-Task Learning. Finally,
we compare the performance of in-domain MTL with and without instructions. The
benefits of instruction tuning on small models is less prominent than the three previous
variables, but is overall still beneficial. Figure [3.1] shows that BART-Base improves
by 3% on generation tasks, but loses 1% accuracy on classification. To the contrary,
BART-Large improves by 4% on classification tasks, and loses 2% Rouge-L on generation
tasks. Interestingly, BARTO+-+ sees no difference in performance on classification tasks
and improves by 5% on generation tasks. These results run counter to those of Wei et al.
[30], which found that instruction tuning can degrade performance of models with fewer
than 8 billion parameters by about 10%. This is likely partly due to the in-domain nature
of the instructions utilized in our experiments (all instructions are related to dialogue),

suggesting that future works on instruction tuning for small models should focus on (1)
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domain-specific wording used in instructions, and (2) expanding the number of domains

included in instruction sets to see more general benefits.

Findings on Sensitivity to Instructions. To better understand the importance of
wording and draw insights, we take a closer look at the tasks which had highest variance
across instructions. First, we find that Answer selection is the task with highest variance
(BART-Base has lowest score of 27.3 and highest score of 63) and find that the three
worst performing instructions include variations of "select an option that can substitute
<MASK>". The three instructions including this phrase average an accuracy of 39, while
the remaining 7 instructions lead to an average accuracy of 60.1. This large discrepancy is
likely connected to the unnaturalness of the <mask> token being used in the instruction,
and that it is unlikely to have appeared in the BART pre-training corpus, and only appears
in 2/46 tasks in our in-domain dataset. The other task which utilizes the <mask> token
is the "Fill-in the Missing Utterance" task, which also achieves very poor performance
across all models and methods (with and without instructions). This is a strong reminder
that to create generalizability in language models, it is crucial to match the downstream
task to the pre-training data.

Next, we analyze individual instruction words which most frequently give better than
mean performance (see Figure for full results). Interestingly, we find that "return"
(as used in "return a response to the conversation") almost always leads to better than
average performance (7/8 occurances for BART-Base and Large, and 8/8 for BART0++),
although it only occurs in 3 tasks, and 8 instructions.

Finally, we look at the standard deviation between instructions, averaged across all
tasks and find very little difference between models, with slightly increasing variation as
models get larger, and are pretrained (BART-Base: 0.848, BART-Large: 0.867, BARTO-++:

0.882). At first glance, this seems to suggest that BART-Base is most robust to wording
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Figure 3.2: Absolute scores on 18 zero-shot tasks. Full task names are abbreviated
as follows: Act Cls - Act Classification, Adv Prsnt - Advice Present, Ans Gen - Answer
Generation, Ans Sel - Answer Selection, DG Gen - Document Grounded Generation,
Fill Utt - Fill-in the Missing Utterance, Int Cls - Intent Classification, KC Gen -
Keyword Controlled Generation, NLI - Natural Language Inference, PG Gen - Persona
Grounded Generation, Prs Prsnt - Persuasion Present, Rel Cls - Relation Classification,
Resp Gen - Response Generation, SB Gen - Schema-based Generation, Slot Prsnt -
Slot Present, Slot Tag - Slot Tagging, Summ. - Summarization, and Toxic Cls - Toxic
Response Classification.
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Figure 3.3: Percentage of occurrences of a word that lead to better than average
performance for an instruction. Results calculated from BART-Base model and only
includes words that occur is more than 5 instructions.
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in instructions, but this is actually due to the smaller number of tasks which BART-Base

can meaningfully perform, as seen in Figure [3.2]
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Chapter 4

Understanding Few-Shot Transfer

Learning

Understanding transfer learning can be beneficial not only in zero-shot settings as discussed
in the previous chapter, but also in few-shot settings where we have a small amount of
data available for our target task. Additionally, while understanding the transfer from
multiple tasks is useful, as shown in the previous chapter, it is important to dive deeper
into the understanding of transfer from individual source tasks to individual target tasks,
as in task transfer. Previous studies of task transfer collect tasks from disjoint datasets
without regard for the effects that domain adaptation may have on their results, leading
to a gap in our knowledge on transfer learning.

This chapter studies a very narrow and focused problem, intra-dataset task transfer,
where both the source and target task are from the same distribution (avoiding domain
adaptation). To study intra-dataset task transfer, we first create a large-scale benchmark,
FETA, with 132 source-target task pairs, and perform considerable experimentation and

analysis comparing different models, learning algorithms, sample sizes, and task types.
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4.1 Introduction

Improving sample efficiency through transfer learning has been a long-standing chal-
lenge in the machine learning and natural language processing communities [80], 81].
Recently, transfer learning using pre-trained language models as an initial substrate has
become integral to performing language tasks [82] 83, [47]. Dialogue data requires multiple
cohesive turns with consistent speaker personalities [84, 85|, creating a challenge for data
collection and motivating the development of techniques that improve sample efficiency
in conversational Al [86].

Furthermore, dialogue understanding tasks require a shared knowledge of semantics,
pragmatics, human behavior, and commonsense, making dialogue an area of study that
can benefit greatly from a deeper understanding of transfer learning.

Two essential transfer learning settings, namely domain adaptation and task transfer,
have been studied on language tasks [87]. While domain adaptation has been studied in
task-oriented dialogue [88], task transfer has been studied with less rigor in conversational
Al Prior studies of task transfer in dialogue consider only 2-4 tasks, focus on multitask
learning, and do not compare learning algorithms [89] 00].

Prior studies have focused on cross-dataset task transfer, gathering tasks annotated on
disjoint datasets [91) [92], but this can lead to improvements in domain adaptation being
confounded as improvements in task transfer. A precise study of task transfer should
be on a single data source in an intra-dataset transfer setting, as in Zamir et al. [93].
Additionally, previous studies focus on learning algorithms and use only a single language
model architecture [94], 05], [96], which may lead to a narrow understanding. To the best
of our knowledge, this is the first rigorous study on task transfer in dialogue and the most
extensive intra-dataset task transfer study in NLP.

In this chapter, we create FETA, a benchmark for FEw-sample TAsk transfer for
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Figure 4.1: Task Transfer Performance on FETA-DailyDialog. Computed transfer
performance is demonstrated by arrows leaving from source tasks and entering target
tasks. Strength of the transfer is denoted by thickness and color of edges.
language understanding in open-domain dialogue with 17 total tasks. FETA datasets
cover a variety of properties (dyadic vs. multi-party, anonymized vs. recurring speaker,
varying dialogue lengths) and task types (utterance-level classification, dialogue-level
classification, span extraction, multiple-choice), and maintain a wide variety of data
quantities.

We study task transfer on FETA by comparing three task transfer algorithms and
three commonly used language models in single-source and multi-source settings. Figure
[ illustrates some results in the single-source setting. For example, we find that Dialogue
Reasoning Span Extraction benefits from nearly all source tasks. On the other hand,
Adversarial Response Selection and Emotion Recognition improve the performance of
many target tasks when utilized as a source task.

In this study, we find that: (i) Trends are largely model-dependent, a finding that
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previous works have not discussed. (ii) Out of all task types, span extraction tasks gain
the most as a target, especially with few samples. (iii) Adding source tasks does not
uniformly improve over a single source task, motivating a better understanding of the
complex relationship between source and target tasks.

FETA provides a resource for various future studies, e.g., on the generalizability of
model architectures, and pre-training datasets that enable efficient transfer. In addition
to task transfer, FETA can also facilitate the study of continual and multitask learning.

In summary, our main contributions are:

e We create the first large-scale benchmark for task transfer in dialogue, FETA, with

132 source-target task pairs.

e Extensive experimentation on FETA in both the single-source and multi-source
settings, and an in-depth analysis comparing models, learning algorithms, sample

sizes, and task types, finding new and non-intuitive results.

e A readily extensible transfer learning framework[] that allows for rapid experimenta-

tion and an online leaderboard? to encourage deeper research into task transfer.

4.2 Related Work

Transfer Learning in NLP. Prior works on transfer learning in NLP have studied
a wide variety of topics, including domain adaptation [97], multitask learning [98], [99],
and learning representations of words [100], 10T, 82, [83]. More recently, DialoGLUE
[88] and RADDLE [102] study domain adaptation for language understanding tasks in

task-oriented dialogue. Shuster et al. [103] focuses on multitasking in dialogue response

Lgithub.com /alon-albalak /TLiDB
Zalon-albalak.github.io/feta-website/
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generation across multiple datasets. Jandaghi et al. [T04] develop a measure for predicting
transferability across datasets. Albalak et al. [I1] studies zero-shot transfer from multitask
training to in- and out-of-domain unseen tasks. Similar to this chapter, Pruksachatkun
et al. [94] study task transfer, although they study cross-dataset task transfer in general
NLP tasks. They perform an analysis of transfer by using probing tasks to discover which
source tasks transfer best, but find that the probing task performance doesn’t always align
well with the target task performance and show that further study is required. Unlike
this chapter, they study task transfer across datasets, allowing for domain adaptation as
a confounding variable in their experiments. Lourie et al. [95] also study task transfer,

but they focus on the Th model and a suite of commonsenseQQA datasets.

Task Transfer in Dialogue. Task transfer has been applied in Task-Oriented Dialogue
(TOD) settings but never rigorously studied. For example, Hosseini-Asl et al. [89] and
Lin et al. [86] develop multitask models to perform 2-4 TOD tasks but do not aim to

analyze the efficiency of models or learning algorithms for task transfer.

Intra-dataset Task Transfer. Intra-dataset task transfer has been studied in computer

vision applications [93] [105], but to our best knowledge it has never been studied in NLP.

4.3 Intra-Dataset Task Transfer with FETA

In this section, we briefly define intra-dataset task transfer, the problem setting of
FETA. Then, we introduce FETA, our benchmark for few-sample task transfer in open-
domain dialogue. Finally, we define the metrics we use to evaluate models and learning

algorithms on FETA.
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Original FETA Samples Task
Task Name Samples Train Dev Test Type Metrics
Emotion Recognition 102978 7230 1269 15885 | Utt Cls M/m-F1
Dialogue Act Classification 102978 7230 1269 15885 | Utt Cls M/m-F1
bOD Topic Classification 13118 958 161 1919 | Dial Cls M/m-F1
s Causal Emotion Span Extraction 36324 2141 169 9133 | Span Ex T-F1,EM
5 Causal Emotion Entailment 36324 2141 169 9133 | Dial Cls M-F1,Acc
=, Dialogue-Level NLI 5817 569 52 1302 | Dial Cls M-F1,Acc
'-Tv%' Dialogue Reasoning Span Extraction 1098 123 13 244 | Span Ex T-F1,EM
=) Dialogue Reasoning Multiple Choice 2165 224 26 496 | Mult Ch | Acc
Commonsense Relation Extraction 4009 350 38 851 | Dial CI. M-F1,Acc
Adversarial Response Selection 57145 3400 895 10750 | Mult Ch | Acc
Emotion Recognition (EmoryNLP) 12606 844 207 1912 | Utt Cls m/W-F1
x» Reading Comprehension 13865 912 181 2284 | Mult Ch Acc
O Character Identification 50247 3593 638 7803 | Utt Cls M/m-F1
8 Question Answering 12257 819 191 1937 | Span Ex T-F1,EM
‘M Personality Detection 711 54 15 110 | Dial Cls Acc
~ Relation Extraction 7636 519 121 1188 | Dial Cls m-F1
Emotion Recognition (MELD) 9140 616 148 1247 | Utt Cls m/W-F1

Table 4.1: Overview of FETA tasks. Task types are abbreviated as follows: Utt Cls
for utterance-level classification, Dial Cls for dialogue-level classification, Span Ex for
span extraction, and Mult Ch for multiple choice. Metrics are abbreviated as follows:
M-F1 for macro-F1, m-F1 for micro-F1, T-F1 for token-F1, W-F1 for weighted-F1, EM
for exact match and Acc for accuracy.

4.3.1 Problem Definitions

Let a dataset be composed of the instance set, X, and n task-specific label sets

Y1,Y5,...,Y,. In FETA, each instance x € X is a dialogue.

Definition 1 (Domain and Task). A domain D = {X, P(X)} consists of a feature space
X and a marginal probability distribution P(X). The marginal probabilities are over the
instance set X = {xy,xq,...,2,} € X.

A task T = {Y, f(X)} is composed of a label space Y and a predictive function,

f: X =)

Definition 2 (Learning Algorithm). A learning algorithm, A, is a protocol that determines
the method by which the instance set X and task-specific label sets Y1,Ys, ..., Y, will be

used to train a predictive function, f.

Definition 3 (Task Transfer). Given a source task Ts = {Vs, fs(Xs)} and target task

Tr = {Vr, fr(Xr)}, task transfer is the use of a learning algorithm, A, to improve the
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learning of fr by using the knowledge in Tg.

In cross-dataset task transfer, when Xg # X7, we also have P(Xg) # P(Xr) and
Ds # Drp; domain shift.

In intra-dataset task transfer, when Xg = X7, there is no domain shift. This
enables the study of the learning algorithm’s performance on task transfer, isolated from
domain adaptation.

We refer the reader to Pan and Yang [106] and Zhuang et al. [I07] for expanded

discussions on transfer learning definitions.

Few-Sample. Due to the challenge and cost of collecting and annotating data, many
real-world applications of NLP techniques are limited by data quantities. For this reason,
we focus on the few-sample setting, defined in FETA as 10% of the original instance
set. Out of 10%, 5%, and 1%, 10% was empirically determined to be the smallest
percentage that retains labels from all label sets in both the train and development
partitions. Given the recent attention focused on NLP applications in low-resource
settings [108, 109, [14) 110}, 92], we expect research done in such a low-data setting will

lead to insights useful for many researchers and practitioners.

4.3.2 FETA Datasets

In this section, we describe the two dialogue sources we use, DailyDialog [I11] and
Friends [112], and the tasks annotated on each source.

We select these datasets because they complement each other in desirable ways.
DailyDialog contains 2-speaker dialogues where speakers are anonymized and averages 88
words per dialogue. In contrast, Friends consists of multiparty dialogues (3.6 speakers

mean, 15 max) with recurring characters and averages 283 words per dialogue. These
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Dialogue Tasks
Topic Classification Dialog Act Classification Emotion Recognition
(1) A: Happy anniversary, sweetheart! Answer: Relationship Answer: utt(1) = Inform Answer: utt(1) = Happiness
(2) B: Yes. to our first anniversary and many more to come.
Cheers! Causal Span Dialogue R i Choice Adversarial Response Selection

(3) A: I'll drink to that. Thanks for making this a night worth
remembering.
(4) B: Well, it's a special day. They say if you survive the

Question: In utt(2), what causes the
emotion "happiness"?

Answer: "first anniversary”

Question: From utt(3), when does "drink to
that" happen?
Options:

Contex: utt(1) - utt(6)
Response Options:
(a) 1 think I should skip this.

(a) Survive the first year

(b) That's good to know, listening to music

first year, the rest is smooth sailing. Causal i i (b) makes your day happy.

(5) A: That's good to know. Oh, listen! The band's playing Premise: utt(1) - utt(5) (c) Night (c) Yes, let's go to the floor.
o is: utt(3) causes in (d) Playing our song N
ur song. utt(s) A . Opt b Answer: Option (c)
(6) B: | requested it. What do you say? Do you have your . nswer: Option (b)
dancing shoes on? Answer: Contradiction = - S
(7) A: Always. Dialogue-Level NLI = P

Question: What is the relationship between
“special day” and “night worth remembering"?
Answer: “special day” causes “night worth

Premise: utt(1) - utt(7) Question: In utt(2), what is "anniversary"?
Hypothesis: "dancing” happens

simultaneously with "song" Answer: "special day"

Answer: Entailment remembering”
Chandler (C), Rachel (R), Gunther (G) MELD Emotion Recognition Question Answering Emory Emotion Recognition
(1) C: (Reading a comic) Eh, | don't know. Question: How long did Rachel train for?
(2) R: What? Answer: utt(6) = Neutral S —— Answer: utt(6) = Powerful

(3) C: Well, as old as he is in dog years, do you think Snoopy
should still be allowed to fly this thing?

(4) G: Rachel?

(5) R: Yeah.

(6) G: Do you remember when you first came here, how you
spent two weeks getting trained by another waitress?

(7) R: Oh sure. Do you need me to train somebody?

(8) G: (laughs) Good one. Actually, Terry wants you to take the
training again.

(9) R: (To Chandler) Eh, do you believe that?

(10) C: (Thinks about it) Yeah.

Relation Extraction
(Head, Tail) -> Relation:
(Rachel, Waitress) -> hasTitle
(Rachel, Terry) -> hasBoss

Personality Detection Reading Comprehension

Subject: Gunther Statement: Gunther interrupts Rachel
talking to [??] while on the job and says
Terry needs the new-waitress training to be
taken again.

Question: Out of Chandler, Rachel,
Gunther, and Terry who is [??] ?

Answer:
Agreeable = Yes
Conscientious = No
Extroverted = Yes
Open = Yes
Neurotic = Yes

Character Identification
Question: In utt (3), who does ‘he’ refer to?
Answer: "Snoopy"

Answer: Contradiction

Figure 4.2: Example dialogues and tasks for FETA-DailyDialog (top) and FE-
TA-Friends (bottom).
differences lead to each set of dialogue instances having different task annotations, giving
FETA a wider variety of tasks. For example, DailyDialog tasks include understanding
the causes of emotions and commonsense reasoning, while tasks annotated on Friends
revolve more around recognizing entities and understanding personalities.

To create FETA versions of each dataset, we first partition the dialogues into
70/15/15% splits for training, validation, and test sets. After splitting, we randomly
down-sample the train and development dialogues to 10% of the original quantities. Thus,
FETA splits use 7/1.5/15% of the original dialogues. Not every dialogue is annotated
for all tasks, allowing some tasks to have more samples than others. Crucially, the data
splits are the same for all tasks, preventing data leakage. Table shows an overview of

the tasks, samples, and metrics used for each dataset.

FETA-DailyDialog. Li et al. [ITI] present the DailyDialog dataset, with chit-chat
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Figure 4.3: Utterance and dialoguelength distributions in FETA.

conversations covering 10 various topics including relationships, politics, and work.
Many works add annotations on top of these dialogues and FETA utilizes 10 of them.
Figure provides an overview of the tasks: emotion recognition, dialogue act classifica-
tion, topic classification (from DailyDialog [IT1]), causal emotion span extraction, causal
emotion entailment (from RECCON [113]), dialogue-level natural language inference, dia-
logue reasoning span extraction, dialogue reasoning multiple choice, commonsense relation
extraction (from CIDER [114]) adversarial response selection (from DailyDialog++ [115]).

For further details of these tasks, we refer the reader to their original papers.

FETA-Friends. The Friends dialogues come from transcripts of 10 seasons of the TV
show by the same name [I12]. In addition to dialogue, the transcripts contain situational
information such as behaviors and non-verbal information like scene information.

In total, FETA has 7 task annotations on top of the Friends scripts. As illustrated

in Figure [4.2] the incorporated tasks include Emory emotion recognition (from [60]),
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reading comprehension (from [I16]), character identification (from [112, 58|), question
answering (from [I17]), personality detection (from [118]), and relation extraction (from
DialogRE [119]) and MELD emotion recognition (from MELD [120]). There are two
emotion recognition label sets (Emory and MELD), but they have only 22% overlap in
instance sets and have different label spaces. For further details of these tasks, we refer

the reader to their original papers.

4.3.3 Evaluation Metrics

To define the metrics, we consider 4 variables: source task s, target task ¢, model f,
and learning algorithm .4, and we abuse notation slightly to allow for f(s,t) to represent
a model trained on the source and target tasks using the given learning algorithm. In
FETA, we evaluate the performance of a model and learning algorithm with multiple

metrics: average and top-1 raw scores, as well as average and top-1 score As.

Average and Top-1 Scores. First, we consider the two raw scores: average score and
top-1 score. These metrics aim to answer the following questions: How well do a model
and algorithm perform across all task pairs, and, how well do a model and algorithm
perform supposing that we knew the best source task a priori.

We calculate an average score across all source-target task pairs to understand how
each model and algorithm performs in the aggregate. Formally, let the score for a single

task be computed as:

1 | M|

score(s,t, f, A) = ’M’ZM“fASt))

where M, is the set of metrics associated with task ¢, found in Table 4.1} and M, ;(f) is

the ith calculated metric of model f on task ¢. All metrics range from 0 to 100. Then, we
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calculate the average score as:

> > score(s,t, f, A)

teT s£teT

T (T =1)

Average Score(f, A) =

where 7 is the set of tasks.

Additionally, we calculate top-1 score to understand how models and algorithms
perform if the best source task is known ahead of time. This score is calculated as the
maximum score over source tasks averaged over target tasks. The top-1 score does not
consider scores less than the baseline, which is a model trained directly on the target
task. Denote the baseline algorithm by Az and the baseline score as score(s,t, f, Ag).
Formally, the top-1 score is calculated as:

7]

Top-1(f, A) =

Average and Top-1 As. In addition to raw scores, we also calculate score differences
to measure how much a source task benefits a target task. The average A describes how
much benefit the model saw in the aggregate over all source tasks, while the top-1 A
considers only the best source. Score As are calculated with respect to the baseline score
as:

A(s,t, f, A) = score(s,t, f, A) — score(s,t, f, Ap)
and the average A is calculated as:

2. 2 Alst, [, A

teT s#teT

[T (71 =1)

Average A(f, A) =

Additionally, we calculate the top-1 A as the maximum positive score difference over
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DailyDialog Friends
Transfer Average Top-1 Source Average Top-1 Source
Model Algorithm Score (o) A Score A Score (o) A Score A
Pre-train/Fine-tune 50.61 (0.24) -0.93 52.22 +0.68 | 42.39 (0.30) -0.89 44.36  +1.08
BERT Multitask 50.95 (0.24) -0.59 52.40 +0.86 42.88 (0.29) -0.40 45.14 +1.86

Multitask /Fine-tune | 51.40 (0.25) -0.15 52.76 +1.22 | 44.69 (0.28) +1.41 46.00 +2.72

Pre-train/Fine-tune 39.80 (0.25) -1.28 42.19 +1.11 32.66 (0.18 -0.64 34.34 +1.04
GPT-2  Multitask 40.21 (0.24) -0.86 41.77 +0.69 33.10 (0.16 -0.20 34.83 +1.53

(
Pre-train/Fine-tune 49.92 (0.37) +0.19 53.04 +3.31 41.73 (0.19 -1.10 43.52 +0.69
T5 Multitask 49.49 (0.42) -0.24 52.98 +3.25 40.42 (0.20 -2.40 43.33 +0.51
Multitask /Fine-tune | 50.29 (0.36) +0.56  52.85 +3.12 42.29 (0.17 -0.53 43.87 +1.05

)
)
Multitask/Fine-tune | 41.15 (0.23)  +0.07  42.76  +1.68 | 34.62 (0.15) +1.32 35.86  42.56
)
)
)

Table 4.2: Average and Top-1 Source task transfer scores. Average scores
and As aggregate scores over all source tasks, compared with Top-1 scores and As
which are calculated with scores from the highest performing source task. As are the
difference from the baseline score without task transfer. Highest values for each model
are underlined, highest values across all models are bolded.

source tasks averaged over target tasks:

;s@% (0, A(s,t, f, «4))
T

Top-1 A(f, A) =

4.4 Task Transfer Algorithms

In this chapter, we consider three commonly used task transfer methods: Pre-
train/Fine-tune, Multitask, Multitask/Fine-tune. We apply these methods with cross-

entropy loss to further optimize pretrained language models on FETA.

Pre-train/Fine-tune. Commonly used in NLP today, the pre-train/fine-tune algorithm
consists of two stages of training [80]. First, the model is trained on the source task

Ts, optimizing Eq [4.1], followed by a separate stage of training on the target task 7r,

optimizing Eq [4.2}

Lg = —E [log p(ys|z)] (4.1)
(,ys)~{ X, Vs }

Lr=  —E  [logp(ylz)] (4.2)
(@,ye)~{ X, Y1}
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Multitask. In this algorithm, there is only a single stage of multitask training [121].
Formally, the training is conducted on both the source and target task by optimizing
Eq (4.3t

Lsr= ~E [log p(ys|z) + log p(y|z)] (4.3)
(Ivysfyt)N{X’yS7yT}

Multitask /Fine-tune. This algorithm combines the previous algorithms in two stages.
In the first stage, the source and target task are optimized jointly, as in Eq Then,
the second stage trains using only the target task, as in Eq[4.2]

Even though model selection in multitasking is generally done w.r.t. multiple source
and target tasks [I121], we modify the setting to validate a model on a single target task
at a time. This allows hyperparameter search and early stopping to be controlled by the

desired target task.

4.5 Experiment Setup

To study task transfer on FETA, we run extensive experimentation. We utilize
three task transfer algorithms: pre-train/fine-tune, multitask, and multitask/fine-tune,
as described in Section [£.4] To draw broad conclusions about the performance of each
learning algorithm, we utilize pretrained language models with three different architectures:
encoder-only (BERT) [47], decoder-only (GPT-2) [50], and encoder-decoder (T5) [122].

Additionally, we use the pretrained model implementations from the HuggingFace
Transformers library [49], where the bert-base-uncased model has 110M parameters,
GPT-2 has 124M parameters, and T5H-base has 223M parameters. We use the Adam
optimizer [I123] with a batch size of 60 and run a learning rate sweep across {3x107,
1x10°,3x10°,1x10*} during the pre-training phase, finding that 3x 10 worked well

across all models. In all experiments we utilize validation-based best model selection, and
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DailyDialog Friends

Pre-train/Fine-tune Multitask Multitask/Fine-tune Pre-train/Fine-tune Multitask
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Figure 4.4: Relative improvement of transfer over fine-tuned baselines. Rows
are source tasks and columns are target tasks. Diagonal cells are baseline scores.
Looking at an individual column can demonstrate best source tasks for that target.
Looking at rows can determine which source task works well across multiple targets.
train models for 30 epochs on DailyDialog tasks and 20 epochs on Friends tasks.

A complete experiment for a single target task, 7, is as follows: First, we directly
fine-tune on 7T to get the baseline score. Then, for each source task, S, we take the model
pre-trained on § and fine-tune on 7. Next, we jointly train on & and 7 together. Finally,
we fine-tune the jointly trained model on 7.

FETA datasets have 10 and 7 tasks, giving 90 + 42 = 132 unique source-target task
pairs. Our experiments include three learning algorithms, three models, and we run
each experiment with 5 random seeds. In total, we run 132 x 3 x 3 x 5 = 5940 transfer
experiments, and 17 x 3 x 5 = 255 baseline experiments leading to 6195 trained models.

In addition to the single-source setting described above, we also consider a subset of

tasks to study in the multi-source setting, where multiple tasks are simultaneously used

as source tasks to transfer to a single target task (4.6.2). For our experiments, we select
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two target tasks from each dataset that benefit the most from task transfer, and we use

the three source tasks that transferred best onto those targets.

4.6 Results and Analysis

4.6.1 Single-Source Setting

Table shows the results for all three models and algorithms, and we use this table
to understand general trends. Figure shows the relative improvement of a source task

for each target task, demonstrating trends across tasks.

Aggregate Performance. We find that, on average, Friends tasks get scores between
7-8 points less than DailyDialog, likely due to the greater number of speakers and utterance
length of Friends. We find that GPT-2 lags behind the raw scores of BERT and T5
by ~10 points. This is expected as autoregressive decoder models are not designed
with classification in mind. We find that the largest average A is 1.4, leaving room for
improvement in task transfer on FETA.

Furthermore, we are interested in knowing: how much is gained by using the best
source task vs. a random source task. We calculate the differences between average A
and top-1 A and find the mean difference to be ~1.6 and the largest difference to be ~3.5,

motivating a further understanding of which source tasks transfer best to target tasks.

Performance Across Learning Algorithms. We average scores across both datasets
and find that pre-train/fine-tune gets an average score of 42.85, multitask 42.84, and
multitask/fine-tune 44.07. Table |4.2 shows that multitask/fine-tune achieves the best aver-
age score for all models and datasets, and indeed its average score is a 2.8% improvement

over the other algorithms. However, aggregate scores obscure some interesting nuances.
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Do Trends Vary Across Models? Previous studies on task transfer have focused on
a single model [94, [95], 06], but we find that trends vary depending on the model. For
example, we find results similar to Lourie et al. [95], namely, that fine-tuning on the target
task always benefits the T5 model. However, we discover that this does not hold for BERT
and GPT-2, which achieve better scores from multitasking than pre-train/fine-tune.

Furthermore, Figure shows that trends on individual tasks also vary depending on
the model. For example, T5h positively transferred knowledge to question answering with
all learning algorithms and from most source tasks, while GPT-2 had a negative transfer
from all algorithms and sources.

For nearly all dimensions of analysis (e.g., sample sizes, learning algorithm), we find
different trends between models. We strongly suggest that future research be performed
on multiple models before attempting to draw broad conclusions on transfer learning. In
particular, any trends should be tested and verified in existing and future architectures
that differ from transformers such as state space models [124], [125] and linear attention

models [126], 5].

Multitask/Fine-tune As Regularization. We find that T5’s top-1 score and A on
DailyDialog are highest for pre-train/fine-tune, but the average score and A are highest
for multitask/fine-tune. To understand why, we find the bottom-1 scores for T5 on
DailyDialog: 46.78, 46.69, and 48.26 for pre-train/fine-tune, multitask, and multitask/fine-
tune algorithms, confirming that multitask/fine-tune does achieve the best worst-case
performance. Moreover, we find that for all datasets and models, multitask/fine-tune
does achieve the best worst-case performance. In fact, for GPT-2 on Friends, utilizing the

bottom-1 source tasks still leads to a 0.74% improvement over the baseline.
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Do All Task Types Benefit Equally?
We find that span extraction tasks gain the
most as target tasks, shown in Figure
to benefit at all source-to-target sample
ratios. Multiple choice tasks also stand to
gain from task transfer, but we find that
only occurs at a 10:1 ratio of source-target
samples. This gain is likely due to the high-
level language understanding required by
both tasks.

Additionally, we find that utterance-

A

level classification tasks decrease in score

Chapter 4
5] — Utterance-Level Classification
— = Dialogue-Level Classification
=« Multiple Choice .o,
4 Span Extraction -‘/‘
I T L
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Figure 4.5: Score A by target task type.
Lines show the average score A when the tar-
get task is of the specified task type, computed
as a best-fit linear interpolation of the data
with a 95% confidence interval. The number of
samples for an individual task are fixed, but
source/target ratios vary depending on which
task pair is used.

at increasing source-to-target sample ratios. This is possibly due to models overfitting to

specific tasks and a catastrophic forgetting of general skills learned during their large-scale

pre-training.

Do All Task Types Give Equal Ben-
efit? We find that multiple-choice tasks
give the greatest benefit as source tasks, es-
pecially when the ratio of source-to-target
samples is low, as shown in Figure [1.6] Ad-
ditionally, we find that at a ratio of 10:1
source-target samples, dialogue-level clas-
sification benefits downstream tasks, but

utterance-level classification requires a ra-

tio of 100:1.
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Figure 4.6: Score A by source task type.
The number of samples for an individual task
are fixed, but source/target ratios vary depen-
ding on which task pair is used.
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Figure 4.7: Score A by sample count. Sample count is on the x-axis (log scale)
and score A is on the y-axis. The blue dotted line represents the average transfer A
from a source task to all target tasks. The brown line represents the average transfer
A to a target task from all sources. Trend lines are a linear best-fit on the data with a
95% confidence interval. The number of samples for an individual task are fixed, but
source/target ratios vary depending on which task pair is used.
How Do Sample Sizes Affect Transfer? Figure shows that, interestingly, GPT-2
and T5 have opposite trends in relation to sample size. We find that As for GPT-2
increase with high target samples and decrease with high source samples. This suggests
that GPT-2 may be overfitting to the source task and performs better with resource-rich

target tasks. We find that Th As decrease as target-task samples increase, suggesting that
T5 is more sample efficient than both GPT-2 and BERT.

4.6.2 Multi-Source Setting

For multi-source transfer we select the two target tasks from each dataset with the

best score differences from the single-source setting, shown in Figures and [4.9] We
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Figure 4.8: Aggregate task transfer performance on DailyDialog.
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find those four tasks to be Dialogue Reasoning Span Extraction (DRSE), Dialogue-Level
NLI (DNLI), Character Identification (CI), and Question Answering (QA). For each of
these target tasks, we select the top-3 best source tasks, shown in Table [£.4] Learning in
this setting is similar to single-source, except we now simultaneously optimize the loss for
multiple source tasks. Table [4.3] shows the multi-source results compared with the average
score of the top-3 source tasks from the single-source setting. Full results, including score

As from the single-source baselines, average top-3 score As, and multi-source score As

are in Table .4l

Does Multi-source Improve Over Single-source? We expect that by utilizing the
top-3 source tasks from the single-source setting, the multi-source setting will improve
performance for all models and algorithms, but find results to the contrary. We find that

6/9 multi-source algorithms outperform their average top-3 single-source counterparts in
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Figure 4.9: Aggregate task transfer performance on Friends.

DRSE, 6/9 for DNLI, 3/9 for CI, and only 2/9 for QA, showing that naively combining
source tasks is not always beneficial. The impressive result for DRSE follows our original
intuition, given that there is an almost unanimous benefit from all source tasks, shown in
Figure[£.4] Similarly, we find that multi-source performance on CI also correlates with the
performance of individual source tasks. We find that in the single-source setting GPT-2 is
the only model that improves with any source task, and indeed GPT-2 sees benefits from

multi-source training on all algorithms.

Which Models Benefit From Multi-Source? Table [4.4]shows that GPT-2 improves
in 8/12 experiments over its average top-3 single-source counterparts, but BERT only
5/12 and T5 in only 4/12 experiments. It is counter-intuitive that T5 should perform the

worst as we expect that it has a higher capacity for learning due to twice the model size.
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Target | DRSE | DNLI| CI | QA
= P/F | -1.18 | +1.37 | -2.11 | -0.99
M 1277 | 1157 | <054 | -1.14
M M/F| +1.61 | +2.28 | -0.34 | -0.55
N P/F | 4040 | +0.16 | +4.25 | -3.90
E M +0.78 | +0.98 | +1.28 | -2.46
O M/F| +0.73 | -0.09 | +0.00 | -0.95

P/F | 1060 | +1.95 | -0.79 | +0.48
B M -1.08 | -0.96 | -1.49 | +0.08

M/F | -1.22 | -120 | -0.24 | -0.22

Table 4.3: Multi-source score As from the average score of the top-3 source
tasks. Full results, including score As from the fine-tuned baseline are in Table

On the other hand, the additional parameters may be causing T5 to overfit on training

data in the few-sample setting.
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t, where we use the top-3

1-source experimen

Table 4.4: Results from the mult

source tasks in a multi-source task transfer setting. We include individual scores from
all 3 top-3 source tasks and include their average score as a comparison. Multi-source

experiments that improve over the top-3 average are underlined.
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Chapter 5

Improving Few-Shot Generalization

In Part [Il of this dissertation, we focused on understanding models through the data they
were trained on. In this chapter, we shift our focus towards improving the training data
for models by applying the lessons learned. Specifically, we focus here on selecting better
data for training a model in the few-shot setting. In Chapter 4 we showed that jointly
training on the top-3 source tasks together does not always lead to better target task
performance over using a single source task, which may be counter-intuitive as we often
assume that more data is better. However, the results demonstrate that for transfer
learning, some data is more valuable than others.

In this chapter, we develop algorithms that automatically select training data in the
aim of improving few-shot generalization. To develop efficient algorithms, we frame each
source dataset (henceforth referred to as auxiliary datasets) as the arm of a multi-armed
bandit, and design reward functions that appropriately model the desired relation between

auxiliary and target data.
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5.1 Introduction

Few-shot learning is an attractive learning setting for many reasons: it promises
efficiency in cost and time, and in some scenarios data is simply not available due to
privacy concerns or the nature of the problem. However, few-shot learning is also a
challenging setting that requires a delicate balance between learning the structure of
the feature and label spaces while preventing overfitting to the limited training samples
[127, 128, [129]. One approach to improving the generalizability of models in the few-shot
setting is Few-shot Learning with Auxiliary Data (FLAD), where additional auxiliary
datasets are used to improve generalization on the target few-shot task [130] 1311 132} [133].

However, FLAD methods introduce their own challenges, including increased algo-
rithmic and computational complexity. Specifically, incorporating auxiliary data during
training introduces a large space of design choices (e.g. how and when to train on auxiliary
data). Manually designing the curriculum for training on large quantities of auxiliary
data is not feasible due to the combinatorially large search space, and hand-picking
which auxiliary data to use based on heuristics (e.g. from the same domain or task
as the target few-shot dataset) can lead to sub-optimal results [I0]. Delegating such
choices to an algorithm can lead to better solutions, as demonstrated in the transfer
learning [134), 135, [04], meta-learning [136] 137], multi-task learning [138] 75, 06, [31],
and auxiliary learning literature [I30], 139]. However, prior auxiliary learning algorithms
often assume that only 1-3 related auxiliary datasets are available and design algorithms
whose computational complexity grows linearly (or worse) with the number of auxiliary
datasets [140} [10], motivating the search for more efficient methods as the number of
auxiliary datasets grows.

To overcome the challenges of prior works, we desire a FLAD algorithm that (1)

makes no assumptions on available auxiliary data a-priori (in-domain, on-task, quality,
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quantity, etc.), (2) scales well with the number of auxiliary datasets, and (3) adds minimal
memory and computational overhead. We design algorithms that satisfy our desiderata
by drawing inspiration from the central problem in multi-armed bandit (MAB) settings:
the exploration-exploitation trade-off [141], [T42]. We relate the set of auxiliary datasets
to the arms of a MAB and tailor the classic EXP3 [143] and UCB1 [144] algorithms to
fit the FLAD framework by designing three efficient gradient-based reward signals. The
combination of our MAB-based algorithms and efficient gradient-based rewards allows us
to scale to 100x more auxiliary datasets than previous methods. Figure provides a
basic illustration of how we formulate FLAD as a MAB problem.

To empirically validate our approaches, we focus on few-shot training of language
models and utilize P3 [79], a readily available resource with hundreds of auxiliary language
datasets. We evaluate our methods on the same held-out tasks as the TO language
model [31] and show that, when using the same collection of auxiliary datasets, our
algorithms outperform a directly fine-tuned TO by 5.6% (EXP3-FLAD) and 5.7% (UCBI1-
FLAD) absolute. Furthermore, incorporating all available datasets in P3 (i.e. not just
those used to train T0) increases the improvement to 9.1% and 9.2%. Finally, we compare
models trained with our methods against state-of-the-art few-shot methods, finding that
our methods improve performance by >3%, even though one model utilizes a large
collection of unlabeled target dataset samples. Furthermore, to the best of our knowledge,
our methods lead to the first 3 billion parameter model that improves over 175B GPT-3
using few-shot in-context learning.

In summary, our main contributions are:

e We connect FLAD to the MAB setting and focus on the exploration-exploitation
trade-off by designing two algorithms, EXP3-FLAD and UCB1-FLAD along with

three reward functions that are both simple and efficient (in space and computational
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Figure 5.1: Overview of few-shot learning with auxiliary data (FLAD) as a
multi-armed bandit problem. On the left is the learner which defines a policy 7 that
determines which auxiliary dataset to sample from. On the right is the environment
that includes the set of auxiliary datasets D4, target dataset Dy, and the model fy.
At each turn t, the following five steps take place, further described in Section [5.3.1}
1. The learner selects an auxiliary dataset D, according to its policy w. 2. The
environment samples a batch {x,y} ~ D,. 3. The model fy calculates gradients for
the sampled batch (V,) and the target dataset (V7 ), then updates the parameters 6.
4. A reward R, is calculated based on V, and V. 5. The learner updates m based
on Ra,t‘

complexity).

e We empirically validate that our methods improve few-shot performance of pre-
trained language models and show that strategies that employ only exploration or

exploitation lead to sub-optimal performance.

e We perform case studies to better understand the dynamics of our reward functions

and their interaction with the dynamics of large language model training.

5.2 Related Work

A long history of works have found success when combining auxiliary data with
target data [130, [145], 132, 146}, 147, 131, [140], 133, 78, 148, 134]. Some works have
explored the addition of auxiliary learning objectives to aid the learning of the target
task [145], 147, [146], 131, 139]. More similar to this study are methods that perform
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auxiliary learning by introducing additional data sources beyond the target data [130} 132,
140l 133, (78, 148, [10]. As opposed to the few-shot setting on which this chapter focuses,
previous works have studied auxiliary learning in settings with large quantities of target
data. For example, Chen et al. [140] and Verboven et al. [I33] assume access to 10,000
labeled target samples, Ivison et al. [I48] and Lin et al. [78] assume access to 1,000s of
unlabeled target samples, and Du et al. [132] and Albalak et al. [10] assume access to 100s
of labeled target samples. Additionally, many of the previous works that study auxiliary
learning have only considered settings with 1-3 auxiliary datasets [132] [140, [133] 10]. For
example, Verboven et al. [133| propose a task-weighting method that requires solving a
system of equations that becomes underspecified with multiple auxiliary tasks, limiting
their method to only a single auxiliary task. Furthermore, Chen et al. [140] experiment
with 3 auxiliary tasks because their method requires learning a target-aware classifier
for each source task, so the computation scales as O(|.A||T|) where |A| is the number
of auxiliary tasks and |7 is the number of target tasks, making it impractical to scale
to large numbers of source and target tasks. In this chapter, we focus on improving
auxiliary learning with very few target samples (20-70 samples) by scaling up the number
of auxiliary datasets orders of magnitude greater than previous work. In order to scale
up the learning process, efficiency is a central concern of this chapter, unlike prior works.

Data selection studies a similar (but distinct) problem where the goal is to selectively
utilize a subset of a single large dataset rather than selecting data from auxiliary datasets.
Recent research on data selection has found that intelligent data selection can provide

significant improvements to model performance [149, [150) 151, 152].
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5.3 Multi-armed bandits for few-shot learning with
auxiliary data

In this section, we first define the few-shot learning with auxiliary data (FLAD) setting.
Then, we formulate FLAD as a multi-armed bandits (M AB) problem, shown in Figure
Next, we define reward functions that are efficient to compute and appropriate for FLAD.
Finally, we describe our adaptations of two popular MAB algorithms: EXP3-FLAD and
UCBI-FLAD.

5.3.1 Setup

FLAD problem setting. Few-shot learning with auxiliary data (FLAD) fits into the
following setting: assume access to a large set of auxiliary datasets D4 where, for all
a € A, D, is an individual auxiliary dataset. Given a small quantity of data belonging to
a target dataset D, the goal of FLAD is to find parameters 6 of a model fy that achieve
high performance on the unknown distribution underlying D+ while utilizing only the

available data, Dy U D 4.

Formulating FLAD as MAB. In this chapter, we adopt the multi-armed bandit
(MAB) setting by formulating FLAD as a Markov decision process [153] and defining
a learner and environment, illustrated in Figure 5.1} The learner consists of a policy
m defining a selection strategy over all D, € D4. The environment consists of the
target dataset Dy, auxiliary datasets D4, and model fy. In this formulation the learner
interacts with the environment over N rounds. At each round t the learner selects
one of the environment’s |A| datasets D, € Dy4. Next, the environment samples a
batch {x,y} ~ D, and calculates the gradient w.r.t.  using a task-appropriate loss

function as V, = VyL(fy,x,y). Then, the environment computes the target gradient
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V1 = VoL(fy, D7), and updates model parameters w.r.t. V7 4 V,. Finally, the learner
uses a gradient-based reward R,:(V,, V) to update its policy . See Lattimore &

Szepesvari [154] for further details on multi-armed bandits.

Designing the reward functions. We design the reward function R with our desider-
ata in mind. To ensure that our algorithm adds minimal memory and computational
overhead we consider rewards that utilize information intrinsic to the model and the losses
being optimized, not an external model or metric (e.g. accuracy or BLEU). In this chapter
we propose three gradient-based reward functions inspired by previous studies: gradient
alignment [132] 145, [155], gradient magnitude similarity [156, [157], and their aggre-
gation. Formally, at turn t let V, be the gradient of the auxiliary batch and V+ be the

target dataset gradient. Gradient alignment is defined as RGG’A Va , 1.e. the co-

_ o
t 7 Va2l VT2
sine similarity between the gradients of the sampled auxiliary dataset batch and the whole

2[|V v
ams _ 2AValblVrls o

target dataset. Gradient magnitude similarity is defined as R, "~ = o2 or]
’ all2 2

that when the two gradients have equal magnitude, this value is equal to 1 and as the
magnitudes differ the value goes to zero. In addition to the individual reward functions,
we also consider an aggregate reward. To ensure that the aggregate is not dominated by
either individual reward, we normalize R“4 € [0, 1], the same range as R“MS and define

Aaca _ ARG GMS
Ra,t - + 7?'a,t

5 . We provide further discussion

the aggregate to be their sum:

on the design of reward functions in Section [5.6]

5.3.2 Adapting the EXP3 algorithm.

EXP3 Background. We base our first algorithm, EXP3-FLAD, on the EXP3 algo-
rithm [I43] (“ Ezponential-weight algorithm for Ezploration and Exploitation”). EXP3
targets the adversarial MAB setting, which assumes that the reward-generating process is

controlled by an adversary who is given access to the learner’s policy 7 and determines
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the sequence of rewards, (R,;)r ;, for each arm prior to play [158]. We consider the
adversarial MAB formulation due to the highly non-convex loss landscape of deep neural
networks and our use of stochastic gradient descent-based optimization methods. These
factors imply that we cannot guarantee our rewards to be stationary, independent, or
follow any particular distribution (e.g. Gaussian). Further details on adversarial MAB
can be found in [143].

In EXP3-FLAD, the learner selects arms according to a Gibbs distribution based
on the empirically determined importance-weighted rewards of arms [I59]. To allow for
exploration, we mix the Gibbs distribution with a uniform distribution [143|. Formally, let
&: be the exploration rate at turn ¢ and, recalling that K = |.A| is the number of auxiliary

datasets, then 7 defines the probability of selecting a given arm a € A as the linear

exp(€—1Ra)

combination of Gibbs and uniform distributions m(a) = (1 — K St)z o + &
where R&t is the importance weighted reward Ra,t = Rayt,l + Mot We want the learner

mi—1(a)”

to explore more in early training than in later stages, so we use a decaying exploration

rate & = min{%, \/% } as proposed by Seldin et al. [I59]. The use of an importance-
weighted estimated reward compensates the rewards of actions that are less likely to be
chosen, guaranteeing that the expected estimated reward is equal to the actual reward for
each action. EXP3-FLAD is designed to be nearly optimal in the worst case, but due to
the exploration rate it will select “bad” actions at a rate of £. The exploration of EXP3-

FLAD combined with importance-weighting allows the policy to handle non-stationary

reward-generating processes.

5.3.3 Adapting the UCBI1 algorithm.

UCBI1 background. While EXP3-FLAD is applicable in unconstrained settings with

highly stochastic and non-stationary rewards, it can be outperformed by other algorithms
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in settings that are constrained. One such algorithm is the upper confidence bound (UCB1)
algorithm [144], which was originally designed to be optimal for stationary, normally
distributed reward functions. Nevertheless, variants of UCB1 have been demonstrated to
be effective in a range of settings, such as those involving non-stationary, sub-Gaussian,
or heavy-tailed distributions [160] 16I]. The UCBI algorithm and its variants assign each
arm a value called the upper confidence bound based on Hoeffding’s inequality [162] and
are based on the principle of optimism in the face of uncertainty, meaning that with high
probability the upper confidence bound assigned to each arm is an overestimate of the
unknown mean reward.

In UCB1-FLAD, the learner greedily selects arms according to their upper confidence
bound. UCBI is originally designed for stationary reward-generating processes, so to
accommodate non-stationarity we include an exponential moving average when estimating
the mean reward for a given arm. Formally, let R,; be the observed reward for arm
a at turn ¢, then we calculate the estimated mean reward as f%a =(1- B)Ra + 8R4
where 3 is the smoothing factor. Then, we define the upper confidence bound to be
UCB,; = ]:Ea + % In the original MAB setting all interactions with the environment
occur online, but FLAD is a unique situation where the learner can interact with the
auxiliary data prior to training. To take advantage of this, rather than initializing
estimated rewards with a single mini-batch, we initialize them with larger data quantities
to improve the approximation of the true dataset gradients. This is done for each auxiliary
dataset by calculating the gradient V, = VyL(fp, x,y), where the number of samples in
{x,y} can be significantly larger than a mini-batch, and can be up to the size of the full

dataset. In practice, we use 1,000 examples which is computed in ~ 2 minutes on a single

GPU.
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Algorithms. The EXP3-FLAD and UCB1-FLAD algorithms are visualized in Figure
and pseudocode is found in Algorithms [2] and [3]

At each turn, both methods will first select an auxiliary dataset D,. EXP3-FLAD first
computes the current exploration rate & and samples D, according to the distribution
defined by m;(A), while UCB1-FLAD greedily selects D, corresponding to the arm with
largest upper confidence bound, a* = arg max,c 4 UCB, ;. Next, for both methods, the
environment samples a batch from the selected dataset, {x,y} ~ D,, and calculates the
gradient V, = VyoL(fy,x,y). Let G be the number of rounds between model updates,
then the previous steps will repeat G times, at which point the environment calculates
the gradient of the target dataset VoL(fy, D7) and updates the model w.r.t. Voy+5>" V,.
Finally, EXP3-FLAD calculates the importance-weighted reward for each auxiliary batch
using the observed rewards, while UCB1-FLAD calculates the smoothed estimated mean

reward.

Algorithm 2 EXP3-FLAD

Require: Dy, Dy: Auxiliary and target datasets

Require: fy: Parameterized model

Require: G: Gradient accumulation steps
1: Initialize: K = |A|; & = %; Vae A:V,=0, R, =1
2: fort=1,2,...,N do

3: é}zmin{%,«/%}

£ VaeA:in(a) « (1- K& 2ol 4 ¢,
5. Sample a ~ w(A) and batch {x,y} ~ D,

6: Vg Vo+ VoLl(fy,x,y)

7. if t (mod G) = 0 then

8: V1 < VoL(fo, D7)

9: Update model parameters w.r.t.Vq + Za Va
10: for all {a € A|V, # 0} do

11: Ry  Rq + 22

12: Va0

13: end for

14:  end if

15: end for
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Algorithm 3 UCB1-FLAD

Require: Dy, Dy Auxiliary and target datasets
Require: fy: Parameterized model
Require: G: Gradient accumulation steps
Require: [: Smoothing factor
1: Initialize: Va € A:n, =1, Ry = cos(VoL(fo,D7),VoL(fy,Ds))
2: fort=1,2,...,N do

~

3: a* =argmax R, + 2712’5

acA

4:  Sample batch {x,y} ~ Dy~

5. Vg < Vo + VoLl(fy,x,y)

6: Ng* $— Ng*x + 1

7. if t (mod G) =0 then

8: V7 < VoL(fy, D7)

9: Update model parameters w.r.t. Vyr+ 5>V,
10: for all {a € A|V, # 0} do
11: Ry < (1 — B)Ry + BRuy
12: Va0
13: end for
14:  end if
15: end for

5.4 Experimental setup

Models.

For our experiments, we utilize encoder-decoder Transformer models from

the T5 family of pre-trained language models [163]. Specifically, we experiment with

LM-adapted T5 (T5-LM) and T0. The T5-LM model further trains the T5.1.1 model

for 100,000 steps (corresponding to 100B tokens) from the C4 dataset [163] on the prefix

language modeling objective [72]. The T0 model was initialized from T5-LM and further

trained on a multitask mixture of prompted datasets as described by Sanh et al. [31].

We repeat each experiment with T5-LM XL (hereafter T5-XL) and T0-3B as our base

model. Both models use the same architecture with 2.85 billion parameters, and we used

model checkpoints from Hugging Face Transformers [49]).
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Target datasets. We obtain all datasets from Hugging Face Datasetd!] and cast them to
the text-to-text format by applying prompt templates from the Public Pool of Prompts (P3)
[79] that was used to train T0. To evaluate our few-shot methods, we utilize the same held-
out datasets as T0, which cover four distinct tasks: sentence completion (COPA [164],
HellaSwag [165], Story Cloze [166]), natural language inference (ANLI [167], CB [168],
RTE [169]), coreference resolution (WSC [170], Winogrande [I71]), and word sense
disambiguation (WiC [I72]). For each dataset, we randomly sample five few-shot splits
from their training data, containing the same number of training examples as previous
works, between 20 to 70 [I08], 173]. We further divide each split into equal training
and validation partitions for true few-shot learning [174](e.g. 10 train and 10 validation
samples for HellaSwag). Only ANLI datasets have a publicly available test set, so for all
other datasets we evaluate models on the original validation set (not utilized for few-shot

training or validation).

Auxiliary datasets. We compare the performance of our methods using two sets of
auxiliary data and never include any of the target datasets as part of auxiliary data. First,
we use the collection of datasets used for multitask training of TO (henceforth referred to
as TOMix), including 35 unique datasets covering question answering, sentiment analysis,
topic classification, summarization, paraphrase detection and structure-to-text. Second,
we utilize all datasets in P3 [79] (which forms a superset of TOMix) and prevent data
leakage by filtering out datasets that overlap with any target dataset, leading to 260
available datasets . For each auxiliary dataset, we use at most 10,000 of the dataset’s

examples.

Thttps:/ /huggingface.co/datasets
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Baseline methods. We compare our proposed methods with several FLAD and non-
FLAD baselines. Target-Only (non-FLAD) directly fine-tunes the base model on the
target dataset (i.e. without using auxiliary data). Explore-Only [10] is a commonly
used FLAD method which simultaneously trains on auxiliary and target data by mixing
auxiliary datasets equally. Originally called Multitask in [I0], we call this Explore-Only
because it is equivalent to continuously exploring auxiliary data and never exploiting
knowledge of its relation to the target data. Exploit-Only computes gradient alignment
prior to training (as in UCB1), and multitask-trains the model by mixing auxiliary
datasets according to a Gibbs distribution over the alignments (similar to that in EXP3),
resulting in an algorithm that exploits the relations determined prior to training, but
never exploring. Both explore- and exploit-only mix target and auxiliary data with a ratio
of M times the highest auxiliary sampling probability. For instance, explore-only with
M =5 and D4 = TOMix has a 1/35 probability to sample auxiliary dataset D, € Dy
and a 5/35 probability for the target dataset. Loss-Scaling [132] is a FLAD method
similar to EXP3 and UCB1; the main difference being that it scales auxiliary batch losses
by their gradient alignment instead of modifying sampling probabilities. Du et al. [132]
originally propose to use gradient alignment (Loss-Scaling (G A)), but we also propose

a version that scales losses by gradient magnitude similarity (Loss-Scaling (GMYS)).

Training details. For the target-only baseline, we use learning rates in {le-4, 3e-4}.
For all other methods, we always use a learning rate of le-4. For target-, explore-, and
exploit-only baselines we use batch sizes in {32,128}. For loss-scaling, EXP3-FLAD, and
UCBI-FLAD we use mini-batches of 8 samples and let G be in {4,16} to match the
batch size of all methods. For explore- and exploit-only, we use a target dataset mixing
ratio of M € {1,5,10}. For all experiments we use the Adafactor optimizer [I75] and

validation-based early stopping for model checkpoint selection. In preliminary experiments
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we consider rewards using gradients from various model partitions: the full model, encoder-
only, decoder-only, and the weights of the output vocabulary matrix (language modeling
head). We find that using the parameters from the language modeling head provides
the best performance and contains only 2.3% of the full model parameters, significantly
reducing memory consumption. For the smoothing factor, 5, in UCB1-FLAD we ran
preliminary experiments using values of {0.99,0.9,0.75,0.5} and found 0.9 to work well
across datasets. All reported scores use f = 0.9 and we initialize auxiliary dataset
rewards using 1,000 samples from each auxiliary dataset. For all experiments, we use
validation-based early stopping, and train for a maximum of 10,000 gradient update steps.
In practice, we find that early-stopping leads to significantly fewer than 10,000 updates,

usually between 50-150 for direct fine-tuning, and 1-2,000 for other methods.

Experiment procedure. The FLAD experiment process involves training a model that
is specialized for each target dataset. For each proposed method and baseline, we train
and evaluate a model on each of the 11 target datasets. We repeat training and evaluation
on 5 random seeds and include the aggregated results in Table [5.1] Each cell shows the
accuracy averaged across all 55 (11 target datasets, 5 random seeds) experiments. This
experimental process is performed for each training method on both models and auxiliary

datasets.

5.5 Findings and analysis

In Table we compare the empirical results of our MAB-based methods (EXP3-
FLAD and UCB1-FLAD) and corresponding baselines on 11 target datasets. For each
base model and auxiliary data combination (each column) EXP3-FLAD and UCBI-

FLAD outperform all the baselines. In fact, we find that for every single task our
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BAseE MODEL T5-XL T0-3B

Training Method \ Auziliary Data | TOMiz P3 TOMix ‘ P3
Target-Only 52.82 56.44
Loss-Scaling [132] (GA) 53.22 | 55.19 | 59.47 | 60.66
Loss-Scaling [132] (GMS) 55.98 | 56.40 | 60.47 | 60.70
Explore-Only [10] 59.18 | 60.64 | 61.17 | 62.77
Exploit-Only [10] 59.79 | 60.49 | 60.87 | 62.87
EXP3-FLAD (R%4) 61.50 | 64.07 | 62.87 | 65.98
UCBI-FLAD (R%4) 62.01 | 65.52 | 62.35 | 66.29
EXP3-FLAD (REMS) 61.72 | 65.57 | 62.78 | 65.51
UCBI-FLAD (REMS) 61.67 | 65.21 | 62.85 | 66.00
EXP3-FLAD (RACY) 62.05 | 65.47 | 62.84 | 66.84
UCBI-FLAD (RAGY) 62.08 | 65.63 | 62.93 | 66.29

Table 5.1: Main results. Each cell contains the score of training a base model
(top row) with auxiliary data (second row) using the specified training method (left
column), averaged across 11 target datasets on 5 random seeds (each cell is the average
of 55 experiments). Target-Only does not utilize auxiliary data. Bolded scores are
those with highest mean for a given base model and auxiliary dataset (column-wise),
underlined scores are those where a Wilcoxon rank-sum test fails to find significant
difference from the highest score (p > 0.05).

methods always perform equal to or better than the baselines. This demonstrates that
our MAB-based methods provide a strong improvement in few-shot generalization over
previous FLAD methods. For a fair comparison where each method utilizes equal data,
we compare the performance of Target-Only using T0 and TOMix (56.44) against the
proposed FLAD methods and baselines using T5 and TOMix (left column). From this
comparison it becomes clear that Loss-Scaling actually does worse than multitask training
followed by direct fine-tuning by 0.5-3.2%. However, we do find that the remaining FLAD
methods lead to improvements (between 2.7-5.6% absolute improvement). We find small
performance differences between EXP3-FLAD and UCB1-FLAD across the three reward
functions. In general, RA% leads to the best performance, but we perform a two-sided
Wilcoxon rank-sum test to check for significance between average scores and find that the

other rewards frequently have no significant difference (p > 0.05).
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The importance of prioritized sampling. Loss-Scaling was originally proposed for
use with only a single auxiliary dataset and it was unclear, a priori, how it would cope
with larger quantities. Additionally, Du et al. [132] purposefully choose an auxiliary
dataset that is related to the target, while in our setting we make no such assumptions.
We find that our methods outperform Loss-Scaling methods by 6.3% on average. In
Figure we show that, over the course of training, the value of gradient alignments and
gradient magnitude similarities for most datasets will converge to 0, leading to very small
gradient updates for Loss-Scaling. More importantly, the auxiliary data that is relevant
to the target task is seen less frequently for Loss-Scaling than our MAB-based methods.
This can be seen by comparing the difference in performance of Loss-Scaling methods
when using less (TOMix) vs. more (P3) auxiliary data. We find that, at best, Loss-Scaling
(GA) improves 2% when using T5 and, at worst, only 0.2% for Loss-Scaling (GM S) with
TO. This is compared with the notable improvements of EXP3-FLAD and UCB1-FLAD

of 2.6-4% when considering the same data increase from TOMix to P3.

The importance of exploration and exploitation. Interestingly, we expected that
Exploit-Only would outperform the Explore-Only method because it utilizes relational
information between the target and auxiliary tasks, but find no statistical difference
between the methods (two-sided Wilcoxon rank-sum test gives p > 0.05). Furthermore,
when comparing the ability to leverage additional auxiliary data (i.e. going from TOMix to
all of P3), we find that the improvement for Explore- and Exploit-Only methods is minimal
with only 0.7-2% improvement. On the other hand, EXP3-FLAD and UCB1-FLAD show
a notable improvement of 2.6-4%, emphasizing the importance of both exploration and

exploitation, particularly when dealing with large collections of auxiliary data.
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Figure 5.2: Comparison of state-of-the-art few-shot methods with FLAD
methods trained on P3 using RAGG. T-Few scores are from [I73]. DEFT-Few
scores are from [I48]. GPT-3 scores are from [I08] and utilize few-shot in-context
learning. All models utilize the same number of few-shot examples and (other than
GPT-3) have 3B parameters.
FLAD provides improved generalization over non-FLAD methods. Next, we
compare the performance of our best models trained on P3 using R4““ with state-of-the-
art few-shot methods: T-Few, DEFT-Few, and GPT-3. T-Few [173] is a variant of the
T0-3B model that multi-task pre-trains parameter-efficient (IA)? modules followed by
target-only fine-tuning of the (IA)* modules. DEFT-Few [148] is a variant of the T5-XL
model that uses retrieved auxiliary data for multi-task training. It first trains a T5-XL
model on the 500 nearest neighbor samples from P3 using 1000 unlabeled target dataset
samples, and then performs few-shot target-only fine-tuning with the (IA)? modules
from Liu et al. [I73]. Finally, we also compare against the 175 billion parameter variant of
GPT-3 [108], which utilizes in-context learning. We find that, on average, models trained
using our FLAD-based methods outperform all other methods and, to the best of our

knowledge, our methods lead to the first 3 billion parameter model that outperforms
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GPT-3 on this dataset mixture (previous smallest models have 11 billion parameters),
despite using 62.5 times fewer parameters than GPT-3. Additionally, we find that our
FLAD-based methods provide robust performance across datasets, achieving the best
or second-best performance on 8/11 datasets, and never performing worst. The use
of task-specific modules lead T-Few and DEFT-Few to significant improvements over
target-only fine-tuning, preventing the models from ending up in poor local minima.
However, these results demonstrate that with the same data, simultaneously fine-tuning
with auxiliary and target data leads to improved few-shot generalization, providing a

complementary means of improving performance.

Investigating the Reward-Generating Processes. In Section[5.3.2] we mention that
due to the highly non-convex loss landscape and the use of stochastic gradient descent-
based optimization techniques, we cannot ensure that our reward generating process is
stationary, independent across auxiliary datasets, or follows a normal distribution. To gain
a deeper understanding of our reward-generating processes, we examine the distribution of
each reward using 5,000 samples from all 35 auxiliary datasets of TOMix and 32 samples
from a few-shot target dataset, WSC [I70]. The resulting histograms at every 100 steps
can be found in Figure[5.3] The left side of Figure demonstrates that for R4, almost
every dataset yields a Gaussian reward distribution, with a few multi-modal distributions.
Notably, WikiBio [I76] (dark orange) exhibits peaks at 0.25 and -0.75. Interestingly, R4
results in polarized rewards across datasets, with minimal distribution density between
-0.75 and 0.25. In contrast, the right side of Figure displays more non-Gaussian

REMS " as well as flatter distributions compared to R“4. Remarkably, we

distributions for
observe that R4 produces more stationary reward distributions, as the distribution for
almost every dataset (30/35) converges rapidly towards 0 after only 100 steps. Although

most distributions for REM* also converge towards 0, the convergence occurs at a slower
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Figure 5.3: Reward distributions of and prior to training (step 0)
and every 100 gradient updates thereafter for the T5-XL model with TOMix as the
auxiliary dataset and WSC [I70] as the target dataset. Each histogram shows the
reward distributions for all 35 auxiliary datasets. By step 300 most auxiliary datasets
provide 0 reward, while only the few remaining “beneficial” datasets provide positive
rewards.
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pace, taking nearly 500 steps.

Probing the training dynamics. To better understand the training dynamics of our
proposed methods, we perform a case study on T5-XL with TOMix and R4 and find
two datasets where either algorithm improves significantly over the other . First, we
study RTE, where UCB1-FLAD outperforms EXP3-FLAD. We calculate the empirical
distribution of samples seen from each auxiliary dataset and find that EXP3-FLAD
samples nearly uniformly from all datasets while UCB1-FLAD forms a bimodal sampling
distribution with peaks at 2.5% and 3.25% (30% relative difference). The uniformity of
the EXP3-FLAD distribution is counterintuitive, as we do find that it achieves separation
between auxiliary tasks in the cumulative estimated reward , but this does not lead to
separation in the sampling probability space. Additionally we find that even on COPA,
where EXP3-FLAD outperforms UCB1-FLAD, EXP3-FLAD still achieves good separation
between cumulative estimated rewards, but has a unimodal sampling distribution, while
UCB1-FLAD does not have as clear of a bimodal distribution as in RTE. The difference
in empirical sampling distributions is likely due to the difference between the greedy
policy of UCB1-FLAD and the stochastic policy of EXP3-FLAD. Empirically, we find
that EXP3-FLAD very rarely assigns an auxiliary dataset a probability < 1%, leading
to many “bad” batches over the course of thousands of turns. On the other hand, the
optimistic policy of UCB1-FLAD spends much less time exploring and will sample “bad”

batches much less frequently.

The effect of scaling |A|. To assess the scalability of our proposed methods, we
conduct a study by varying the size of | A| € {35,75,125,175,225,260}. For each value of
|A|, we consistently include the 35 datasets from TOMix and randomly select additional

auxiliary datasets from P3 until we reach the desired |A|. The study is performed on the
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same 11 target datasets as the main study, using the TO base model and RA%¢ reward.

The experiment is repeated with three ran-

dom seeds. Figure [5.4] shows the mean

across the 11 target datasets, along with .

the standard deviation between seeds. 0661 £

. -

We find that both EXP3-FLAD and §°%]

UCBI1-FLAD experience a sharp increase <"

from |A| = 35 to 75. In addition, we ob- —— EXP3-FLAD

0627 UCB1-FLAD
serve improvements up to the maximum 50 160 150 200 250

# of Auxiliary Datasets
value of |A| = 260, ultimately improving
accuracy by 2.54 for EXP3-FLAD and 3.12 Figure 5.4: The effect of scaling |A| on
target task performance. Each line repres-
for UCB1-FLAD when transitioning from ents mean score across 11 datasets and three

random seeds, with shaded regions falling betw-

35 to 75 datasets, with further increases of .., one standard deviation of the mean.

1.54 for EXP3-FLAD and 0.47 for UCB1-
FLAD when increasing |A| from 75 to 260.

5.6 Discussion

Discussion on reward functions. In FLAD we want to prioritize training on auxiliary
datasets with similar solution spaces as the target task without overfitting to the few-shot
target data, and our reward functions are designed to serve this goal. To better understand
the reward signal of our aggregate reward, RA%“, we examine four combinations of rewards:
low RE4 and REM9 high R4 but low REMS | low R4 but high RS, and high R4
and REMS. When both rewards are high, we can assume that the auxiliary gradient is
useful. However, when one reward is high and the other is low, it is difficult to draw

conclusions as a high R%4 on its own means the auxiliary gradient will update weights in
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the right direction, but low REM3

can mean that we significantly overshoot or undershoot
the target, where overshooting can be much more detrimental than undershooting. If
both RE4 and REMS are small, we know the auxiliary gradient leads us away from the
target solution space, but we don’t know if its magnitude is much larger or smaller than
the target. At the beginning of training, we can’t know if the target or auxiliary gradient
has larger magnitude, but as training progresses, it becomes significantly more likely that
the auxiliary gradient is greater than the target. Thus, when both R4 and REMS are
low, we are likely to be pulled far from our current solution.

This study uses training set-based rewards, but validation set-based rewards are also
possible. One downside of validation-based rewards is they calculate validation score
frequently, which increases computational complexity. Additionally, we focus on the
few-shot setting and use validation-based early stopping. If we use a validation-based

reward, then to prevent overfitting we will need to further split the data into 3 partitions:

train, early-stopping validation, and reward-validation.

Choice of baselines. With respect to the number of auxiliary datasets |.A| and target
datasets | 7|, our methods and the baselines we compare against have a computational
complexity of O(|T]), independent of |A|. For our model and these baselines, the models
we train require ~ 6 GPU-hours per target dataset. If we were to consider a baseline
whose computation grows linearly w.r.t. [A|, O(|A||T|) (e.g. [140]), these experiments
would not be feasible without a large amount of hardware: Training such a model with
TOMix would take over 200 GPU-hours (over 8 GPU-days) for a single target dataset,
and over 1500 GPU-hours (over 2 GPU-months) when using all of P3.

How does FLAD relate to few-shot learning and multitask learning? Both

few-shot learning and FLAD are concerned with optimizing model performance on a
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single target task with a limited number of examples from the target task. In few-shot
learning, the model is given only the target task data Dy and there is no auxiliary data.
Effectively, D4 is the empty set for few-shot learning. In contrast, for the FLAD setting
|D 4| > 1. Based on the findings from this study, we highly recommend that practitioners
utilize auxiliary data when it is available.

Multitask learning is concerned with optimizing a model for performance on multiple
target datasets simultaneously. This is in direct opposition with the FLAD methods
presented here, which aim to optimize a model for a single target task. However, it
is possible to extend our MAB-based methods to optimize for multiple target tasks
simultaneously by aggregating multiple rewards. We believe this would make for an

interesting future study.

Limitations. One of the implicit assumptions in the FLAD setting (made in this chapter
and all prior works) is that there is at least some auxiliary data that will be useful for the
target task. However, one of the main distinctions of our methods from prior works in the
FLAD setting is that prior works make a strong assumption that all auxiliary data are
useful, and thus appropriate auxiliary datasets must be hand-picked by humans. On the
other hand, our methods allow for only a small portion of the auxiliary data to be useful —

our proposed algorithm explores to find useful auxiliary datasets and then exploits them.

Where else can MAB-Based FLAD methods be applied? The methods proposed
in this chapter can be applied in a variety of other settings. Due to the similarities of the
multitask setting and the FLAD setting, the proposed methods can be applied in any
setting which has a plethora of labeled data for non-target tasks and a limited amount of
data for the target task. For instance, our MAB-based FLAD methods can be applied in

computer vision [93] [105], multimodal [I77, 178], and multilingual [179, [8, 180] settings.
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Furthermore, because these methods rely only on gradients, and not on any features
specific to language, it should also be possible to extend these methods into vastly different
domains, such as robotics [181), [182] or time-series forecasting [183], [184] [185] to further

improve their generalization capability to low-resource situations.
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Chapter 6

Improving Language Model Pretraining,

Efficiently

Modern large language models are trained on data from a variety of domains (e.g.
GitHub, Wikipedia, books, web text). Prior works have demonstrated that the exact
mixture proportion of each domain in the training mixture can greatly impact the model’s
performance [I86]. Additionally, pretraining large language models is computationally,
and fiscally, very expensive. For example, BLOOM [187], a 176-billion parameter model,
was trained for 1,082,990 GPU-hours (on 80Gb A100 GPUs).

In this chapter, we focus on improving the data efficiency and performance of pretrained
language models by selecting a better training data mixture. Motivated by the success of
multi-armed bandits in Chapter [5 we view each data domain as the arm of a multi-armed
bandit, and design a reward that aims to maximize the new information content of future
training data. We show that not only does this formulation of data mixing lead to
improved performance, but can significantly improve data efficiency, potentially reducing

costs of training large models in the future.
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6.1 Introduction

It is well-known that the training data for machine learning models has a significant
influence on their performance. In particular, the data used to pretrain large language
models (LLMs) can be a major factor in the performance of a given LLM. For example,
the 28 different 7-billion parameter models on the Open LLM LeaderboardE] have scores
varying from 34.92 to 56.26 even though they all use nearly the same model architecture
and training process [I88]. It is a widely accepted view that pretraining is performed so
that models can absorb large quantities of information [108, 189, 190], and later training
stages such as target task fine-tuning [3], instruction fine-tuning [191], and RLHF [192]
primarily refine the model for a specific purpose. This perspective raises the important
question of how best to choose pretraining data for training LLMs.

Language models are generally trained on data collected from a variety of domains in
hopes that data diversity will lead to a higher-quality model, but the data mixing strategy
to use (i.e. how frequently to sample data from each domain) during training is an open
question. For example, when introducing The Pile [193] dataset (consisting of data from
22 domains), the authors suggest higher sampling weights on academic texts and those
domains that they felt would provide high-quality data, but these weights are determined
using intuition and heuristics, raising the question as to whether a more performant set of
weights could be found. The recently proposed DoReMi algorithm [186] was specifically
designed to automatically determine a data mixing strategy for LLM training. DoReMi
optimizes domain weights that maximize the information gained of a “proxy” model over a
“reference” model, but requires training multiple models, reducing the method’s efficiency.
Additionally, we show in this chapter that their sampling weights don’t transfer well

across models and thus requires training new ‘“reference” and “proxy” models in order to

'Open LLM Leaderboard accessed on 10/02/2023, 28 models includes only pretrained models without
fine-tuning, instruction-tuning, or RL-tuning.
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Figure 6.1: Validation perplexity, unweighted average over 22 domains from The Pile [193].

determine the best weights for each new model architecture or tokenizer. These additional
steps and considerations reduce the effective efficiency of DoReMi and further increase
the already expensive cost of training large language models. Furthermore, both DoReMi
and The Pile fix weights throughout training and therefore cannot adapt to changing
dynamics over the course of pretraining.

In this chapter, we follow the principle that the best data to train on is the data
that maximizes information gained and that a data selection method should introduce
negligible computational overhead. Motivated by the success of multi-armed bandits
(MAB) for auxiliary data selection in few-shot LLM fine-tuning in the previous chapter,
we view each data domain as the arm of an MAB and design an algorithm that optimizes
the data mixing distribution in an online fashion, thereby adapting to changing training
dynamics. Recalling from information theory that perplexity can be thought of as a
measure of model uncertainty and the expected information gain from learning the next
token, we aim to increase the mixing ratio for domains with the most information to be
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learned. We therefore utilize the training loss per domain as a reward for our multi-armed

bandit algorithm, which fortuitously requires minimal overhead to compute.

6.2 Online Data Mixing (ODM)

In this section, we first define the setting under which online data mixing for language
model pretraining takes place (outlined in Figure . Then, we formulate the online
data mixing problem under the multi-armed bandit (M AB) setting, and describe our
reward function which measures information gain and is very efficient to compute. Finally,

we describe our algorithm for ODM and present pseudo-code in Algorithm [4]

Problem setup. Consider the setting where we are given K groups of data for language
model pretraining, where each group D; will be sampled according to the probability
defined by 7(D;). Each group D; could be assigned explicitly according to different
domains as in The Pile [I93], or they could determined via some automatic method (as
e.g. in [I94]). In traditional data mixing, each 7(D;) is fixed prior to training, but in
online data mixing, we let each 7(D;) be redefined at every training iteration. Given that
we want to update m(D;) at every training iteration, the problem this chapter attempts
to solve is how to update m(D;) so that the information content of the data being trained

on is maximized, and how to do so efficiently.

Adapting multi-armed bandits to data mixing. We adopt the multi-armed bandit
(MAB) framework to attack the online data mixing problem by formulating it as a
Markov decision process [153] that is played over N turns. We design our approach
based on Exp3 (Ezponential-weight algorithm for Ezploration and Ezploitation) [143].
Exp3 defines the policy as a Gibbs distribution based on the empirically determined

importance-weighted reward of dataset proportions [159] and allows for exploration by
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Figure 6.2: Overview of Online Data Mixing (ODM) as a multi-armed bandit.
At each iteration of training, ¢, a dataset D; is sampled according to the data mixing
distribution 7. The loss Lp, is calculated w.r.t the model fy and subsequently used to
update the model. Simultaneously, a reward R; is calculated and used to update 7 for
the next iteration, 7 + 1.

mixing the Gibbs distribution with a uniform distribution [143]. Let & represent the
exploration rate at time step t, then the probability of selecting dataset D; € D is defined
by 7 as the linear combination of Gibbs and uniform distributions

(D) = (1-K St)m +&; where ]A%i,t is the moving average of the importance

2o, exp(&—1Rj)

weighted reward Ri,t = OéRi,t—l +(1—-a) o=

m—1(D;)

. We adopt the decaying exploration rate
from Seldin et al. [I59], defined at turn ¢ as & = min{%, \/1}1(:[: } The main deviation
of our method from Exp3 is the use of a moving average estimated reward instead of a
cumulative estimated reward. Under normal MAB settings, rewards at each turn are
weighted equally, but in our setting we care most about recent rewards. Thus, we still

account for past rewards through the use of a moving average, but rewards from the past

are weighted less and less moving further into the past.

Designing the reward function. When designing our reward function we have 2
main goals: (1) ensure that the policy favors data with the highest information content,

and (2) minimize the computation required. To achieve these goals, we define the reward
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to be the current loss for a given dataset group. Formally, at turn ¢, suppose that dataset
D; is sampled from (D), and a batch is sampled as {x,y} ~ D;. Then, the reward is
simply R;; = L(f,x,y). By formulating the reward as the training loss on a dataset,
we add no additional forward or backward passes through the model beyond standard
training procedures, minimizing the computation required. Additionally, as discussed in
section perplexity (the exponentiated loss) is a measure of expected information gain
from each token in a sequence. Thus, by assigning a high reward to datasets with high

perplexity, we favor data with the highest information content.

Algorithm 4 Online Data Mixing (ODM)

Require: D = {D;,...,Dg}: Grouped dataset

Require: fy: Parameterized model

Require: L: Loss function

Require: G: Gradient accumulation steps
1: Initialize: K = [D|; & =4; Vie{l,....,K}:R; =0
2: fort=1,2,...,N do

3 &= min{%, \/%} > Update the exploration rate
4: w(D):7(D;) « (1 — th)% +& > Calculate the mixing distribution
5 Vi=1,2,...,K:Lp, =0 > Reset group losses
6: forg=12,...,Gdo

7 Sample D; ~ m(D) and sample a batch {x,y} from D;

8: Lp, < Lp, + L(fy,x,y) > Record group losses for reward updates
9: end for

Update model parameters w.r.t >, VoL,
10:  for i € {1,..., K} where Lp, # 0 do

11: R, + ozf%i +(1—a)lp, > Update estimated rewards
12:  end for
13: end for

Online data mixing algorithm. Our algorithm is shown in pseudocode in Algorithm [4]
and runs as follows: At each turn, the exploration rate & is calculated and the policy
7 defines a sampling strategy over all K datasets D; € D. Since we are dealing with
LLM pretraining which typically uses a large batch size, we assume that we will have G

gradient accumulation steps. For each accumulation step we sample one of the datasets
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D;, then sample a batch {x,y} ~ D; and calculate the loss Lp,. After accumulating
losses, we calculate the gradient w.r.t. # and update the model. Finally, for each sampled
dataset D;, we calculate a reward R; that is used to update the policy 7 for the next
turn. As a practical method to reduce the very high variance of losses at the beginning of
language model training, we include a warmup period during which the model trains, but
the policy remains stationary. In practice, we find a warmup period of 1% of total steps

to be sufficient.

6.3 Experimental Setup

Training. For our experiments we use The Pile [193], an 825Gb open-sourced lan-
guage modelling dataset comprising 22 smaller datasets from various domains including
Wikipedia, Github, and PubMed Central. We train decoder-only style transformers
using an adapted version of the GPT-NeoX library [195]. For all experiments, we train
a 1 billion parameter model using the model configuration of Pythia [196]. We explore
values of @ € {0.25,0.5,0.75,0.9} in preliminary experiments, and let « = 0.5 for all the
experiments shown here as this was marginally better than the other values. We train
using a batch size of 60 sequences per GPU, and accumulate gradients across 8 GPUs in
parallel (G = 8) to reach a total batch size of 480 samples. We let the sequence length be
1024 and pack sequences together [197]. We train for a total of 100,000 steps, reaching 50
billion tokens. For ODM, we initialize the domain weights using those defined by The
Pile.

Our 1-billion parameter model uses a sequence length of 1024, has 16 layers with a
hidden size of 2048, 16 attention heads, and rotary positional embeddings [198]. We use
FlashAttention [I99] to reduce training time. We use the Adam optimizer [I123] with a

linear warmup over 1000 iterations from a minimum learning rate of 2.5e-5 to a maximum
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learning rate of 2.5e-4, and then decay the learning rate with a cosine schedule down to

the minimum of 2.5e-5 again. We use the GPT-NeoX-20B tokenizer [200].

Evaluation. To validate the performance of our approach and the baselines, we com-
pute perplexity on held-out validation and test data from each domain of The Pile.
Additionally, we evaluate each model on downstream capabilities by performing multiple

choice classification on the 57 tasks from MMLU [201]. For each task in MMLU we use 5

in-context examples.

Baselines. We compare the performance of our method against that of the original
domain weights suggested by The Pile [193|, and refer to it as The Pile Weights (TPW).
Additionally, we compare with the domain weights proposed by DoReMi [186], but
empirically find that the weights do not perform as published. However, after discussion
with the authors, we attained weights that were re-calculated on the same tokenizer as
ourd?l The original DoReMi weights are computed with a 256k vocabulary tokenizer while
we use a 50k vocabulary tokenizer, so to specify each DoReMi baseline we name them

DoReMi-256k and DoReMi-50k.

6.4 Findings and analysis.

In Figures [6.1] and we compare the perplexities of training models using ODM
with the baseline data mixing methods. Table shows the average 5-shot accuracy on
MMLU of ODM and baseline methods.

Main results. Figure [6.1] shows that ODM achieves the final performance of the

originally suggested Pile weights (TPW) with 30% fewer iterations, and 19% fewer than

2Tt is hypothesized by the authors of [186] that different tokenizers may lead to different domain
weights, but is still an open question why that may be the case.
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Figure 6.3: Test perplexity on average, and on 22 individual domains.

DoReMi-50k. Additionally, Figure shows that ODM’s final validation perplexity is
4.8% lower than TPW, 2.4% lower than DoReMi-50k, and 4.9% lower than DoReMi-256k,
emphasizing how the DoReMi method is not transferrable across models. These results
show that ODM improves the training efficiency compared with static data mixing methods.
Additionally, Table shows that ODM leads to better downstream performance in
5-shot classification tasks, improving over TPW by 3%, and DoReMi-50k by 1.9%.

Figure shows the test perplexity of

each method on held-out data as well as Method Accuracy

h lexity. isingl
the average perplexity. Surprisingly, we The Pile Weights 0.27469

find that the original domain weights re- DoReMi-256k 0.97596
ported for DoReMi [] (DOReM1—256k) DoReMi-50k 0.27887
leads to test perplexity that is, on average, ODM 0.28416

0.7% worse than The Pile Weights, in direct

Table 6.1: Average 5-shot accuracy on

contradiction with their original findings. MMLU

However, DoReMi-50k does improve over

The Pile Weights by 2.6%, demonstrating that the domain weights determined by the

97



Improving Language Model Pretraining, Efficiently Chapter 6

DoReMi method do not transfer well across models.

The effects of data mixing optimization objectives on individual domain
performance. Here we compare the empirical effects of the contrasting optimization of
objectives of ODM and DoReMi on individual domains. Recall that the reward function
used in ODM favors dataset groups with the greatest information gain (highest loss) at
each step, and that DoReMi’s objective is to maximize the information gain of a “proxy”
model over a “reference” model (i.e. “minimize the worst-case excess loss”). To see these
different objectives in effect, we group the performance of each method into one of three
buckets: best, worst, or in the middle, where the ideal method would have all 22 domains
in the “best” category. Interestingly, we find that The Pile Weights are almost evenly
distributed across all 3 buckets, doing worst in 7 domains, best in 7, and in the middle
for the remaining 8. As expected from a method that optimizes for the best worst-case
scenario, we find that DoReMi-50k’s test perplexity is often not the best or the worst,
but falls in the middle. In fact, 17/22 domains are in the middle, only performing best on
three domains (PubMed Abstracts, StackExchange, and Wikipedia_(en)), and worst on
only two domains (BookCorpus2 and OpenSubtitles). On the other hand, using ODM
leads to the best perplexity on 9 domains, with 9 more in the middle, and only performing
the worst on 4 domains (Books3, Github, OpenWebText2, and Pile-CC). Notably, two
of the domains where ODM performs worst are web text domains but this decreased

performance does not seem to have a negative impact on downstream performance.

What does ODM’s sampling policy look like? In Figure we show the cumula-
tive sampling distribution of each domain over the course of training. Note that ODM
is initialized with The Pile Weights, which are the initial values on the left. Figure |6.4

highlights the three datasets whose mixing ratio increased the most (PhilPapers, Hack-
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Figure 6.4: The cumulative sampling distribution of ODM calculated as the
samples per domain out of the total number of samples trained on. Highlighted lines
are the six domains whose final sampling distributions have increased/decreased the
most from initialization.

erNews, and BookCorpus2), and the three datasets whose mixing ratio decreased the most
(Github, ArXiv, and PubMed Central). It is evident from this figure that ODM finds
a sampling distribution which is closer to uniform than The Pile Weights. We also see
that the distribution for most domains stabilizes early on in training (~ 40000 iterations).
Beyond the 40000 step, the distribution is still changing, but at a much lower rate. For
example, we see that the mixing ratio for Github is still decreasing and the ratio for both

BookCorpus2 and HackerNews are increasing all the way until the end of training.

Why does ODM’s validation perplexity start off high? Figure [6.1] shows that
although our method outperforms the baselines, at the beginning of training ODM actually
has higher perplexity than other methods. We believe that this is due to the homogeneity
of the micro-batches used in ODM, whereas other methods see a greater mixture of data

in each batch. In preliminary experiments we trialed a version of ODM that uses data
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from a single domain in all gradient update steps, and found that this exacerbates the
phenomena leading to a perplexity that starts even higher. This suggests that one of
the weaknesses of our method is the requirement that each batch comes from the same
grouped dataset. This problem can be alleviated by decreasing the micro-batch size, but
this comes with technical considerations as simply decreasing micro-batch size will reduce
GPU utilization, and lead to slower wall clock time. Likely, a better solution would be
to mix domains within micro-batches during the warm-up phase, which would lead to
validation perplexity exactly the same as The Pile Weights, but gaining the advantages of

ODM after the warm-up.

Limitations and Future Directions Some prior studies have found that adding code
data to pretraining can lead to improved reasoning within models [202], but we find that
ODM heavily downweights the GitHub domain. Why is this, and what can we do about
it? Firstly, the low reward found from the GitHub domain is likely due to the limited
number of tokens used in code data, leading to an implicitly lower perplexity, rather
than code being less informative than other domains. This is one inherent limitation
of measuring information gain based on tokens, which our method does not currently
overcome. Our method does not directly calculate information gain, but rather the
perplexity of each domain. For reference, given a sequence of 7" tokens, the information gain
of the last token ¢ is calculated as I1G(tr, {t1,...,tr—1}) = H(tr) — H(tp|{t1,. .., tr-1}.
If we were to estimate the entropy of each domain as H(D), then we can estimate the
average information gain on a specific sample, using the estimated entropy and the
empirical conditional entropy of a sequence, as %EiTzllG(ti]{tl, .o tiq}) = H(D) —
%Zleﬂ(tﬂ{tl, ..., ti—1}). Of course, the additional estimation of H(D) will incur an

efficiency loss compared with the current method, so there will need to be a trade-off

between adding compute and the potential performance gains.
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Next, while our ODM method shows promise, it does not take into account any specific
downstream use cases. For example, if it is known ahead of time that the model being
trained will be used to generate scientific articles, then it will likely be useful to spend
more compute time on ArXiv and PubMed scientific articles. However, our method
purposefully downsamples these domains compared with the original pile weights.

Furthermore, ODM does not explicitly take into account the quantity of data in each
domain, which could lead to some domains being repeated many times, while others still
have not been fully trained. In theory, our reward function implicitly takes this into
account by assigning a lower information gain (reward) to domains which are repeated if
their data distributions have been learned by the model. However, in the work, we do
not explicitly test for this setting. Previous works have found that repeating data up to
four times can lead to performance improvements similar to fresh (unseen) tokens [203].
Nonetheless, our method only guarantees that informative data is shown to the model,
but not necessarily new data.

In all, this work provides a good stepping stone for future improvements. Future
methods can combine some of the points discussed here, where the method use our very
efficient online reward, combined with a quantity- and heuristically determined mixing
weight. For example, if the goal of the model is to perform high quality reasoning, code
data can manually be upweighted according to some heuristically determined weights, in
combination with an additional weighting that considers the quantity of data in each sub-
domain of code data. Finally, some works have found that mixing supervised instruction-
tuning data into the pretraining can significantly improve models performance [96]. How
exactly to mix in the supervised data is certainly an open area of research, and all these

ideas in combination leave much room for future work.
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Chapter 7

Improving Cross-Linguality for

Open-Retrieval Question Answering

7.1 Introduction

One challenge of emergent domains is that the originating locality is unknown, leading
to the need for reliable information to cross language barriers. However, it is unlikely
that domain-specific information will be available across multiple languages for a new
domain. Furthermore, information rapidly changes in emerging domains, compounding
the challenge of accessing credible data.

An example of a prominent emergent domain is COVID-19, which quickly spread
across the globe. To combat the spread of misinformation about COVID-19, researchers
have developed open-retrieval question answering [204] systems which use large collections
of trusted documents. For example, Lee et al. [205], Levy et al. [206], and Esteva et al.
[207] develop open-retrieval QA systems using large corpuses of scientific journal articles.
However, because these systems focus on English, they leave a gap for implementation on
emergent domains that do not originate in English-speaking locations.
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Question:
"What are the et
symptoms of | - « Deep Semantic Retriever : R
COVID in . P . . Reading o
children?" . - ) . Comprehension -
. »| Multilingual ; : :
- > Encoder : : :
S Inner . ?'— .
* | Dense Multilingual i Product —> etneve ~> Span Extraction | .
. : : Search Documents . :
. Corpus Index . _ Y - :
Multilingual . . .
coRpA9 . Document
i . Re-Ranking

Title: Epidemiological and clinical characteristics of early COVID-19 cases, United Kingdom of Answer Translation

Great Britain and Northern Ireland. -
Most cases had cough, fever and fatigue.

Journal Text
Full Translation

Au niveau de ('ige, la proportion d'enfants ayant contracté la COVID-19 était moindre. [[EYIRE
des cas avaient de la toux, de la fiévre et de la fatigue. [EXETIELITEIIEREE] HICH
symptomes variaient en fonction de ['age, présentant une relation non linéaire avec cet élément.
Plus I'dge des cas de COVID-19 avancait, plus ils étaient susceptibles de développer de la fiévre, a
I'exception de ceux touchés par d'autres infections respiratoires. Le risque d'essoufflement
augmentait lui aussi avec ['age chez une grande partie des cas de COVID-19. Cette étude a apporté
un éclairage utile dans I'établissement d'une définition des cas. Elle a également fourni, pour
diverses modélisations, des indications sur la charge que pourrait faire peser la COVID-19.

At the age level, the proportion of children with VOCID-19 was lower. Most cases had cough,
fever, and fatigue. The sensitivity and specificity of symptoms varied with age, having a non-linear
relationship with this element. The more advanced the age of VOCID-19 cases, the more likely
they were to develop fever, with the exception of those affected by other respiratory infections.
The risk of shortness of breath also increased with age in a large proportion of cases of VOCID-
19. This study provided useful insight into the definition of cases, and for various models,
information on the potential burden of VOCID-19.

Figure 7.1: An overview of our cross-lingual COVID-19 open-retrieval question-answer-
ing system.

To address the limitations of prior systems, we implement a cross-lingual open-retrieval
question answering (XOR-QA) system that retrieves answers from a large collection of
multilingual documents, where answers may be in a language different from the question
[208].

In this chapter we take COVID-19 as an exemplar of an emergent domain and present

our system, which addresses two main areas of importance:

e Cross-linguality: The locality of an emergent domain is unknown ahead of time,
making cross-lingual QA essential. Additionally, because data can rapidly change in
emerging domains, new information may develop in multiple languages, motivating

the need for systems that function across many languages.

e Scarcity of training data: Data scarcity is an expected concern for emergent domains,
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but multilingual and cross-lingual data are even more limited. We demonstrate
that by employing automatic translation, alignment, and filtering methods, this

challenge can be overcome in low-resource open-retrieval QA.

This chapter provides in-depth technical descriptions of the individual components
of our cross-lingual open-retrieval question answering (XOR-QA) system: cross-lingual
retrieval and cross-lingual reading comprehension modules. Then, we describe how to
combine the components along with document re-ranking into the complete system, shown

in Figure [7.I and present several examples taken from our system.

7.2 Cross-Lingual Dense Retrieval

Training a dense retriever is challenging in low-resource settings, such as emergent
domains, due to the data-hungry nature of large language models. This challenge is
compounded in the cross-lingual setting, where we aim to train a model to encode concepts
from multiple languages into a similar location in the embedding space. In this section,

we discuss how we overcome these challenges.

7.2.1 Data

Cross-lingual retrieval requires two datasets; a large-scale multilingual corpus of
scientific articles from which to retrieve documents and a cross-lingual dataset for training
the retriever. However, a very limited number of COVID-19 datasets have been released,
few of which are multilingual and none of which are cross-lingual.

CORD-19 [209] is a large-scale corpus of scientific papers on COVID-19, however a
known limitation is that it contains only English articles. We draw inspiration from CORD-

19 to address the lack of a large scale corpus of multilingual

104



Improving Cross-Linguality for Open-Retrieval Question Answering

Chapter 7

COVID-19 scientific articles. For our sys-
tem, we use a manually collected corpus of
English abstracts from PubMed, some of
which have parallel abstracts in additional
languages. The corpus is collected using
the same query as described by Lu Wang
et al. [209] . We call this corpus multi-
lingual CORD-19 (mCORD-19), and the
language distribution can be found in Table

1l

Multilingual Cross-Lingual
. Context/ . Context/
Question Question
Answer Answer
English ——>» English English English
Spanish ——>» Spanish Spanish Spanish
Mandarin —>» Mandarin Mandarin Mandarin

Figure 7.2: Multilingual vs. cross-lingual
question answering: In the multilingual set-
ting, QA pairs exist for multiple languages in
a one-to-one mapping. On the other hand, in
cross-lingual QA questions may have answers
in any language, creating a one-to-many
mapping.

To train our retriever we utilize the
COUGH |[210] dataset, which is a multilingual FAQ retrieval dataset and consists of
COVID-19 QA pairs. Although COUGH is multilingual, containing samples in 9 dif-
ferent languages, COUGH does not contain any cross-lingual QA pairs. The language

distribution is shown in Table [Z.1]

7.2.2 Cross-lingual Data Generation

To address the lack of cross-lingual data in COUGH we draw inspiration from works
in data augmentation [211], 13| and introduce a modification of the dataset which we call
English-to-all (En2All), where we convert the dataset from the multilingual to cross-lingual
setting, as demonstrated in Figure [7.2] Because we are interested in a system which will
find non-English answers to English questions, we create En2All through two translation
processes. First, we translate the answer portion of every QA pair from COUGH into
eight languages: Arabic, French, German, Italian, Mandarin, Russian, Spanish, and

Vietnamese. Secondly, we translate the question portion of all QA pairs from any of the
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COUGH 9151 (en) | 1077 (es) | 778 (zh) | 697 (fr) | 573 (ja) | 531 (ar)
mCORD-19 | 172977 (en) | 1109 (es) | 951 (zh) | 711 (de) | 614 (fr) | 328 (pt)

Table 7.1: Top 6 languages by count for COUGH and the multilingual CORD-19

datasets.

fr-French, de-German, ja-Japanese, ar-Arabic, pt-Portuguese.

Language codes are the following: en-English, es-Spanish, zh-Chinese,

Answer Spanish | Mandarin | French | Arabic | German | Russian | Vietnamese | Italian
Language

En2All 8695 8441 8372 8231 8226 8156 8072 8003

Filtered

En2All 6620 5869 5635 5808 5867 4137 531 6568

Table 7.2: QA pairs in our En2All and Filtered En2All variants of the COUGH dataset,
where each question is in English, and the context and answer are in the language

specified above.

above languages into English{T|

As machine translation models do not perform perfectly, there may be instances within

En2All that contain poor translations. To resolve this problem, we utilize LaBSE [213],

an existing BERT-based sentence embedding model that encodes 109 languages into a

shared embedding space. The model is utilized to compare the alignment of translations

across different languages. We take the following steps to filter out any poor translations

in the data:

1. We step through the current En2All and calculate similarity scores between translated

answers and their original English answers. To do this, we have eight different

comparisons for each translated English QA pair.

2. Once the similarity scores have been calculated, we remove translations that do not

meet a threshold and are classified as poor translations.

After going through these steps, roughly one-third of the data samples from En2All are

removed for poor translations.

LAll translations are generated by the MarianNMT system [212] through the Huggingface Transformers

[49] library.
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7.2.3 Methodology: Deep Semantic Retriever

Our retrieval model is based on the dense passage retriever from Karpukhin et al.
[214]. In contrast to their work, we train a unified encoder that encodes both query and
corpus into a shared space. For the encoder, we train the multilingual BERT (mBERT)
[47] and XLM-RoBERTa (XLM-R) [215] models. Both models have been pre-trained
using a tokenizer which shares a vocabulary for over 100 languages, allowing the models to
encode all languages into a shared space. We train these models on the FAQ retrieval task
by maximizing the inner product of correct QA pairs and minimizing the inner product

of within-batch incorrect pairs.

7.2.4 Cross-Lingual Retrieval Evaluation

To evaluate our models in the large-scale open-retrieval setting we utilize the questions
from COUGH and En2All as our queries and the mCORD-19 dataset for our retrieval
corpus. Because we have no ground truth labels for correct documents, and indeed
there may be some unanswerable questions given this corpus, we measure model quality
through a fuzzy matching metric, Fuzzy Match at top k documents (FM@k). FM@k
utilizes the multilingual Sentence-BERT model from [2I6]P} Each of the top k retrieved
documents is split into it’s component sentences and embedded using the sentence-BERT
model. Next, each sentence is compared with the ground truth answer by calculating
the cosine similarity with the reference answer embedding from COUGH. If any of the
cosine similarities for that documents sentences are above a threshold, the document is
evaluated as a positive retrieval.

The results for our models and a BM25 baselind?| are found in Table [7.3l Since a

2We use the 'paraphrase-multilingual-mpnet-base-v2’ variant
3Implementation details at https://github.com/alon-albalak/X0R-COVID/tree/master/bm25
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COUGH coucH
Model (FM@5,100) +En2All
(FM@5,/100)
BM25* 18.6/41.4
MBERT s 22.8/49.5 26.4/50.7
+ En2All 28.0/54.9 27.7/51.7
XLM-Ripase 25.0/51.3 28.1/51.6
+ En2All 30.1/55.4 28.4/52.2
-+ Filtered-
EnoAll 32.9/56.7 30.9/53.4
XLM-Riarge 30.5/56.6 29.8/53.2
+ En2All 32.1/56.4 29.6/52.9

Table 7.3: Retrieval evaluation results. All models are trained on COUGH and
additional training data is denoted by "+". The middle column takes queries from
COUGH, the right column from COUGH and En2All. For both columns, the retrieval
corpus is mCORD. FM@5 and FM@100 are the fuzzy matching techniques proposed
to determine open-retrieval accuracy described in section [7.2.4] Because BM25 is not
cross-lingual, we translate it’s queries into all languages in order to fairly compare
against our cross-lingual models.
multilingual BM25 cannot perform cross-lingual retrieval, in order to fairly compare
against cross-lingual models, we translate all queries into every other language in the
mCORD corpus and then perform BM25 retrieval.

BM25 drastically underperforms compared to encoder models and demonstrates the
need for a dense retrieval model. Although encoder models outperform BM25 when trained
on multilingual data (COUGH), they are further improved by training on cross-lingual
data (En2All). Additionally, after filtering low quality translations from En2All, we see

further improvement in performance.
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7.3 Cross-Lingual Reading Comprehension

7.3.1 Data

To train our cross-lingual reading comprehension model, we would ideally use a cross-
lingual covid-specific question answering dataset. However, similarly to cross-lingual
retrieval no such dataset exists so we augment existing datasets.

Artetxe et al. [217] introduced XQuAD, a multilingual QA dataset composed of 240
paragraphs and 1190 QA pairs from SQuAD v1.1 which have been professionally translated
into 10 languages. We utilize XQuAD as a pretraining dataset before performing any
training on covid-specific datasetsﬂ Maller et al. [218] introduce Covid-QA, a covid-specific
QA dataset consisting of 2019 question-answer pairs, however, it contains english-only
data. We modify Covid-QA with translations from MarianMT [212] to generate two
dataset variants based on the multilingual and cross-lingual settings shown in Figure [7.2}
Multilingual Covid-QA (MCQA) and English-to-all (En2All). MCQA is a multilingual
version of Covid-QA, created by translating all QA pairs into 9 languages to match those
from XQuAD: Arabic, German, Greek, Spanish, Hindi, Mandarin, Romanian, Russian,
and Vietnamese. En2All is our cross-lingual variation of Covid-QA, in a similar spirit
to the cross-lingual variant of COUGH. Because Covid-QA is english-only, to generate

En2All we translate all contexts/answers into the same 9 languages as MCQA.

7.3.2 Methodology: Span Extraction

Similar to our dense semantic retriever, we train mBERT and XLM-RoBERTa models
for our reading comprehension task. We formulate reading comprehension as a span

extraction task, where each model learns to find start and end tokens which represent the

4We open-source our models pretrained on XQuAD at https://huggingface.co/alon-albalak
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MCQA  MCQA En2All

Model (EM/F1) (EM/F1)
MBERT e 20.0/57.5 19.6/55.4
+ XQuAD  21.2/57.7 20.5/55.6
+ En2All  19.3/56.1 19.2/55.8
XLM-Rppse  25.1/60.0 24.4/58.9
+ XQuAD  26.7/61.6 26.1/61.3
+ En2All 24.0/58.8 23.9/58.3
XLM-Rigge  26.5/62.7 26.4/62.2
+ XQuAD  29.1/62.1 29.0/61.7
+ En2All  26.3/61.1 26.6/60.8

Table 7.4: Reading comprehension evaluation results. All models are trained
on MCQA, and additional training data is denoted by "+". The left column shows
evaluation on a multilingual dataset where questions/contexts are always in the same
language. The right column additionally evaluates on a cross-lingual dataset where
questions are in english and context paragraphs may be in any language.

answer span in a document.

7.3.3 Cross-Lingual Reading Comprehension Evaluation

To evaluate our models in the reading comprehension task, we utilize the QA datasets
described in Section [7.3.1] We evaluate our models based on exact match (EM) and F1
metrics by comparing the predicted answer spans with ground-truth answers.

The results for our models are found in Table [L.4l We train each of our models on
MCQA and supplement it with data from XQuAD or En2All. Interestingly, we find that
although En2All improved models in the retrieval setting, it only hurt model performance
in QA. We also see that pretraining on XQuAD improves performance in all metrics for
both base models, but leads to a slight decrease in F'1 score for XLM-Rjarge. In our system,
we utilize XLM-Rj,rge Which was pretrained on XQuAD because it has only slightly worse

F1 score, but significantly higher exact match compared to the next best model.
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Ask any question about COVID-19!

Enter your question

What are the symptoms of covid in children?

Top Retrieved Articles

2020-01-01 -
Title: SARS-CoV-2 infection in children. Answer Translation
Journal Text Fever, cough, sore throat, fatigue, nostril current, and more rarely vomiting and diarrhea.

iki bin on dokuz Aralik ay! itibariyle Gin’in Wuhan bolgesinden baslayarak, tiim diinyayi etkisi altina  Full Translation
almis olan bir RNA virlisti olan SARS-CoV-2 tim yas gruplarini oldugu gibi gocuklari da
etkilemektedir. Iki bin yirmi Mart ay itibariyle Glkemizde de ilk olgular g&riilmeye baglanmistir.
Damlacik ve bu damlaciklarin kontamine ettigi ylizeylerden temas yoluyla yayilan SARS-CoV-2,
cocuklara genel olarak temasli olduklar eriskinlerden bulasmaktadir. Fekal-oral yayilim gibi diger
bulas yollari hakkinda kanitlanmig bir bilgi yoktur. Erigkinlere benzer sekilde cocuklarin ilk bagvuru
LN EIEWEIESIGE ates, Oksiriik, bogaz agnisi, halsizlik, burun akintisi ve daha nadiren kusm:
w bulunmaktadir.

As of December 2, 19, China's SARS-COV-2, an RNA virus that has influenced the entire world
from the Wuhan region, has affected children as well as all age groups. As of March 2, 20th, the
first phenomena began to be seen in our country as well. The droplet and the droplets are
emitted through contact with the surfaces of SARS-COV-2, which are generally linked to children.
There is no evidence of other infections, such as feal-oral emissions.

2021-04-16 +

2021-03-01 +

Figure 7.3: The main interface of our system. At the top is the search bar, where
the current query is "What are the symptoms of covid in children?" Below the search
bar are the three retrieved articles, ranked by relevance. In this example, the first
retrieved document has been expanded to show the title and original text in Turkish,
on the left. And on the right is the translation of the answer and the full document
into English.

7.4 Cross-Lingual Open-Retrieval Question Answering

Our system is composed of the retrieval and reading comprehension modules described
in sections and The full end-to-end system is shown in Figure After the
retriever has been trained, the mCORD-19 corpus is encoded and stored in the dense
multilingual corpus index. When a question is posed to the system, the query is encoded,
and a maximum inner product search is performed over the index to find documents most
similar to the query. Answers are then extracted from the retrieved documents and the
documents are re-ranked based on answer confidence from the span extraction model.
Finally, the answer spans and full documents are translated into English and presented to

the user with highlighted answers.
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Top Retrieved Articles

2020-01-01 -
Title: SARS-CoV-2 infection in children. ‘Answer Translation
Journal Text Fever, cough, sore th igue, nostril current, and more rarely vomiting and diarrhea.

iki bin on dokuz Aralik ay! itibariyle Gin'in Wuhan bélgesinden baslayarak, tim dinyay etkisi altina almis olan bir RNA virisii olan SARS-Cov-2  Full Translation
tim yas gu gibi da etil ki bin yirmi Mart ay! itibariyle ilkemizde de ilk olgular gGrilmeye baslanmistir

Damlacik ve bu damlaciklarnn kantamine ettig yizeylerden temas yoluyla yayilan SARS-CoV-2, socuklara genel olarak temasl olduklar 4s of December 2, 19, China’s SARS-COV:2, an RNA virus that has Influenced the entire world from the Wuhan reglon, has affected children as
eriskinlerden bulasmaktadir, Fekal-oral yayilim + bulas yollart haklkanda kanitlanms bir bilgi yoktur. Eriskinlere benzer sckilde gocuklarin ™<!! 29 211 2B€ B70UPS. As of March 2, 20th, the fist phenomena began to be seen in our country as well. The droplet and the droplets are

emitted through contact with the surfaces of SARS-COV-2, which are generally linked to children. There is o evidence of other Infections,
ilk basvuru yakinmalan arasinda | R ve daha nadiren kusma ve ishal [T TSEeET e . generaly .

such as feal-oral emissions.

2021-03-01 -

and clinical of early COVID-19 cases, United Kingdom of Great Britain and Nerthern Ireland Answer Translation

Journal Text Most cases had cough, fever ar

Auniveau de '3ge, 1a proportion d'enfants ayant contracté la COVID-19 était moindre SEVIREREERFFEERIRNS AN ERERRERIEE AR Full Translation

La sensibilité et la spécificité des symptdmes variaient en fonction de L'age, présentant une relation non linéaire avec cet élément. Plus
I'&ge des cas de COVID-19 avancait, plus ils étalent susceptibles de développer de la fidvre, & l'exception de ceux touchés par d'autres
infections respiratoires. Le risque d'essoutflement augmentait Lui aussi avec 'age chez une grande partie des cas de COVID-19. Cette étude a
apporté un éclairage utile dans Létablissement d'une définition des cas. Elle a également fourni, pour diverses modélisations, des indications
sur la charge que pourTait faire peser la COVID-19.

Atthe age level, the proportion of children with VOCID-19 was lower. Most cases had cough, fever, and fatigue. The sensitivity and specificity
of symptoms varled with age, having a non-linear relationship with this element. The more advanced the age of VOCID-19 cases, the more
likely they were ta develop fever, with the exception of those affected by other respiratory infections. The risk of shortness of breath also
increased with age in a large proportion of cases of VOCID-19. This study provided useful insight into the definition of cases, and for various

models, information on the potential burden of VOCID-19.

2020-01-01 -
Title: Smeltimpairment in COVID-19 patients: mechanisms and clinical significance. Answer Translation
Journal Text Some of the paties the SARS-CoV-2 virus identified have neul
i o Cephesnaiit caMTOM, TpeByo TutaTensHoii Most of them are not specific.
AubbepenwnanHOi AnarHocTHkw. Hmerotca RaHHbIe, TOM, UTO HAPYLIEHME DBOHAHMS HE CTONBKO

~RBMIAETCR MPHSHAKOM NATOOT MU MONGCTH HOCA  OKO/IOHOCOB X NA3YX, CKOMKO MOXET OKA3ATSCA NPORENEHIEM HEPOLETEHEPaTHBHSiX

Full Translation
HE SBNAETCA CreunduHEcKUM — ¥ Hebonsiworo npoueHTa
MALMEHTOS Ha (hOHE UAEKLYMN COVID-19 BHISENEHS! CYOPOrH, HAPYLISHUE COSHAMMS, 3 TAKKE OBHAPYEHO HanMIME PHIK 2019-NCOV & The results of numerous studies show that loss of smell is a serious symptom requiring careful differential diagnosis. There is strang evidence
CMHHOMOS OB 0if XHAKOCTY. MPUBOARTCR AGHHEIE O PAIEATUM HOBBIX CUMITOMOS SABANEBAHNMS, B BUE AHOCMAM U ANCTEES M. that ador impairment is not so much a sign of nasal pathology and diarrhea as it can be a manifestation of neuradegenerative diseases. Some.

patients with the detected SARS-CoV-2 virus have neurological symptoms. Most of them are not specific — headaches, dizziness, fatigue,
mialgia. A small percentage of patients with a COVID-19 infection 3 and RNA 2019-NCOV in
spinal fluid. Data on the development of new symptoms of the disease, in the form of anosmia and dysgesia, are given

Figure 7.4: The top 3 non-English results for the query "What are the symptoms of
covid in children?"

7.5 System Description
The system retrieves documents from our mCORD-19 corpus, which has been encoded

by the deep semantic retriever from section [7.2.3] We provide examples from our system

and

in Figures

7.5.1 Sidebar Interface

Our system has an options sidebar, shown in Figure [7.7] which gives the user several
choices before entering a query. The user can determine how many documents they would
like to see results from, they can select which languages the retrieved documents should
be in, and they can specify a date range for the publications to search over. If there are
no relevant documents in the desired date range, then the system will retrieve from any

date range and displays a message to inform the user.
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Top Retrieved Articles

2021-02-01

Titte: Diabetes mellitus in old age.

Journal Text

Bei der Diabetestherapie im hofien Lebensalter milssen kagnitive, funktionelle und konstitutionelle Ressoureen des Einzeinen beachtet werden. Rein
Hamoglobin(HbJA 1c -orientierte Therapieziele treten in den Hintergrund. und Ehalt der
L e

trebt werden. D , den aktuellen funktionellen, psychischen und kognitiven Zustand sowie den Forderungsbedarf
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People with type 2 diabetes melltus infected with SARS-CoV-2 have a greater risk of developing COVID-19 with complications and of dying as a result of t, Diabetes
is a chranic condition that requires continuity of care that involves contact with health faciliies, as they must have regular access to medicines, tests and
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disease of 2019 (C -2
is associated with an increased risk of severe COVID-L9. On the other hand, in patients with COVID-19,

of diabetic this presentation. In this report, we described two pacdiatric patients with diabetes
mellitus who came to our hospital with diabetic ketoacidosis, of initial debut. management during the COVID-
19 pandemic. CoVID-19 infection may precipitate complications such as severe diabetic ketoacidosis.
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Figure 7.5: The top 3 non-english results
having covid and diabetes?"

for the query "What are the concerns of

Ask any question about COVID-19!

Enter your question

What is the death rate of COVID?

Top Retrieved Articles

2021-01-01

Title: Disease severity classification and COVID-19 outcomes, Republic of Korea.

Journal Text

MokasaTenu neTanbHOCTM BbiNK Bhille B ropoae Tary U NPOBUHLWK KéHcaH-I‘IyKT
124/7756), ueM B ocTanbHoii yacTh cTpael (0,5%; 7/1485). C 25 despana no 26 mapta 2020
roAa COOTHOLIEHWE M30NATOPOB C OTPULIATENBHEIM AaBNEHHeM Ha naumreHTa ¢ COVID-19 Guino
Huxe nokasatens e 0,15 B ropofe Tary v npoBuHUMK KEHcaH-TTykTo. B ocTanbHOM YacTu cTpaHsbl
MNOKa3aTeNb YKa3aHHOTO COOTHOLISHWS 3a TOT e nepuof cHu3uncs ¢ 5,56 ao 0,63. [lo BBefeHusA
B AeNCTBMeE cucTeMbl Knaccudukauum 8 cnyyaes cMepTH w3 51 npoucxogunu gomMa
MK BO BPEMS TPAHCMOPTUPOBKM NALWEHTOB 13 UX IOMOB B MEAULMHCKUE YUPEKAEHUS.
Knaccuh1KaLus NauMeHToR No cTeneHm TAKeCTH 3a00NeBaHNs AOMKHA CTaTb MPUOPUTETHOH
Mepoit Ans obneryeHns Harpyaku Ha CMCTeMy 34PaBOOXPaHEeHNs U CHUKEHNA NoKasaTened
NeTanbHOCTH.

Answer Translation

(1.6 percen

(0.5 per cent;

Full Translation

The death rate was higher in Tegu and Kyongsan Pukto Province (1.6 per cent; 124/7756) than
in the rest of the country (0.5 per cent; 7/1485). From 25 February to 26 March 2020, the ratio
of facilities with negative pressure on patients with COVID-19 was lower than 0.15 in Tegu and
Kyongsan Pukto Province. In the rest of the country, the ratio fell from 5.56 to 0.63. Prior to the
introduction of the classification system, 8 deaths (15.7 per cent) of 51 cases occurred at home
or during the transport of patients from their homes to health facilities. The classification of
patients by severity of the disease should be a priority measure to alleviate the burden on the
health system and reduce the number of deaths.

Figure 7.6: A retrieved document for the query "What is the death rate of COVID",
which shows multiple correct answers corresponding to different provinces of South

Korea.
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7.5.2 Main Interface

To query the system, a user simply se-
lects the desired options from the sidebar
and enters their question into the search
bar, as seen in Figure [7.3] After the user
enters their question, the system will en-
code the question using the trained deep
semantic retriever and find the most rele-
vant documents within the given language
and date range constraints. Then, the read-
ing comprehension model will extract the
answer (or answers) most relevant to the
query from each retrieved document. Ad-
ditionally, for any non-English documents,
the system translates both the retrieved

article and extracted answers into Englishf]

Select number of articles

=
‘

Select one or more article languages

Chinese X English X

Polish X Turkish X

Dutch X Czech X

Al X

start date

2020/01/01

end date

2021/07/01

Figure 7.7: The options sidebar for our demo-
nstration system. The options include: number
of articles to return, article languages to
retrieve from, and publication date range.

For visualization purposes we show all language
options.

Finally, the retrieved documents will be re-ranked based on the confidence scores for the

extracted answers.

The desired number of documents will be displayed to the user as a list of publication

dates. Each item can be expanded to show the article title, original document with

highlighted answers, translated answers, and the full article translation. If an article

contains a single answer, it will be highlighted in red. If there are multiple answers, each

answer will be highlighted with a different color to allow for easy alignment between

original answers and their translations, demonstrated in Figure

SAll translations are generated by MarianNMT [212] from the Huggingface Transformers library [49].
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Chapter 8

Conclusions and Future Work

8.1 Summary

In this dissertation we outlined a data-centric paradigm for improving language models
which is orthogonal to scaling. In Part [l we demonstrated methods for improving our
understanding of language model capabilities based on their training data, as well as
proposing one method for improving the interpretability of models through the use of
data. Furthermore, in Part [l]| we provided methods for improving the data used to train
models that have proven to improve data efficiency and performance on both pretraining

and downstream tasks.

8.1.1 Understanding models through data

Our research in Chapter [2| first demonstrates how to improve the explainability, and
therefore our understanding, of relation extraction methods. We do so by creating a
system that extracts explanations for the predicted relation using only partially labeled
explanations. To overcome the partial supervision, we use a policy-guided semi-supervised

learning algorithm that optimizes for explanation quality and relation extraction perfor-
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mance simultaneously. We framed relation extraction as a re-ranking task and included
entity-specific explanations as an interpretable intermediate step in the inference process.
Our results showed that human annotators were 4.2 times more likely to prefer our
systems explanations over an existing baseline. In addition to improving explainability,
we also found that our system improves relation extraction performance over strong
black-box baselines. One limitation of this method is that we have only validated that
the explanations learned are meaningful for a single dataset, and it is not clear if the
learned explanation model will transfer to a new dataset. Further studies can explore
the idea of a multitask explainer model which could be trained to generate or extract
explanations for a variety of tasks including question answering, topic classification, and
sentiment analysis. By using an intermediate explanation model, we could further improve
both the interpretability and explainability of systems, but also improve their reasoning
ability. While we demonstrate the efficacy on relation extraction, the idea of introducing
intermediate steps into the inference process can be applied to many more tasks to further
improve our understanding of model decisions under many different scenarios.

Next, in Chapter [3| we perform a thorough analysis on whether the benefits of multitask
learning (MTL), instruction tuning and prompting seen in large language models translate
to smaller models. We explored and isolated the effects of (i) model size, (ii) general
purpose MTL, (iii) in-domain MTL, and (iv) instruction tuning. Our results showed that
general purpose MTL improved the performance of small models by 31% on average, and
further in-domain MTL improved performance by an additional 37.6%, demonstrating the
power of multitask learning for zero-shot settings. Contradictory to prior works on large
models, our results showed that instruction tuning provided very minimal performance
gains, only 2% on average. While our study isolates the contributions from these particular
variables, there are still other variables that we do not study. For example, the BART-Base

and Large models are both trained on the same dataset, and while this is crucial to
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determine the effect of model size isolated from other factors, it means that we have
only run experiments with 1 pretraining corpus. Ideally, we would run experiments on
models of the same size but pretrained with different data to account for the effect of the
pretraining corpus. Additionally, while we focus on small models, the smallest model we
investigate is 139 million parameters, but since the conclusion of our study, the OPT and
Pythia family of models have been released with many more small model sizes.

Then, in Chapter ] we study task transfer in conversational Al by introducing FETA,
a benchmark for FEw-sample TAsk transfer in open-domain dialogue. FETA contains two
underlying sets of conversations upon which there are 7 and 10 tasks annotated, enable
the unique study of intra-dataset task transfer; task transfer without domain adaptation.
We analyze the intra-dataset task transfer of three popular language models and three
transfer learning algorithms. Additionally, we consider both the single-source and multi-
source settings to better understand how transfer learning scales with additional source
tasks. Through extensive experimentation, we find new and non-intuitive insights on the
mechanisms of transfer learning. In particular, our results show that most performance
trends are model-specific, and we strongly encourage researchers to consider multiple model
architectures before drawing broad conclusions on transfer learning. Additionally, we find
that tasks which are deemed more challenging by humans (e.g. span extraction) benefit
the most from task transfer. While our experiments do control for domain adaptation,
there were aspects we did not control for such as the pretraining corpus of each model.
Also, to ensure fair comparisons, we only tested base-sized models, but we would expect
better pretraining corpora and larger models to lead to increased raw performance on the
individual tasks in FETA. More importantly though, it is unclear whether either of these
changes would lead to improved task-transfer performance (average and top-1 ds), and
this is an interesting area for further research. In the future, FETA can be a valuable

resource for further research into efficiency and generalizability of pretraining datasets and
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model architectures, as well as for other learning settings such as continual and multitask
learning. Additionally, FETA could be used to test whether a policy-guided algorithm

such as D-REX can be used for the transfer learning setting.

8.1.2 Improving models through data

In Chapter [, we switch topics to improving the data used to train models. We focus on
the problem of few-shot learning with auxiliary data (FLAD), and design algorithms that
(1) make no assumptions on the available auxiliary data a-priori, (2) scale well with the
number of auxiliary datasets, and (3) add minimal memory and computational overhead.
To achieve these goals, we formulated FLAD as a multi-armed bandit problem, which
leads to computational complexity that is independent of the number of auxiliary datasets,
allowing our method to scale to 100x more auxiliary datasets than prior methods. These
significant improvements lead to the first 3 billion parameter models that outperform the
175 billion parameter GPT-3 on few-shot learning. This chapter builds on the lessons
learned from Chapter [d, where we showed that naively increasing the number of source-
tasks in transfer learning is not always beneficial. To improve upon that challenge, our
algorithm uses rewards designed to find auxiliary datasets whose solution space is similar
to the solution space of the target task.

Next, in Chapter [6] we show just how crucial data mixtures are for language model
pretraining. Through the insight that the goal of language model pretraining is performed
so that models can absorb large quantities of information, we design a reward function
that accurately reflects how much information is gained by the model when seeing data
from each of the training domains. We then use this reward with a variation of a
multi-armed bandit algorithm that is extremely efficient, adding negligible wall-clock

time during pretraining. We find that our method trains a model reaching the final
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perplexity of the next best data mixing method with 19% fewer training iterations, and
actually improves performance on the 5-shot MMLU benchmark. While this method
demonstrated impressive performance gains across all training domains on average, it loses
performance on three specific domains. In particular, we hypothesize that our method
leads to slightly worse performance on GitHub due to the lower intrinsic entropy of code
data (due to its highly structured nature). Some works have recently found that training
on higher quantities of code can improve the reasoning capabilities of models [219], which
our method does not take into consideration. A plausible next step to improving this
method is to combine multiple signals together, including our very efficient information
gain-based reward and possibly some slower signals that are gathered during validation.
In combination, these signals can lead to further improvements.

In the previous 2 chapters, we approach data selection from a data mixing approach,
where we organize many data points together into groups (tasks or domains) and assign
the same value to all data points within the group. However, this top-down approach,
where we select data for the capabilities that our model will have is only one option. It is
also beneficial to work from a bottom-up approach to data selection, choosing individual
data points for the value that they bring to the dataset. There are a number of methods
to select individual data points [I], aiming to achieve different goals, and our works on
data mixing can be a stepping stone to developing new data selection methods that find
those individual data points which are most beneficial for a specific target task, as well as
for those data points which are most informative for pretraining.

Finally, in Chapter [7/| we demonstrate a system for cross-lingual open-retrieval question
answering, which is particularly important in low-resource settings such as new and
emerging domains, where the language of information is not known ahead of time. In
particular, multilingual and cross-lingual resources are scare in emergent domains, leading

to few or no such open-retrieval question answering systems. For our system we use
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Covid-19 as the example of an emergent domain and address the scarcity of cross-lingual
training data issue by utilizing automatic translation, alignment, and filtering to produce
an augmented dataset. We show that our system significantly outperforms a BM25

baseline in the cross-lingual setting.

8.2 Future Work

Overall, my research goal is to continue doing open, responsible, and collaborative
research. Open, to allow and encourage others to follow in our footsteps. Responsible, to
ensure that our work is beneficial and to minimize harms. And collaborative, so that our
work may be inclusive and consider many perspectives. With this in mind, I am most

interested in pursuing two major directions of future work.

8.2.1 Data-centric research directions

First, I believe that an important direction of research is on making data research
more accessible. This can be done by developing methods that directly measure data by
expanding on methods of data attribution and valuation [220], 221, and data measure-
ments [222]. Another direction would be to validate whether data research can be done
on a smaller scale (model sizes and dataset sizes) and still transfer to larger models and
datasets. In this dissertation, we explored methods for improving data mixing for both
few-shot learning and for pretraining, but for pretraining in particular, there is no reason
to believe that all data within a single domain has the same value. For this reason, it
would be very valuable to extend these methods into data selection for individual data
points. Additionally, memorization is a known issue in very large models [223], but how
exactly to allow models to memorize “good” information (e.g. facts), while reducing “bad”

memoriation (e.g. personally identifiable information) is still an open question.
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8.2.2 Moving beyond siloed data research

Next, it is important to keep in mind that data is of no specific benefit in isolation,
but becomes immensely important when combined with large neural models and advanced
optimization procedures. With this in mind, I believe it will be a very important direction
of research to consider all three components in the effort of continuing to improve models,
efficiently. Furthermore, I believe that by expanding beyond just a single model, and into
systems of models, where each model has a separate optimization objective and datasets
for different goals, systems will be able to solve more abstract problems. As I've shown
in Chapter [2| (as well as in other works [9] [6], systems such as this can become more
interpretable and simultaneously more performant, and in the future I believe we should
continue down this direction as models have become much more powerful in recent years.
Finally, I believe that future research can more closely integrate humans and models
together. While algorithms are wonderful for optimizing models for objective functions
(immensely better than humans are), they optimize without care for societal impacts (e.g.
bias) and side-effects (where humans are much better). The combination of humans +
machines, with models as tools augmenting human capabilities, can allow people to spend

their effort on defining success and letting machines optimize for that definition.
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