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Abstract
Recent advances in Natural Language Processing (NLP) are built on a range of large-

scale pretrained language models (PLMs), which are based on deep transformer neural

networks. These PLMs simultaneously learn contextualized word representations and

language modeling by training the entire model on massive unlabeled corpora using self-

supervised learning techniques, bringing about a paradigm shift that moves our focus

from customizing different models for different tasks to adapting one PLM to all tasks.

Studying how to adapt a general-purpose PLM to a specific domain of interest is of great

significance to the deployment of PLMs. The mainstream practice is to finetune a PLM

with a task-specific head on a labeled dataset from the target domain. However, for most

target applications, labeled data is limited and even scarce in many low-resource scenar-

ios. The huge number of parameters in a PLM often leaves those small datasets strug-

gling to harness the power of the language priors. As a result, even under the same task,

when a PLM finetuned on one dataset is applied to another dataset with some domain

gap, it sometimes encounters performance degradation due to overfitting the previous

training set. This phenomenon hinders the wide adoption of PLMs in practice, partic-

ularly in the face of new domains, calling for approaches to enhance the generalization

performance of PLMs during adaptation without requesting more labeled data.

Early domain adaptation methods, which leverage similar source domains to boost model

performance on the target domains, are developed based on customized models using

traditional neural networks such as LSTMs. These models are shallow, require longer

training time to converge, and have no prior knowledge compared to PLMs. Studies

show that some popular domain adaptation methods can even harm the generalization

performance of PLMs on the target domains. The unique characteristics of PLMs such as

unprecedented scales, rich language priors, and many hitherto underexplored skills could

be uncontrollable factors that make them exhibit different learning behaviors compared

to traditional models. To this end, there is a need to develop algorithms for PLMs to

enhance their domain adaptation performance, thereby accelerating their wide adoption

in real-world scenarios.
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This thesis aims to explore techniques that can efficiently make use of the target do-

main labeled data and better adapt a given PLM to the target domains of interest by

effectively transferring knowledge from similar source domains to the target domains.

To achieve this goal, I conduct research from three perspectives throughout a machine

learning pipeline, each assuming only specified locations can be updated with available

computing resources. That is, we keep all other conditions fixed and only make updates

to the input data, model representations, and output predictions respectively. We show

how to achieve better generalization performance with limited labeled data from the tar-

get domains under each scenario. To sum up, we propose a new algorithm to generate

adversarial perturbations using the domain adaptation objective to enhance the trans-

ferability of soft prompt tuning in low-resource scenarios, a new model optimization

algorithm that takes into account the next-step gradients of adversarial domain discrim-

inator when optimizing the task classifiers to accommodate competing losses and a new

federated learning framework that calibrates the conditional probability distribution to

adapt the same PLM to multiple domains under different label distributions. We present

the specific problems, related works, detailed methods, extensive experiments, and thor-

ough discussions in the following chapters, and shed light on how to base on traditional

machine learning methods while catering to newly emerging learning paradigms.



Contents

Acknowledgements ix

Abstract xiii

List of Figures xix

List of Tables xxi

Symbols and Acronyms xxiii

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.3 Outline of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Literature Review 7
2.1 The History of Language Models . . . . . . . . . . . . . . . . . . . . . 7

2.1.1 Statistical Language Models . . . . . . . . . . . . . . . . . . . 8
2.1.2 Neural Language Models . . . . . . . . . . . . . . . . . . . . . 11
2.1.3 An Emergent Trend: Large-Scale PLMs . . . . . . . . . . . . . 15

2.2 Domain Adaptation for PLMs . . . . . . . . . . . . . . . . . . . . . . 17
2.2.1 Data Augmentation . . . . . . . . . . . . . . . . . . . . . . . . 19
2.2.2 Model Optimization . . . . . . . . . . . . . . . . . . . . . . . 23
2.2.3 Model Personalization . . . . . . . . . . . . . . . . . . . . . . 29

3 Sample-Efficient Prompt Tuning with Domain Adaptation 35
3.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
3.2 Domain Adaptation for Prompt Tuning . . . . . . . . . . . . . . . . . . 36

3.2.1 Preliminaries: Prompt Tuning . . . . . . . . . . . . . . . . . . 36
3.2.2 The OPTIMA Approach . . . . . . . . . . . . . . . . . . . . . 37
3.2.3 The OPTIMA Algorithm . . . . . . . . . . . . . . . . . . . . . 40
3.2.4 Comparison with Virtual Adversarial Training . . . . . . . . . . 40

3.3 Experimental Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.3.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

xv



xvi CONTENTS

3.3.2 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.3.3 Experiment Settings . . . . . . . . . . . . . . . . . . . . . . . 44
3.3.4 Few-shot Performance . . . . . . . . . . . . . . . . . . . . . . 45
3.3.5 Zero-shot Performance . . . . . . . . . . . . . . . . . . . . . . 47
3.3.6 Class Similarity and Transfer Learning . . . . . . . . . . . . . 48

3.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4 Optimizing Domain Adversarial Training for Data-scarce Domains 53
4.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
4.2 The LOANT Method . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.2.1 Model Architecture . . . . . . . . . . . . . . . . . . . . . . . . 54
4.2.2 Latent Representation Optimization . . . . . . . . . . . . . . . 57
4.2.3 Understanding LOANT . . . . . . . . . . . . . . . . . . . . . . 60

4.3 Experimental Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 62
4.3.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
4.3.2 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
4.3.3 Experimental Settings . . . . . . . . . . . . . . . . . . . . . . 64
4.3.4 Comparison with the States of the Art . . . . . . . . . . . . . . 66
4.3.5 Transfer Learning Performance . . . . . . . . . . . . . . . . . 66
4.3.6 Source Domain Performance . . . . . . . . . . . . . . . . . . . 69

4.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5 Personalizing Federated Language Model for Diverse Domains 73
5.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
5.2 Preliminaries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.2.1 Federated Gradient-based Optimization . . . . . . . . . . . . . 76
5.2.2 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . 77

5.3 The Proposed FedHumor Model . . . . . . . . . . . . . . . . . . . . . 78
5.3.1 Model Architecture . . . . . . . . . . . . . . . . . . . . . . . . 78
5.3.2 Weight-tying Federated Training . . . . . . . . . . . . . . . . . 79
5.3.3 Diversity Adaptation . . . . . . . . . . . . . . . . . . . . . . . 80
5.3.4 Federated Model Selection . . . . . . . . . . . . . . . . . . . . 81

5.4 Experimental Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 83
5.4.1 Dataset Description . . . . . . . . . . . . . . . . . . . . . . . . 83
5.4.2 Implicit Label Generation . . . . . . . . . . . . . . . . . . . . 84
5.4.3 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . 85
5.4.4 Model Setting . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
5.4.5 Comparison of Different Training Strategies . . . . . . . . . . . 87
5.4.6 Hyperparameter Sensitivity Analysis . . . . . . . . . . . . . . 88
5.4.7 Comparison of Different Humor Recognition Models . . . . . . 89

5.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

6 Conclusions and Future Works 93
6.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93



CONTENTS xvii

6.2 Future Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
6.2.1 Pushing the Limit of Domain Adaptation . . . . . . . . . . . . 94
6.2.2 Low-resource Learning . . . . . . . . . . . . . . . . . . . . . . 95

List of Author’s Awards, Patents, and Publications 97

Bibliography 99





List of Figures

3.1 Smooth vs. zigzag decision boundaries. Left: When the distribution of
the target-domain data (orange) is similar to the source domain (blue),
the smooth decision boundary (solid line) generalizes better than the
zigzag boundary. Right: When the distributions are different, smooth-
ness is of dubious benefit. . . . . . . . . . . . . . . . . . . . . . . . . 36

3.2 Intuition about perturbation and smoothness. Under the zigzag (non-
smooth) decision boundary, a small perturbation with a well-chosen di-
rection is sufficient to flip the predicted class. The smooth boundary
requires a larger perturbation. . . . . . . . . . . . . . . . . . . . . . . 38

3.3 Average test performance on the QQP-to-MRPC test case. PT and FT
are trained on MRPC directly. . . . . . . . . . . . . . . . . . . . . . . 47

3.4 TF-IDF similarity for SNLI, MNLI, and CB, where we treat all text in
one class as a document. . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.5 Document similarity using TF-IDF for each pair of NLI datasets. . . . 49
3.6 Document similarity for MRPC and QQP datasets between their classes. 50
3.7 Confusion matrices for 8-shot transfer learning to CB. Each result is the

average across 48 runs. . . . . . . . . . . . . . . . . . . . . . . . . . . 50
3.8 F1-score on the three classes of the CB datasets. SPOT 0 and OPTIMA 0

denote zero-shot performance. SPOT 8 and OPTIMA 8 denote 8-shot
performance. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.9 F-score on three classes for NLI datasets. SPOT 0 and OPTIMA 0 are
compared for their zero-shot performance. SPOT 8 and OPTIMA 8 are
compared for their 8-shot performance. . . . . . . . . . . . . . . . . . 51

4.1 Network architecture of the Adversarial Neural Transfer model. . . . . 55
4.2 Schematic of the latent optimization strategy. The solid black arrows in-

dicate the forward pass and the dotted red arrows indicate the backward
pass. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.3 Minimization of a 2D function f(w) = w⊤Aw+ b⊤w+ c. A is positive
definite and has a condition number of 40. The initial point is (0,−0.15).
The red arrows show the trajectory of w. The look-ahead capability of
extragradient finds a much more direct path to the local minimum than
vanilla gradient descent. . . . . . . . . . . . . . . . . . . . . . . . . . 61

xix



xx LIST OF FIGURES

5.1 Empirical analysis of a random set of 60 jokes from a real-world humor
rating dataset reflecting non-trivial subjectivity in human perception. (a)
shows that users’ perceived funniness on the same jokes vary from per-
son to person and the variance differs from joke to joke (shaded area).
(b) shows that the effect in (a) is consistent across different age groups,
albeit at different levels of variance. . . . . . . . . . . . . . . . . . . . 74

5.2 Traditional setting versus personalized federated learning setting for train-
ing and applying a humor recognition model (Best viewed in color). In
(a), a humor recognition model is trained on a centralized dataset whose
labels are determined by majority voting (consensus) from round 1; the
trained model is used to recommend funny texts to all clients in round
2, without distinction. In (b), a humor recognition model is trained on
distributed datasets where the individual labels and distributions are pre-
served on local devices at round 1; the trained model will recommend
texts to each client at round 2, possibly in different sequences. . . . . . 75

5.3 Model parameters updated following standard gradient descent (a), and
averaged gradient descent in federated learning (b). Best viewed in color. 77

5.4 The training of FedHumor involves three steps: 1) the server sends the
global model to clients; 2) the clients train the model locally based on
their own labels, and send their updated parameters to the server; 3) the
server aggregates local updates to produce a new global model. . . . . 79

5.5 Transform explicit ratings into binary labels. The distribution of explicit
funniness ratings on a set of jokes rated by the content publisher is shown
in discrete intervals (a). An example in which a user’s humor preference
is quantified by α = 1.5 (b). Best viewed in color. . . . . . . . . . . . . 85

5.6 Generated binary labels with different distributions from funniness rat-
ings when diverse humor preferences are considered. Best viewed in color. 85

5.7 Tune hyper-parameter β w.r.t. α for single user. Best viewed in color. . . 89

6.1 First, we write a prompt for a given task, to steer a Pretrained Language
Model to generate a set of data candidates. The system will first identify
the mislabeled data and correct labels using the first solution. Then, the
system will examine out irrelevant data and use InstructGPT to automat-
ically refine the dataset without external supervision from humans. Fi-
nally, the system will exploit the generated dataset by training the down-
stream model with our proposed training algorithm. The system is not
only efficient because we don’t train any model parameters in the gener-
ation process, but also flexible as we can turn back to any previous stage
to enhance the performance. . . . . . . . . . . . . . . . . . . . . . . . 96



List of Tables

2.1 A taxonomy for domain adaptation and generalization of PLMs. . . . . 18
2.2 A visualization of the assumptions, approaches and PLMs adopted in

related works. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.1 Dataset characteristics. . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.2 The set of domain adaptation experiments. . . . . . . . . . . . . . . . 42
3.3 The hybrid templates where P represents learnable soft prompts. <

S1 > and < S2 > are sentence pairs. [MASK] represents the labels
to be predicted. T1 is the template adopted by the paraphrase detection
and question pair classification tasks. T2 is the template adopted by four
natural language inference tasks. . . . . . . . . . . . . . . . . . . . . . 45

3.4 Few-shot test performance. Results in bold are the best and results
underlined are the best in the single-domain group. Results marked
with * are significantly better than all the others under the student t-test
(p < 0.05). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.5 Source-domain and zero-shot target-domain test performance. . . . . . 48

4.1 Dataset statistics, including number of samples in each split and the pro-
portion of sarcastic texts. . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.2 Learning rate chosen by each model on the given search grid. . . . . . . 65
4.3 Single-task and multi-task Performance on SemEval-18. The best per-

formed F-score on the four groups of transfer learning are in bold. The
best single task learning results are underlined. . . . . . . . . . . . . . 67

4.4 Single-task and multi-task Performance on iSarcasm. . . . . . . . . . . 67
4.5 Running time and maximum memory footprint for different transfer

learning methods. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
4.6 The KL divergence of word probability over the overlapped vocabulary

for each pair of domains. . . . . . . . . . . . . . . . . . . . . . . . . . 69
4.7 Test F1 score. Models selected using the target domain only. . . . . . . 70
4.8 Test F1 score. Models selected with the average F1 on the two domains. 70

5.1 Statistics of the public dataset . . . . . . . . . . . . . . . . . . . . . . . 83
5.2 Average test performance (in %) of three learning strategies on two

groups of users. Values in bold denote the best results. Underlined val-
ues indicate the second-best results. . . . . . . . . . . . . . . . . . . . 88

xxi



xxii LIST OF TABLES

5.3 Test performance (in %) on the user with α = 1.0 achieved by FedHu-
mor and all baseline approaches. Values in bold indicate the best results.
Underlined values indicate the second-best results. . . . . . . . . . . . 91



Symbols and Acronyms

Symbols

Rn the n-dimensional Euclidean space

∥ · ∥ the 2-norm of a vector or matrix in Euclidean space

∥ · ∥G the induced norm of a vector in G-space

∥ · ∥E the induced norm of a vector or matrix in probabilistic space

⊙ the Hadamard (component-wise) product

⊗ the Kronecker product

⟨ · , · ⟩ the inner product of two vectors

◦ the composition of functions

∇f the gradient vector

Ck the function with continuous partial derivatives up to k orders

1 all-ones column vector with proper dimension

O( · ) order of magnitude or ergodic convergence rate (running average)

o( · ) non-ergodic convergence rate

xxiii



xxiv SYMBOLS AND ACRONYMS

Acronyms

NLP Natural Language Processing

LM Language Model

PLM Pretrained Language Model

RNN Reccurent Neural Network

LSTM Long Short-Term Memory

BERT Bidirectional Encoder Representations from Transformers

T5 Text-To-Text Transfer Transformer

FT Fine Tuning

PT Prompt Tuning

OPTIMA bOosting Prompt Tuning wIth doMain Adaptation

DA Domain Adaptation

DG Domain Generalization

SDA Supervised Domain Adaptation

UDA Unsupervised Domain Adaptation

DANN Domain Adversarial Neural Newtwork

ANT Adversarial Neural Transfer

LOANT Latent-Optimized Adversarial Neural Transfer

AT Adversarial Training

VAT Virtual Adversarial Training

MTL Multitask Learning

MAML Model-Agnostic Meta Learning

FL Federated Learning

PFL Personalized Federated Learning

i.i.d. independent and identically distributed

s.t. subject to



Chapter 1

Introduction

1.1 Motivation

Recent advances in Natural Language Processing (NLP) are built on a range of large-

scale Pre-trained Language Models (PLMs), such as GPT [Radford et al., 2018a, 2019],

BERT [Devlin et al., 2019], ALBERT [Lan et al., 2020], RoBERTa [Liu et al., 2020],

BART [Lewis et al., 2020], and T5 [Raffel et al., 2020a]. They play a central role as the

foundation model of AI [Bommasani et al., 2021] for their knowledgeable yet incomplete

character. Having Transformer [Vaswani et al., 2017a] as their basic neural architecture,

these PLMs often have millions or billions of parameters that are capable of learning

sophisticated language skills from widely available huge corpora using self-supervised

learning techniques, such as masked language modeling [Mao and Liu, 2019]. They

are often deemed to have rich language priors for their superior language understanding

performance and the capability to solve downstream tasks given relatively fewer labeled

training data than traditional models. PLMs simultaneously learn contextualized word

representations and language modeling by training the model in an end-to-end manner

on the massive unlabeled corpora, bringing about a paradigm shift that moves our focus

from customizing different models for different tasks to adapting one PLM for all tasks.

The necessity of domain adaptation for PLMs. Adapting a general-purpose PLM to

the target domain of interest is crucial for real-world deployment and is therefore at the

heart of current NLP research. However, PLMs are trained on the universal language

corpora, leaving domain challenges unresolved. Despite that the recently growing scale

of PLMs allows them to demonstrate better generalization performance on zero-shot

1



2 1.1. Motivation

and few-shot settings, their application scope is still limited. First, they may fail to

work in unseen domains, and we have to adapt them. This is not surprising given that

some domains are quite confidential such as healthcare domains which were never seen

during pretraining. However, most of the NLP benchmarks do not diverge a lot from the

pretraining data and therefore we need more challenging benchmarks. The conventional

finetuning paradigm can quickly adapt a PLM to a new domain by finetuning a given

PLM with a task-specific head on a labeled task-specific dataset. It has been a de-facto

standard in NLP since 2018. However, finetuning the entire model requires more GPUs

and storage, and the training can be easily trapped in overfitting. Instead, we can tune a

specific part of the PLM to adapt the model as what I have studied in Chapter 3. Second,

those very huge models may not always be affordable for users, and we need to have

alternative choices. Models such as PaLM [Chowdhery et al., 2022] and GPT-3.5 can

have hundreds of billions of parameters. They offer APIs for which users are charged a

fee because running such huge models consumes a lot of computing resources. On the

other hand, we can choose a relatively smaller but still powerful model as a starting point

and finetune them on our domain-specific data as what I have studied in Chapters 4 and

5. However, no matter which setting we adopted, PLMs still require sufficient labeled

data from the target domains to make effective adaptations.

Challenges for domain adaptation with PLMs. Despite the growing volumes of on-

line data, labeled data is still limited for most target applications and even scarce in many

low-resource scenarios. Given the huge number of parameters in a PLM, small-scale su-

pervised datasets often fail to exploit the language priors of the PLM effectively. As a

result, despite working on the same task, when a PLM finetuned on one domain-specific

dataset is applied to another dataset with some domain gap, it can sometimes incur per-

formance degradation due to overfitting the previous small training set. A bunch of

evidence has surfaced showing that their performance can degrade when they are ap-

plied to a narrower domain where data varies substantially from the pretraining corpus

[Thompson et al., 2019, Araci, 2019, Chalkidis et al., 2020, Miller et al., 2021]. The

mismatch between the pretraining and adaptation data distributions makes PLMs strug-

gle to be widely adopted in practice. To solve this issue, finding a related source domain

where labeled data are abundant and leveraging domain adaptation is an alternative.

Limitations of existing domain adaptation methods for PLM. A large number of

early domain adaptation studies [Pan and Yang, 2009, Weiss et al., 2016, Ramponi and

Plank, 2020] have shown that using similar source-domain datasets can boost model
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performance on the target domains. This is especially meaningful for those data-hungry

tasks such as abstractive summarization [Yu et al., 2021a]. However, traditional domain

adaptation methods are developed based on shallow neural networks without pretraining,

which can be unfavorable to PLMs [Ryu et al., 2022] due to their very large scale, rich

language priors, and many hitherto underexplored skills [Radford et al., 2019]. These

sophisticated characteristics make PLMs exhibit different learning behavior and gener-

alization abilities from traditional models. For example, Wright and Augenstein [2020]

and Karouzos et al. [2021] find that domain adversarial training on top of BERT is un-

stable and has little effect on cross-domain performance. Nevertheless, directly fitting

a single PLM on non-identical domains is suboptimal [Bilen and Vedaldi, 2017] and

may even incur negative transfer due to the domain shifts [Lekhtman et al., 2021]. Our

studies [Guo et al., 2021a] corroborate these findings, and we further reveal that this

can be attributed to the loss competition problem between adversarial and task-specific

losses in the shared feature space, as well as the dominance of large source domain data.

Moreover, performance gains on the target domain can come at the expense of general-

domain performance due to the semantic gap between the embedding spaces of different

domains [Wang et al., 2021a], which is recognized as the catastrophic forgetting problem

in continual learning [McCloskey and Cohen, 1989]. All of these pioneering studies and

findings suggest that there is a need to develop algorithms that can enhance the domain

adaptation capability of PLMs, thereby accelerating their wide adoption in real-world

tasks.

In this thesis, I will explore how to enhance the domain adaptation capability of PLMs

without requesting more labeled data from the target domain. I will conduct the research

by making ablations on a standard machine learning pipeline. In particular, given a

PLM, a small amount of target-domain data, and a potential source-domain dataset, I

will explore three scenarios from the input to the output of a model:

• With the model parameters and target labels fixed, how to adapt a PLM to the

target domain by only updating the input data?

• With the input data and the target labels fixed, how to adapt a PLM to the target

domain by optimizing the model representations?

• With the input data and the model fixed while the target label distributions vary

across different users, how to adapt the same PLM to multiple users?
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1.2 Contributions

This thesis provides new learning techniques that can achieve data-efficient domain

adaptation which brings us better target-domain performance with the same amount of

labeled data or the same performance with far fewer labeled data compared with existing

possible solutions. Our technical contributions can be summarized as follows:

• A new soft prompt tuning technique that produces transferable soft prompts with

adversarial training by generating adversarial perturbations with a domain adap-

tation objective (S3): This is the first technique that generates domain-adaptive

perturbations to enhance the transferability of soft prompts, which are prepended

to the input text embeddings without updating the PLM. Specifically, to solve

the problem that soft prompt tuning heavily relies on a large labeled training set

and enables its applicability to few-shot and even zero-shot settings, we propose

bOosting Prompt TunIng with doMain Adaptation (OPTIMA). It is the first do-

main adaptation technique for soft prompt tuning, which does not require any

labeled data from the target domain. Empirical results show that using unlabeled

target-domain data boost performance significantly. At the heart of OPTIMA is

a targeted regularization technique that encourages smooth decision boundaries

only in the areas where the distributions of two domains are similar. Through em-

pirical evaluation, we show that OPTIMA outperforms state-of-the-art baselines,

improves data efficiency significantly, and effectively addresses domain shifts.

• A new model optimization technique that boosts learning performance on small-

scale domains under domain adversarial training by considering the gradients

of the opponent’s next step via look-ahead learning (S5): This is the first tech-

nique that accommodates competing losses by enforcing task classifiers to look at

the future gradients from the adversarial discriminator. Inspired by the existence

of multiple small sarcasm datasets, we propose to use transfer learning to bridge

dataset differences. We find that training a shared-private neural network on top of

PLMs under domain adversarial training on a larger-scale source-domain dataset

and a smaller-scale target-domain dataset simultaneously can enforce the model to

be dominated by the source domain data. We propose a Latent-Optimized Adver-

sarial Neural Transfer (LOANT) model for cross-domain sarcasm detection. By

conducting stochastic gradient descent (SGD) with one-step look-ahead, LOANT
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outperforms traditional adversarial neural transfer, multi-task learning, and meta-

learning baselines, and establishes a new state-of-the-art F-score of 46.41%. It is

the first study of transfer learning between different sarcasm detection datasets.

• A new model personalization training strategy that enables adapting the same

PLM to different domains with each having a different label distribution (S7): This

is the first federated learning framework that adapts a federated PLM to differ-

ent domains to achieve personalized humor recognition without making multiple

copies of the PLM and updating each of them separately. We relaxed the common

assumption in the humor recognition literature that users have a consensus about

whether or not a given text is humorous. We proposed an FL-based solution with

a personalized adaptation strategy to enable personalized humor recognition with

good generalization, while not exposing private humor preference data. We con-

ducted extensive experiments to evaluate our FedHumor model. Results show that

our approach is significantly superior to existing humor recognition methods and

alternative training strategies in terms of personalized humor recognition.

1.3 Outline of the Thesis

Chapter 1 introduces the background of the research topic and particularly the motiva-

tions of developing enable data-efficient domain adaptation techniques for PLMs.

Chapter 2 presents an extensive literature review under a proposed taxonomy. We cate-

gorize the related works in Table 2.1 and explain each research direction accordingly.

Chapter 3 introduces the technique - bOosting Prompt TunIng with doMain Adaptation

(OPTIMA), which is the first technique for enabling soft prompt tuning in low-resource

settings with domain adaptation. We show that soft prompts can be trained to encourage

PLMs to produce smooth decision boundaries against domain gaps thereby enhancing

the portability of soft prompts in the face of new domains.

Chapter 4 introduces the technique - Latent-Optimized Adversarial Neural Transfer

(LOANT) - for enhancing the transferability of PLMs from a data-abundant domain

to a data-scare domain, demonstrated with the sarcasm detection task. We reveal a loss

competition problem in the shared feature space and show how LOANT accommodates

these competing losses.
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Chapter 5 introduces a federated learning framework - FedHumor - for personalized

humor recognition where different people have different label distributions which is kept

private. We show how to adapt the same PLM to different people.

Chapter 6 summarizes the thesis and discusses some future research directions.



Chapter 2

Literature Review

This chapter includes two parts, one focuses on introducing the basics and history of

pretrained language models (Section 2.1), and the other part focuses on reviewing and

discussing related works on adapting large-scale PLMs to target domains (Section 2.2).

2.1 The History of Language Models

Why do we need a (pretrained) language model?

Unlike digital images and signals, languages are composed of discrete text symbols and

need to be transformed into continuous representations for computers to describe their

meanings. The challenge in this process is that human languages can involve an infinite

variety of linguistic sentences and the variety continues to expand. It is impossible for a

computer program to calculate over an infinite space.

To avoid the dilemma, a language model is developed to assign probabilities to se-

quences of words and pick up the most likely expression as its estimation. A unique

continuous representation is assigned to a basic word token and the combinatorial repre-

sentation for a sentence is usually different from another. The language model is built on

text corpora, which could be documents, books, or web pages. The set of all the unique

basic tokens is termed as vocabulary, which is shipped along with the language model.

The corpora contain rich information about how frequently a word occurs, the context

around each word, and more. Thus, how to exploit the potential of the corpora is tricky.

7
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Training a language model from scratch is resource-intensive. The rule of thumb is to

pretrain a strong and robust language model that can generalize to a range of NLP prob-

lems. The first of this kind is the n-gram model, where n-gram probabilities are stored.

It highly depends on how representative the training corpora are. Therefore, the trend at

that time is to open-source a range of text corpora of either general or domain-specific

genres. We introduce this kind of LMs in Section 2.1.1. Then comes the pre-trained

word embeddings, where the word representations are stored and their probabilities are

described by a shallow neural network. They allow word-word relationships to be quan-

titatively compared in the latent space. We introduce the details in Section 2.1.2. The

last milestone of PLMs is transformer-based large-scale language models, which en-

capsulate both the learning of word representations and language modeling. PLMs in

the current literature generally refer to this kind of LMs. They have revolutionized the

practice in the NLP community with their strikingly superior performance dominating a

variety of benchmarks. We introduce them in Section 2.1.3.

2.1.1 Statistical Language Models

The goal of statistical language modeling is to learn the joint probability distribution

for a sequence of words. Statistical language models represent a word with its proba-

bility distribution over the whole vocabulary, which is approximated by its frequency

of occurrence in the corpus. Therefore, a sentence can be represented as a sequence of

probability values. n-gram model is a typical statistical language model. The term can

trace back as early as 1948 in Shannon’s paper [Shannon, 2001] where he used this term

to describe the joint probability of n consecutive letters in communication. The first

n-gram language model appear as early as in 1976 by Jelinek [1976] where they applied

n-gram to speech recognition. Since then until late 1990s, a range of techniques were

proposed to make n-gram models more useful for different problems.

Unigram Model holds the assumption that a word occurs independently from another,

e.g.:

P (a lovely dog) = P (a) ·P (lovely) ·P (dog) (2.1)

The following example illustrates how a unigram model represents a sentence:

a lovely dog
0.2 0.05 0.1
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N-gram Model holds the Markov assumption that the probability of a word to occur

depends on its preceding N − 1 words (a.k.a., a Markov chain), e.g., a bigram (N = 2)

approximates the probability of a word, wm, comes after the sequence w0, . . . , wm−1 as:

P (wm|w0:m−1) ≈ P (wm|wm−1) (2.2)

Therefore, the joint probability of a sequence of m + 1 words is decomposed as the

product of all the bigram conditional probabilities:

P (w0:m) ≈ P (w0) ·P (w1|w0) · . . . ·P (wm|wm−1) =
m∏
i=1

P (wi|wi−1) (2.3)

An intuitive approach to estimate each of the bigram probabilities is using their relative

occurrence frequencies:

P (wi|wi−1) =
P (wi−1:i)

P (wi−1)
≈ C(wi−1:i)

C(wi−1)
(2.4)

Here is a concrete example of how to use such a language model in practice. Suppose

we are translating a part of the speech word by word and predicting whether the word

comes after a lovely is dog or door. We then calculate the frequency of the bigrams,

lovely dog and lovely door, from our corpus and obtain C(a lovely dog) = 3 while

C(a lovely door) = 0. Then the language model will choose dog rather than door as the

candidate. The insight behind forcing language models to maximize the joint probability

of a sequence of words is that we are more likely to find sentences that match the habitual

usage of languages.

Evaluation. To compare an n-gram language model with another, we need an unseen

test corpus separate from the training corpus. Whichever model predicts significantly

higher joint probabilities for the sentences in the test corpus is of higher quality. In prac-

tice, we don’t directly use the joint probability as the performance metric but normalize

them over the entire vocabulary, which is named perplexity. Suppose the vocabulary for

a language model contains V words, then the perplexity on a sentence, w0, . . . , wm, is

computed as follows:

PP (w0:m) = P (w0:m)
− 1

V (2.5)
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Thus, the lower the perplexity, the better the language model. Comparing perplexity is

equivalent to comparing entropy, which computes the log of the perplexity:

E(w0:m) = −
1

V
· logP (w0:m) = −

1

V

m∑
i=1

logP (wi|wi−1) (2.6)

Entropy measures how much information is carried if the sequence w0:m has a proba-

bility of P (w0:m). Higher probability means lower entropy, meaning that the model is

very confident about predicting the sequence to be w0:m and that learning on the fact

contributes no new information. Training a language model to minimize the perplex-

ity or the entropy will engage the model to put more effort on learning to predict hard

sequences.

Impact of Corpus. Obviously, the quality of a statistical language model depends on

its training corpus. The language model can be a biased one if the corpus contains

documents of specific interests, e.g., a collection of sports news. It will have a tendency

to generate text of a specific genre. Therefore, we need to find a training corpus that

has a similar genre to our specific task. In addition, the larger the corpus, the closer

the approximated probability will be to its true probability distribution. Unlike today’s

trends on releasing pretrained weights of large-scale language models, the trend in those

days was releasing high-quality corpus. For example, the Web 1 Trillion 5-gram Corpus

[Franz and Brants, 2006] from Google covers 5-gram sequences that appear in over 40

books.

Deployment. Storage is the main consideration in applying n-gram language models

because retrieving a large set of n-grams can incur a long computation time. In those

days, the computation facility is not adequate. Only frequent n-grams are kept in storage

[Gao and Lee, 2000]. The language model needs to store each n-gram and its probability

in the database. A range of retrieval techniques were explored for efficient use of such

language models such as Bloom Filter based on hashing [Talbot and Osborne, 2007]. It

is interesting to compare with today’s fashion of efficient methods for adapting large-

scale pretrained language models in practice.

Smoothing. The probability of a test sentence can be zero when any of the n-grams from

the sentence never occur in the training corpus. This will be problematic when compar-

ing the perplexities of two language models. To circumvent this problem, smoothing

techniques are often adopted when computing the probabilities. For example, Laplace
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smoothing, a.k.a. additive smoothing, add 1 to all the n-gram counts. A comparison be-

tween different smoothing techniques can be found in an early empirical study in 1998

on how they affect the performance of n-gram language models for speech recognition

[Chen and Goodman, 1999].

Out of Vocabulary (OOV) Problem. To enable our language model to adapt to unseen

domains, we need an open vocabulary that can incorporate unknown words, or OOV

words, instead of a closed one. A common practice is to add a pseudo word, denoted as <

UNK¿, to the vocabulary and treat the unknown words as < UNK >. To know the joint

probabilities of n-grams that contain < UNK >, we need our training corpus to have

those n-grams. To achieve this, we replace words that occur at the tail of the distribution

over the entire vocabulary as < UNK >. The assumption behind this practice is that

given a large enough training corpus, words that are unknown to the vocabulary are

more likely to be rare words.

Limitations. First, building a more powerful language model requires a larger training

corpus for modeling more n-grams, and eventually leads to a curse of dimensionality.

Second, they are difficult to adapt to new domains. The model itself heavily relies on

statistical knowledge in the training corpora. For domains that cannot provide large

enough training corpora, statistical models cannot perform well. Moreover, there are

many cases when scaling up the training corpora does not help much. Real-word test

corpora often contain words that lay outside of our vocabulary, it is difficult for ngrams

to generalize to a variety of test domains. Traditional adaptation approaches were to

concatenate very short n-grams seen in the training corpus, which can be vulnerable to

context drift.

2.1.2 Neural Language Models

The resurgence of deep learning has advanced NLP by using neural networks to learn

more complicated tasks from larger datasets where previous simple models barely sur-

pass. The very first neural language model comes in 2000 with Bengio et al. [2000,

2003] who propose to use neural networks for language modeling. Different from n-

gram language models in which a word wi in the vocabulary is associated with a n-gram

conditional probability, p(wi|wi−n+1:i−1), they associate each word to a d-dimensional

vector, zi ∈ Rd. The idea came from the concept of “distributed representation” [Hinton,

1984] and is commonly known as word embeddings today. In their experiments, they
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found that a feed-forward neural network works better than Recurrent Neural Networks

(RNNs). With a neural network f parameterized by θ, we can estimate the conditional

probability of a word wi to occur in a context of n-grams by mapping their corresponding

high-dimensional vectors to a probability distribution over the vocabulary V :

h = fθ(zi−n+1, . . . , zi−1), h ∈ R|V |, (2.7)

where the i-th element of h represents the estimation of the probability for the word wi

to be the i-th word vi in the vocabulary, which is obtained by applying softmax:

P̂ (wi = vi|wi−n+1, . . . , wi−1; θ) =
ehi∑
j e

hj
. (2.8)

θ and the word representations z are determined by maximizing the estimated joint prob-

abilities on a training corpus with backpropagation (a.k.a. gradient descent) upon con-

vergence.

The use of language models began to take place in more complicated NLP tasks beyond

speech translation in which they are simply treated as priors for correcting the generated

text. Instead, language modeling became one of the self-supervised learning tasks for

pretraining a general-purpose model, such as the pretrained word embeddings and to-

day’s large-scale pretrained language models. Generally speaking, pretraining aims to

equip a model with knowledge learned from largely available datasets and transfer that

knowledge to tasks that have limited in-domain data for training.

Word2Vec. Mikolov et al. [2013a] from Google open-sourced the first large set of pre-

trained word vectors for a vocabulary of 3 million words, named word2vec1. It is trained

with a 2-layer neural networks on a Google New datasets which has roughly 100 million

words. word2vec breaks the isolation of words in their representations by demonstrating

the synonym between words with cosine similarity:

cosine(zi, zj) =
zi · zj
∥zi∥ · ∥zj∥

. (2.9)

This can be achieved by two local context window methods, namely Continuous Bags of

Words (CBOW) and Skip-gram. With CBOW, a feedforward neural network is given the

word vectors of a bag of n history words wi−n:i−1 and a bag of n future words wi+1:i+n

1https://github.com/tmikolov/word2vec

https://github.com/tmikolov/word2vec
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and is required to predict the current word wi. This bears the similar idea as n-gram

language models. With Skip-gram, the neural network receives the word vector of the

current word wi and tries to correctly predict all the n words before and after the current

word by minimizing the average negative log-likelihood (recall Eq. 2.5 and Eq. (2.6)) :

−logP (wi−n, . . . , wi+n) = −
1

2n

n∑
j ̸=0,j=−n

logP (wi+j|wi). (2.10)

Word vectors produced by CBOW and Skip-gram all show higher performance in both

semantic and syntactic evaluation. Subsequent research found that Skip-gram aug-

mented with negative sampling, which also requires the model to predict a noisy word

wO wrongly, can yield higher-quality word vectors [Mikolov et al., 2013b]:

−logP (wi−n, . . . , wi+n) +
1

K

K∑
k=1

logP (wO
k |wi). (2.11)

GloVe. Pennington et al. [2014] from Standford University open-sourced another new

set of pretrained word embeddings called GloVe2. It is trained on a combination of the

Wikipedia dump and Gigaword5. GloVe makes use of word co-occurrence statistics in

the whole corpus as supervision which is ignored by local context window methods.

Instead of maximizing the conditional probability for every word, they formulate it as a

regression problem and train the model to approximate the statistical priors.

P (wi|wk) = fθ(z
T
i zk) ≈

Cik

Ci

, (2.12)

where Cik represents the count for the word wi to occur with a context word wk and Ci

represents the count for any word to occur with the word wi. Such supervision results in

a word vector space that excels word2vec by a large margin in the word analogy tasks.

Both word2vec and GloVe have been used in the research community as the commonly

used pretrained word embeddings for years. However, their shallow neural architecture

and simple training signals limit them from fully exploiting the potential in the corpora.

Since then, more unsupervised learning techniques were designed to pretrain language

models, attempting to encode rich information from large amounts of unlabeled data

into word representations. These pretrained word embeddings, when integrated with

supervised learning, can boost performance on a range of downstream tasks.
2https://nlp.stanford.edu/projects/glove/

https://nlp.stanford.edu/projects/glove/
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Skip-Thought Vectors. Kiros et al. [2015] are probably the first to adopt an encoder-

decoder neural architecture to pretrain word vectors, where the encoder encodes a sen-

tence w1:i to a fixed-length vector hi from which the decoder generates its subsequent

sentence wi+1:n. The training objective is to minimize the negative log-likelihood over

the decoded sentence:

−
n∑

k=i+1

logP (wk|hi) (2.13)

After pretraining, they use the pretrained encoder as a generic feature extractor for down-

stream tasks. Skip-Thought Vectors are often used for sentence representations and have

demonstrated superior performance on text classification tasks than using word2vec.

ELMo. To capture the polysemy of word meanings in different linguistic contexts, Peters

et al. [2018] proposed to pretrain a deep bidirectional LSTM language model and use

the internal states of LSTM as the representatations of words, which is called ELMo

(Embeddings from Language Models). For a given supervised task, we can either use

the final internal state or a weighted average of the internal states from all the L LSTM

layers and the input embedding layer to represent a word wi:

ELMo(wi) =
L∑
l=0

slhl, (2.14)

where the weights can be trained together with downstream tasks and
∑L

l=0 sl = 1.

Deep neural architecture can capture underlying context-dependent relationships be-

tween words. There were also other similar research on learning contextualized word

representations such as CoVE [McCann et al., 2017] and TagLM [Peters et al., 2017].

Contextualized word representations have demonstrated better performance than previ-

ous de-contextualized ones in more complex NLP problems such as word sense dis-

ambiguation. Their presence marks the transition from pretraining the shallow word

embeddings to pretraining the deep language models.

Generalization. The key of developing language models is to generalize them to

unknown domains. Neural language models demonstrate their superiority in this goal

over n-gram language models. This is achieved by introducing a pretraining stage to

derive high-quality word embeddings and even the whole language models to warm-

start the task-specific models. Pre-trained models can be used by all downstream tasks,

laying the foundation for artificial general intelligence.
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2.1.3 An Emergent Trend: Large-Scale PLMs

There has been a recent push to try to further the capabilities of language models by

training large-scale deep neural networks, namely transformers [Vaswani et al., 2017b],

on large amounts of unlabeled corpora, which give birth to a range of PLMs for natu-

ral language understanding and generation. The transformers do not use any RNNs or

LSTMs, but are purely based on feedforward neural networks and the attention mecha-

nism. This makes it possible to train transformers in parallel, allowing deeper and wider

neural networks to be trained under the same training budget. In contrast to previous

practice of learning word embeddings and task-specific neural models separately, mod-

els that are built on PLMs only needs to add a simple task prediction layer on top of

PLMs output, and finetune them together for a few epochs can achieve superior perfor-

mance than previous state-of-the-art models.

Attention Mechanism. It was first proposed in [Bahdanau et al., 2015] to cope with

the problem in which the performance of neural machine translation models deteriorates

on longer input sentences, which is caused by forcing the RNN encoder to compress

the entire input sentence into a vector. Specifically, for an input sentence w1:m encoded

by a bidirectional RNN as a sequences of hidden vectors h1:m, they propose to average

attention-weighted vectors using weights s1:m learned by a feedforward neural network

with softmax:

c =
m∑
i=1

sihi. (2.15)

The decoder generates words as usual but conditioned on c instead of hi. As a result,

the attention mechanism encourages the decoder to focus on input words that largely

contribute to the translation by assigning them with higher weights.

Transformer Network. A fundamental limitation with RNNs and LSTMs lies in their

inherent sequential computation nature where every hidden state hi has to wait for the

computation of the previous and future hidden states. Budget for computation time and

storage stretches as the input length increases. Vaswani et al. [2017b] from Google pro-

posed a new network architecture for sequence modeling, named Transformer, which is

solely based on feedforward neural networks with attention mechanism. Instead of re-

currently modeling the word dependency, they use attention to capture the relationships

between words at arbitrary distances. For sequence modeling problems, the Transformer
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utilizes two kinds of neural architectures, the encoder and decoder networks. The en-

coder network focuses on modeling word dependency while the decoder network focuses

on language modeling to successfully generate the expected sequence.

Open-source Pretrained Language Models. Based on the architecture, current open-

sourced PLMs can be divided into three categories:

• 1) Encoder-only PLMs consist of solely stacked encoders of the Transformer, such

as BERT [Mao and Liu, 2019], ALBERT [Lan et al., 2020], RoBERTa [Liu et al.,

2020], DPR [Karpukhin et al., 2020], and so on. They focus on a deep understand-

ing of natural languages and therefore can capture contextualized word represen-

tations for a given piece of text.

• 2) Decoder-only PLMs consist of solely stacked decoders of the Transformer, such

as GPT [Radford et al., 2018a], GPT-2 [Radford et al., 2019], CTRL [Keskar et al.,

2019], CPM [Zhang et al., 2021], LLaMA [Touvron et al., 2023], OPT Zhang et al.

[2022], and so on. They are good at generating high-quality natural languages.

The recently popular GPT-3.5 and ChatGPT demonstrate pretty strong generation

quality simply based on human-written prompts.

• 3) Encoder-decoder PLMs adopt both a stack of encoders and a stack of decoders,

a seq2seq machine translation architecture, with a goal to excel in both compre-

hension and generation tasks. PLMs under this category include T5 [Raffel et al.,

2020a], BART [Lewis et al., 2020], CodeGen Nijkamp et al. [2022], Tk-Instruct

Wang et al. [2022] and so on. While they aim to encapsulate all kinds of tasks,

they are not specialized for either language understanding or language generation.

Some popular PLMs, though not publicly available, provided APIs that allow users

to specify input text and receive a charged response as output. For example, GPT-3

[Brown et al., 2020], InstructGPT [Ouyang et al., 2022], FLAN [Wei et al., 2021a],

PaLM [Chowdhery et al., 2022], Flan-T5 Chung et al. [2022], and so on. These PLMs

are trained on different large-scale general-purpose corpora. Some of them are trained

using different augmentation techniques. Therefore, different PLMs are likely to ex-

hibit different semantic understanding or generation biases towards certain text genres

or domains. Depending on the number of transformer layers, each type of PLM can have

different scales ranging from millions to billions of parameters. It is usually the case that

the bigger the model, the better the zero-shot and few-shot performance. These PLMs
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can also be further trained towards a specific text genre or domain, which is discussed in

Section 2.2.2. A common practice of using PLMs is to finetune it together with a task-

specific head on much smaller supervised tasks. Fintuning transformer-based PLMs

generally excels finetuning LSTM-based PLMs on a broader range of tasks [Radford

et al., 2018b].

2.2 Domain Adaptation for PLMs

Adapting PLMs to specific domains is crucial to the practical deployment of PLMs.

In this section, we systematically examine all the existing possible solutions for adapt-

ing PLMs to target domains of interest. We revisit traditional domain adaptation (DA),

robust training, and other techniques such as personalization techniques to deal with do-

main shift problems. We cater to the recent popular learning paradigms such as prompt

learning and federated learning and aim to develop methods to enhance domain adapta-

tion of PLMs under these trends. To better overview what solutions hold the potential to

achieve this goal under different constraints, we propose a taxonomy (Table 2.1) follow-

ing a standard machine learning pipeline, covering data augmentation, model optimiza-

tion, and personalization techniques. The mainstream approaches focus on data augmen-

tation and model optimization or a combination of them. Personalization has been less

explored and most of the methods we surveyed are either recently emerging methods or a

resurgence of traditional machine learning approaches. This category considers practical

scenarios such as personalized healthcare and customized machine translator which are

characterized as either small-data problems or highly imbalanced problems (i.e., some

classes are scarce). We deem this category promising for the practical adoption of PLMs

at scale. The following content is presented following the taxonomy. At the end of the

chapter, we summarize related works by visualizing their assumptions, techniques, and

PLMs in Table 2.2 to provide a big picture of the current state of research.

Theories Earlier theoretical [Ben-David et al., 2006] and experimental [Blitzer et al.,

2007, Saenko et al., 2010] analysis for domain adaptation demonstrate that the test error

of supervised machine learning methods generally increases in proportion to the distribu-

tion differences between the training and test sets [Ben-David et al., 2010]. A theoretical

analysis for domain adaptation of language models indicates that pretraining on a larger

out-of-domain dataset before fine-tuning on a small in-domain dataset can achieve better

generalization than only in-domain training [Grangier and Iter, 2022]. They also show
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TABLE 2.1: A taxonomy for domain adaptation and generalization of PLMs.

Category Definition Subcategory

Data Augmentation
Methods that expand or shrink the source
domain training set, or prompt input data with
prior information.

S1: Importance Weighting
S2: Pseudo Labeling
S3: Data Synthesis
S4: Prompt Learning

Model Optimization
Methods that optimize the model parameters
using different learning objectives to induce
better data representations.

S5: Continual Learning
S6: Adversarial Learning
S7: Metric Learning

Model Personalization
Methods that adapt the same PLM to multiple
different domains together where each domain
distribution is relatively stable.

S8: Posterior Adaptation
S9: Specification
S10: Reparameterization

that larger size of pretraining sets does not necessarily bring performance gains to tar-

get domains. When their underlying distributions are similar, pretraining can benefit the

target-domain tasks.

Settings and Assumptions. The rapid development of transfer learning has given birth

to a number of transfer learning settings with each holding a different assumption on the

given data [Pan and Yang, 2009]. We review two adaptation settings for PLMs, namely

adaptation from pretraining to downstream tasks, which is usually achieved by continual

learning (Section 2.2.2), and adaptation from related source domains to target domains

of our interest. Regarding the feature space and the amount of labels available, recent

literature commonly adopt the following assumptions:

A1. Both domains share the whole feature space. Only the source domain has labels;

A2. The source and target domains share a part of the feature space. Only the source

domain has labels;

A3. Both domains share the whole feature space. Both domains have labels;

A4. The source and target domains share a part of the feature space. Both domains

have labels.

We follow Ramponi and Plank [2020] and make a difference between supervised domain

adaptation (SDA) and unsupervised domain adaptation (UDA) depending on whether

the target domain has labels. Note that in existing literature, UDA often assumes a large

amount of unlabeled data which is dense while SDA often assumes a small amount of
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labeled data which is sparse. Therefore, SDA does not always present an easier setting

than UDA. A few research papers adopts a semi-supervised domain adaptation setting

where a small amount of target-domain data are labeled, which is classified into SDA in

our thesis.

Other surveys. Comprehensive surveys for domain adaptation or pretrained language

models exist, each revisits related works from a different perspective: transfer learning

surveys [Pan and Yang, 2009, Weiss et al., 2016] provide a holistic view including but

not limited to DA; DA for visual applications [Patel et al., 2015, Csurka, 2017, Wang

and Deng, 2018]; multiple-source domain adaptation (MDA) [Mansour et al., 2008, Sun

et al., 2015]; neural UDA for NLP applications based on shallow and non-pretrained

language models [Ramponi and Plank, 2020]; DA and MDA for machine translation

[Saunders, 2022]; taxonomy of PLMs [Qiu et al., 2020] and comprehensive guide to

use PLMs for NLP tasks [Min et al., 2021] and particularly for text generation tasks [Li

et al., 2021]; parameter-efficient adaptation methods for PLMs [Ding et al., 2022].

2.2.1 Data Augmentation

The section of data augmentation includes all the techniques that achieve domain adap-

tation on the input level. The goal is to enhance the training data with more quality

information that can adapt PLMs to target domains. There are three ways to achieve

this. Importance weighting methods learn to weight the source domain such that only

samples that are related to the target domain will be used to update the model. Pseudo-

labeling methods expand the source domain training set by pseudo-labeling the unla-

beled data from the target domain and adding the pseudo-labeled data into the training

set to continually train the PLM. Prompting methods enrich the input data with addi-

tional information such as task descriptions about the target domain to prompt the PLMs

to perform target-domain tasks.

S1. Importance Sampling

Importance sampling methods [Owen, 2013] identify and select relevant data and try

to reduce the negative impact of irrelevant data from the source domain during domain

adaptation. Earlier research focus on designing a metric or criterion to measure the rel-

evance of a source-domain instance to a target domain with language models as knowl-

edge priors, e.g., the difference between the cross entropy of the sentences from two



20 2.2. Domain Adaptation for PLMs

domains:

∆H(Ds,Dt) =
∑
y∈Ds

p(y)logq(y|θ)−
∑
y∈Dt

p(y)logq(y|θ), (2.16)

where p is the empirical distribution over the domain corpus while q is the distribu-

tion predicted by the language model. The top k sentence pairs will be selected to

improve model performance by minimizing the importance weighted cross entropy over

the source domain dataset Ds:

L(θ, ŵ) = − 1

|Ds|
∑
y∈Ds

ŵ(y;Ds,Dt)logp(y|θ), (2.17)

where ŵ estimates the importance weights using metrics such as ∆H. The quality of

sampled training set from the source domain depends on the relative size of the source

and target datasets and the quality of the estimators [Grangier and Iter, 2022]. They have

been applied to enhance machine translation performance [Axelrod et al., 2011, Wang

et al., 2018].

Dynamic data selection methods [van der Wees et al., 2017] relax the hard selection

procedure by assigning the normalized scores to source-domain samples and retain all

the source-domain vocabulary while lowering the importance of irrelevant data during

training. Influence function [Koh and Liang, 2017] traces a model’s prediction through

backpropagated gradients over its training data to identify those training points that are

important for making the prediction. It has been applied to the pretrained ResNet for

image processing tasks [Pruthi et al., 2020], vanilla Transformers for neural machine

tranlation [Wang et al., 2021b, Mohiuddin et al., 2022, Iter and Grangier, 2021] and so

on. Other approaches may include training a domain classifier to select source-domain

data based on the domain probability [Ma et al., 2019], which involves a multi-source

setting. The lower the probability, the more similar the sample is to the target domain.

They successfully enhanced domain adaptation of BERT on classification tasks. Impor-

tance weighting techniques have also been studied for partial domain adaptation (PDA)

where the target-domain classes are only a subset of source-domain classes [Zhang et al.,

2018, Cao et al., 2019]. Zhang et al. [2018] propose a two domain classifier strategy to

identify the importance score of source samples. Cao et al. [2019] propose a progressive

weighting scheme to quantify the transferability of source examples to achieve PDA.

However, PDA has not been studied for PLMs adaptation yet.

S2. Pseudo labeling



Chapter 2. Literature Review 21

Pseudo labeling is a straightforward name for methods that use a source-domain clas-

sifier to generate pseudo labels for unlabeled data from the target domain. Compared

with importance sampling, pseudo labeling focuses on utilizing target-domain unlabeled

data. It is also known as self-training [McClosky et al., 2006] which utilizes the most

confident labeled data from target domain to augment the source-domain labeled dataset

to continuously train the source-domain model. The resulted model gains an improved

discriminative ability on target-domain features. Pseudo labeling can be used in both

SDA and UDA settings.

However, pseudo-labels are generally noisy. Since the capacity of PLMs is large enough,

simply finetuning PLMs can easily overfit the corrupted labels and therefore hurt the

generalization performance. Chen et al. [2020] propose to combine domain-adversarial

learning with pseudo labeling where a trainable confusion matrix is optimized against a

domain discriminator to reduce the gap between the pseudo-labels and the ground truth.

El Mekki et al. [2021] applies this approach [Chen et al., 2020] to enhance BERT in

Arabic cross-domain sentiment analysis. Ye et al. [2020] enhances the quality of pseudo

labels by combining self training with knowledge distillation, which distills feature dis-

criminative ability from PLMs to a smaller feature extractor. Liu et al. [2021] propose to

reduce the domain shift through cycle self-training where a target classifier is trained on

the pseudo labeled target-domain dataset and is required to perform well on the labeled

source-domain dataset. Self-training can be extended to gradual domain adaptation in

which intermediate domains are treated as target domains step by step [Kumar et al.,

2020].

Apart from self-training, pseudo labeling can be used to induce domain invariance for

domain adaptation. Wang et al. [2019a] uses a LSTM-based model to generate pseudo

questions for target-domain passages and train a domain classifier to discriminate a given

passage-question pair as coming from which domain. The answer generator is trained on

the induced domain-invariant representations to adapt to the target domain task. Pseudo

labeling methods can be applied to solve other machine learning problems such as learn-

ing from label proportions [Ardehaly and Culotta, 2016].

S3. Data Synthesis. Data synthesis methods refer to those generating new data points

for the target domain using PLMs. It has been a new trend in the realm of domain adap-

tation recently. The purpose is to leverage the strong generation capability of generative

PLMs such as BART to generate labeled pseudo-data for the target domain using labeled
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information from the source domain. This neatly bypasses the domain discrepancy be-

tween different domains. For example, Yu et al. [2021b] proposed a review generation

approach for cross-domain aspect-based sentiment analysis (ABSA). The synthesized

review data is obtained by converting the domain-specific attributes (e.g., aspects, opin-

ions, and collocations) of a source-domain example to those of the target domain using

BERT. Similarly, Li et al. [2022] improved the quality of the synthesized data using

a more powerful generative PLM, BART, to generate the masked attributes for cross-

domain aspect and opinion extraction. Different from the direct generation approach,

Chen et al. [2021] and Calderon et al. [2022] proposed to augment the original task

by generating counterfactual data points that cross the domain but preserve the labels.

The task-specific classifier is trained to be robust on the enhanced datasets, thereby dis-

entangling the resilience on domain-specific features. In particular, Chen et al. [2021]

adopted a reinforcement learning framework to gradually enhance the data generator and

the sentiment classifier. In [Yang et al., 2022], authors set up a few-shot learning set-

ting in which only a few in-domain examples are provided and the model is required to

perform cross-domain named entity recognition. To overcome the small data challenge,

they propose to generate pseudo examples using BERT to generate the masked enti-

ties in the context. The synthesized examples are used to enlarge the few-shot dataset

to improve training stability. Overall, generative data augmentation methods generate

synthesized data, which is domain-agnostic, to augment the original dataset. Training

models on such augmented dataset is expected to be independent on domain-specific

attributes and thereby improving cross-domain generalization performance.

S4. Prompt Learning

Recently, prompt methods arise as a new paradigm for adapting PLMs to downstream

tasks. Prompting refers to methods that prompt the PLMs with additional information

about the data such as task descriptions that are used to augment the input data. The

resulted input data is usually in a cloze-question format where a template with prompt

wp encloses the original instance win and a mask token is left for PLMs to predict the

label words wl:

P (wl|win, wp) = argmax
wp

fθ(win, wp). (2.18)

With a properly designed prompt for the task at hand, a PLM can correctly generate the

label words based on its inner language modeling knowledge priors, which has demon-

strated excellent few-shot performance on a range of datasets [Brown et al., 2020]. The

effect of prompt may be derived from the fact that it leverages the language modeling
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objective to activate some parameters inside the PLM, making the relationship between

the original input data and the label stronger. Recent studies show that the PLMs can

behave differently with different kinds of prompts input to GPT [Meng et al., 2022] and

other PLMs [Creswell and Shanahan, 2022].

The additional information that carried by prompts is restricted by the length of manu-

ally written prompts. Instead, soft prompt tuning methods [Lester et al., 2021, Li and

Liang, 2021, Liu et al., 2022, Hambardzumyan et al., 2021] learn prompts through back-

propagation on training data. They have demonstrated comparable performance with

full-model tuning when the PLMs are large enough. SPOT [Vu et al., 2022] proposes

to pretrain soft prompts on a set of source-domain datasets and then use the trained soft

prompts to boost prompt tuning for target domains. PPT [Gu et al., 2022] introduces

unsupervised tasks such as next sentence prediction as the pre-text task for prompt pre-

training. After that, the soft prompts are finetuned on the few-shot target-domain data.

OPTIMA [Guo et al., 2022a] improves over SPOT and PPT by directly performing do-

main adaptation. Prompts are also shown to boost full-model fine-tuning in LM-BFF

[Gao et al., 2021], PET [Schick and Schütze, 2021a,b], and PERFECT [Rabeeh et al.,

2022].

2.2.2 Model Optimization

This section describes methods that achieve domain adaptation by designing loss func-

tions and regularization techniques to optimize models. The goal is to effectively train

the model to learn to transfer the knowledge from related source domains to the target

domains. There are three ways to achieve this goal. Continual learning methods contin-

uously train the PLM on the target domain using pretraining tasks, aiming to adapt the

contextualized representations to the target-domain text genre to reduce the gap between

pretraining and downstream tasks. Adversarial learning methods refer to domain ad-

versarial training, which extracts domain-invariant representations in a GAN-like setup,

and adversarial training, which enhances model generalization performance by smooth-

ing its decision boundary against adversarial perturbations. Metric learning methods

train the model to optimize certain metric such that the source domain data represen-

tations look like those of the target domain. Models that perform well on those source

domain samples can generalize to similar target domain samples as well.

S5. Continual Learning
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Continual learning aims to specialize a PLM to a particular domain by continuing the

pretraining task on the abundant unlabeled corpora, such as BioBERT [Lee et al., 2020]

trained on biological documents, SciBERT [Beltagy et al., 2019] trained on scientific pa-

pers, ClinicalBERT[Alsentzer et al., 2019, Huang et al., 2019a] and ClinicalCLNet[Huang

et al., 2019b] trained on clinical notes, FinBERT [Araci, 2019] trained on financial new,

LegalBERT [Chalkidis et al., 2020] trained on legal documents, BERTweet [Nguyen

et al., 2020] trained on English tweets, and BERTweetFR [Guo et al., 2021b] trained on

french tweets. During this stage, we continue to train the PLM using the same pretrain-

ing task, which is usually a language modeling objective, on the target domain datasets.

When data from the target domain are far from enough for the pretraining tasks, then

the pretraining objective often plays a role of regularization in the loss functions for the

downstream tasks. Based on the purpose of continual pretraining, we categorize methods

into vocabulary adaptation, pretrain-finetune and continual adaptation.

1. Vocabulary Adaptation. Texts in specialized fields may contain numerous domain-

specific terms which are not found in open domain corpora and are therefore not well

captured by the vocabulary of PLMs. Domain-specific vocabularies can help domain

adaptation of PLMs [Gu et al., 2021]. For example, training the special token embed-

dings of GPT-2 can enable it in task-oriented dialogue use cases without the need of

training new dialogue submodules [Budzianowski and Vulić, 2019]. Zhang et al. [2020]

propose to extend the vocabulary of RoBERTa with frequent words from target domains

and continue to finetune RoBERTa using a self-constructed reading comprehension task

based on coarse annotations. The post-trained RoBERTa was shown to improve low-

resource QA tasks from the target domain. Yao et al. [2021] propose to expand the

vocabulary of BERT with domain-specific corpus and continue to train BERT on the

target domain using masked language modeling and knowledge distillation objectives

to distill BERT to a small-scale LM which is supposed to be trained as an expert for

domain-specific tasks. Sachidananda et al. [2021] show that the common words from

target domains can be represented as the mean of their subword embeddings without fur-

ther pretraining, which can also effectively adapt BERT to new domains. Poerner et al.

[2020] propose to adapt BioBERT to the target domains by aligning its word embeddings

to the embeddings trained with Word2Vec [Mikolov et al., 2013c] on the target-domain

corpus. To alleviate the semantic shift problem of tokens embeddings during continual

pretraining in target domains, Vu et al. [2020] propose a mask learning strategy to ad-

versarially mask out tokens that are hard to reconstruct by the BERT. Lekhtman et al.

[2021] propose to use aspect category information to selectively mask tokens for masked
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language modeling and continue to pretrain BERT to induce both domain-invariant and

category-invariant representations for cross-domain aspect extraction.

2. Pretrain-Finetune. Studies in [Gururangan et al., 2020] show that it is helpful to

tailor a pretrained model to the domain of a target task through a second phase of pre-

training for both high- and low-resource settings. The cross-domain adapted BERT [Ri-

etzler et al., 2019] demonstrates that domain-specific language modeling followed by

supervised task-specific finetuning can significantly boost aspect-based sentiment clas-

sification. Karouzos et al. [2021] propose to add MLM loss on the target-domain data as

regularization during finetuning BERT for source-domain sentiment classification. Du

et al. [2020] propose to enable BERT with domain awareness by introducing adversarial

domain discrimination into the continual pretraning stage where BERT is further pre-

trained on the sentiment classification datasets using masked language modeling. Un-

supervised domain adaptation of BERT to languages of special genres, such as Early

Modern English and Tweets, can be achieved by only finetuning the contextualized em-

beddings using masked language modeling on unlabeled text from the target domain

[Han and Eisenstein, 2019]. Continual pretraining on unlabeled data from target domain

using language modeling has shown to be effective to adapt AraBERT [Antoun et al.,

2020] to tweets data for arabic dialect identification [Beltagy et al., 2020]. Nishida

et al. [2020] shows that finetuning BERT with language modeling on the target-domain

datasets while performing reading comprehension on the source-domain QA datasets

can better adapt BERT to the target-domain QA datasets.

3. Continual Adaptation. Continual pretraining is closely related to lifelong learning

or continual adaptation [Parisi et al., 2019] in which a general model is continuously

adapted to new domains. Xu et al. [2021] shows that gradually finetuning BERT-based

dialogue models in a multi-stage process is better than one-stage finetuning. Thomp-

son et al. [2019] adopt the lifelong learning setting and train the BART across different

domains for text generation. Despite simple and easy to deploy, this learning setting

typically incur a catastrophic forgetting problem [McCloskey and Cohen, 1989, Kirk-

patrick et al., 2017]. Blindly continue pretraining a given PLM on the target domain

can be trapped in the forgetting problem. Studies in [Yu et al., 2021a] demonstrate

that the dissimilarity between the pretraining data and target domain task can degrade

the effectiveness of BART in abstractive summarization in which case seeking a relate

source domain to perform domain adaptation can be helpful. The performance degrada-

tion on the target domain can be reduced by inventing more advanced techniques such
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as look-ahead learning on the domain discriminator under adversarial neural transfer

[Guo et al., 2021a], where BERT representations can be better adapted to the target

domain. To enable temporal domain adaptation of PLMs to emering data, Jin et al.

[2022] studied different continual learning algorithms to continue pretraining RoBERTa

in new domains. Experiments show that distillation-based continual learning achieves

better temporal generalization performance than other possible solutions include tuning

domain-specific adapters [Houlsby et al., 2019] and memory replay methods [Chaudhry

et al., 2019].

S6. Adversarial Learning

Adversarial learning methods generally employ a GAN-like setup [Goodfellow et al.,

2014] where a domain discriminator is optimized against the task-specific learning ob-

jectives.

1. Domain-adversarial Training. Instead of directly fitting a single PLM on non-

identical domains, the leading solution to this problem is to reconfigure the network into

domain-agnostic and domain-specific layers [Rebuffi et al., 2017, Wang et al., 2019b].

The mainstream domain adaptation approaches in the literature are developed based on

domain-adversarial neural networks (DANN) [Ganin et al., 2016] or adversarial dis-

criminative domain adaptation (ADDA) framework [Tzeng et al., 2017]. The goal is

to induce domain-invariant representations via the domain-agnostic layers and map the

source and target data into a common feature space by solving a min-max game between

argmin
θG

LC(xs, ys)− LAD(xs, xt), (2.19)

and

argmin
θD

LAD(xs, xt), (2.20)

where θD denotes the parameters of domain discriminator and θG denotes the reset pa-

rameters of the model including the task classifier. LAD computes the cross entropy for

domain classification over source and target domains:

LAD(xs, xt) = −log(P (xs = 1))− log(P (xt = 0)). (2.21)

Lee et al. [2019] employs a domain discriminator and applies domain-adversarial train-

ing to achieve domain generalization of BERT for QA tasks. Wang et al. [2019a] gen-

erates pseudo questions for unlabeled target-domain passages and a domain classifier is
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applied on top of BERT to discriminate which domain a passage-question pair comes

from. Zou et al. [2021] use the domain discriminator to deceive an autoencoder to en-

force RoBERTa to produce domain-invariant representations. Ghosal et al. [2020] pro-

pose to improve DANN with an external knowledge base, ConceptNet, to enhance both

domain-specific and general knowledge extraction for cross-domain sentiment analy-

sis. Tang et al. [2020] propose to exploit structural domain similarity to enhance the

discriminability of domain-invariant representations for the target-domain data.

Studies in [Ryu et al., 2022, Guo et al., 2021a] found that a catastrophic forgetting prob-

lem occurs when the ADDA framework is applied to the BERT model. Guo et al. [2021a]

propose a look-ahead optimization strategy to accommodate the adversarial domain dis-

crimination loss and the task-specific classification loss when optimizing BERT repre-

sentations. Ryu et al. [2022] propose to use knowledge distillation [Hinton et al., 2015]

to distill knowledge from source encoder to target encoder, thereby regularizing ADDA

for unsupervised domain adaptation of BERT.

2. Adversarial Robustness and Consistency Training. Adversarial robustness refers

to ensuring models to be robust against adversarially generated perturbations. Consis-

tency training [Sajjadi et al., 2016, Xie et al., 2020] forces the model to make consistent

predictions against small perturbations which are not necessarily to be adversarial noise.

Both techniques try to smooth the decision boundary to improve the generalization per-

formance of a model in the face of a small distribution deviation within a tolerance

bound:

x′
s = xs + ϵ▽xs LC(xs, ys). (2.22)

The perturbed samples x′
s will be added to the training set to train the model to minimize

the original classification loss over them:

LAT = LC(xs, x
′
s, ys) (2.23)

This kind of regularization technique has been widely adopted in NLP. For example, Park

et al. [2022] produce discrete virtual adversarial noise to the token embeddings. Yoon

et al. [2021] apply mixup to perturb the spans of the input texts for text classification

for consistency training. Kim et al. [2021] propose a consistency training framework to

enhance the conversational dependency of question answering. They have shown to be

able to boost the generalization performance of a model. Recent studies show that AT

can also help domain adaptation by focusing on smoothing the decision boundary where
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source and target domain are similar [Guo et al., 2022a, Liu et al., 2019, Jiang et al.,

2020]:

Lall = LC(xs, ys) + λ1 ·LAT (xs, ys) + λ2 ·LAD(xs, xt). (2.24)

Using λAD to generate perturbations can reduce the domain gap thereby enhancing do-

main adaptation [Jiang et al., 2020]. In [Guo et al., 2022a], authors found that optimizing

the domain discrimination loss and task classification loss for T5-based prompt tuning

across domains suffer from low capacity of the soft prompts while applying λAD to

generate transferable perturbations can avoid the loss competition problem [Guo et al.,

2021a]. Moreover, the problem of tail classes alignment across domains can also be

alleviated by training against adversarial perturbations for semantic segmentation [Yang

et al., 2020]. However, this topic has not been studied in NLP yet.

S7. Metric Learning

Metric learning techniques have also been explored for the purpose of domain adapta-

tion. The goal of applying metric learning is to train the neural networks to optimize a

designed metric such that the resulted representations can have certain property. Earlier

research focus on aligning the output distributions of the source and the target domains

by minimizing the discrepancy between them. Tzeng et al. [2014] was the first to adopt

Maximum Mean Discrepancy (MMD) [Gretton et al., 2012] metric for both SDA and

UDA settings. MMD is computed on the CNN representations of source and target

images as a measurement of distribution discrepancy:

LM = ∥ 1

|Xs|
∑

xs∈Xs

fθ(xs)−
1

|Xt|
∑
xt∈Xt

fθ(xt)∥. (2.25)

The model tries to learn representations that are invariant to source and target domains

by minimizing the squared MMD loss together with the task-specific loss:

L = LC(Xl, Y ) + λL2
M(Xs, Xt), (2.26)

where Xl contain all the labeled data from source and target domains. Another com-

monly used metric is correlation analysis. Sun and Saenko [2016] and Sun et al. [2016]

are the first to use correlation analysis to reduce the domain shift in UDA. Rahman

et al. [2020] combine the correlation analysis and adversarial learning to achieve do-

main adaptation and generalization. The goal of correlation-based domain alignment is
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to minimize the difference between the covariance of the source features and the covari-

ance of the target features:

Lcor(xs, xt) = ∥cov(fθ(xs))− cov(fθ(xt))∥2F , (2.27)

which is used to regularize the overall training objective:

L = LC(Xl, Y ) + λLcor(Xs, Xt). (2.28)

Mutual information (MI) has also been exploited for domain adaptation [Li et al., 2020]

in which the MI between the representations from two domains are maximized to ex-

tract domain-invariant features on top of XLM [Conneau and Lample, 2019]. This kind

of approach stems from Informax optimization, which refers to the principle that when

a set of input values is mapped to a set of output values through a function, the Shan-

non mutual information between them should be maximized. Enforcing neural network

representations of data to match a specific statistical prior came with adversarial autoen-

coders [Makhzani et al., 2015]. Deep Informax [Hjelm et al., 2019] extends this idea to

Informax Optimization problems to constrain representation learning. The quality of the

learned representations can be measured by the mutual information between them and

the corresponding input data [Belghazi et al., 2018]. They can be used for independent

component analysis.

2.2.3 Model Personalization

This section introduce techniques that can achieve multi-target domain adaptation with

a single PLM. The goal is to adapt the same PLMs to different domains manifested as

personal preferences. We divide the possible solutions into three categories. Posterior

adaptation methods adapt the conditional predictions P (X|Y ) using statistical priors

such as label proportions to adjust the predicted distributions towards the target domain

distributions. Specification methods specify a small set of the parameters in the PLM to

be adapted to the target domain without changing the remaining parameters. Reparam-

eterization methods add external parameters beside the PLM to map the PLM represen-

tations to a lower space where the goal is to learn from the target domain data without

changing any parameter of the PLM.
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Motivation. Understanding personal habits of language usage in terms of named entities

[Li et al., 2018], part-of-speech [Sennrich and Haddow, 2016], and syntactic structure

[Aharoni and Goldberg, 2017], is important to personalize a system to different users.

These information are contained in domain-specific data. The challenge is that finetun-

ing every copy of the same PLM on a different domain could be prohibitive as the model

size and the number of domains grow. The task of personalizing the same PLMs to dif-

ferent domains at scale is at the intersection between domain adaptation and personalized

federated learning (PFL) [Tan et al., 2022]. The latter is proposed to solve the problem in

which FL-trained models incur performance drop across different data distributions from

different clients. In view of the practical significance of providing customized NLP ser-

vice for applications such as personalized response generation [Yang et al., 2017, Zhang

et al., 2019], we aggregate those methods that are promising to adapt the same PLMs

to different domains into this category. There are three kinds of ways to achieve this.

Posterior adaptation methods study how to adapt a fixed pretrained model to a domain

where the label distributions shift from the training data. Specification methods specifies

a small amount of the inner parameters of PLMs to be tuned using the domain-specific

datasets. Reparameterization methods inject new parameters to PLMs without changing

any of the pretrained parameters.

S8. Posterior Adaptation

Empirical rish minimization trains a neural model to estimate the posterior probability

p̂(Y |X) to describe how likely the observed training data x happen to be the label y.

The model tries to approximate the true class priors p(y|x) by learning from more repre-

sentative training data or using different optimization techniques. However, in practical

evaluation scenarios, the prior probabilities may differ from that of the training set and

may even change from one domain to another, which is often called prior shift or label

shift [Šipka et al., 2022]. Coping with prior shift is important for personalizing PLMs

to multiple different domains since re-training a PLM is quite expensive and can eas-

ily overfit an imbalanced and small dataset. Based on Bayes rules, we can derive the

following:

p(y|x) = p(y)

p(x)
·
p̂(y|x)p̂(x)

p̂(y)
∝ p̂(y|x) ·

p(y)

p̂(y)
, (2.29)

where the ratio p(y)
p̂(y)

implies the prior shift. In [Šipka et al., 2022], authors propose

the test-time adaptation of a fixed pretrained classifier after a prior shift happens by

re-weighting its predictions based on confusion matrices. To avoid over-confident pre-

dictions due to overfitting to some classes, Alexandari et al. [2020] propose to calibrate
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the confidence of classifier predictions by adding class-specific bias terms:

p̂(y|x) = exp(zi(x)/β + bi)∑
j exp(zj(x)/β + bj)

, (2.30)

where zi(x) represents the output logits of the input x and β is a temperature scaling

factor. These methods focus on solving the label shift problem of one target domain.

Extending this problem to multiple domains calls for another line of machine learning

research called Learning from label proportions (LLP) in which the training data is pro-

vided in groups and only the label distribution for each group is given [Quadrianto et al.,

2008, Rueping, 2010]. Given a model parameterized by θ, the task is to predict indi-

vidual labels y ∈ {−1, 1} for each group. The key is how to utilize the given label

proportion to optimize model’s predictions. Yu et al. [2013] propose the ∝SVM regu-

larization approach which minimizes a penalization term Lpn to reduce the difference

between the true label proportion pk and the estimated label proportion p̂k of group k :

Lpn(p̂k(y|x), pk(y); θ) = |p̂k(y|x)− pk(y)| (2.31)

Solving LLP problems enables interesting applications such as modeling voting behav-

iors across different demographic groups [Yu et al., 2013]. However, the use of LLP

methods may raise concerns about privacy leakage resulted from observing label pro-

portions. To mitigate this issue, Guo et al. [2022b] propose to adopt federated learning

framework in which training data and label proportions are kept on local devices while

only the model parameters are communicated between devices. On each client the true

label proportion is used to penalize the estimated one with a temperature scaling factor

β tuned on validation set:

Lpk(p̂k(y|x), pk(y); θ) =
p̂k(y|x)
pk(y)β

(2.32)

S9. Specification

Specification methods specify a part of the parameters of a PLM to be tuned for domain

adaptation. A cross-lingual study [Lee et al., 2021] found that selectively post-train pa-

rameters of RoBERTa which is pretrained on high-resource languages can better adapt

it to low-resource languages. Michel and Neubig [2018] propose personalized model

adaptation solely performed on the output vocabulary bias vector. Wuebker et al. [2018]
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propose a parameter-efficient domain adaptation setting for training personalized ma-

chine translation models. Most of the model parameters are frozen during training while

a set of offset tensors are personalized to each user and need to be trained. Structured

sparsity is encouraged on the offset tensors via group lasso regularization [Scardapane

et al., 2017] to reduce parameters consumption from each user. Similar as the design of

residual adapters for visual domains [Rebuffi et al., 2017], modular domain adaptation

for text understanding [Chen et al., 2022] also successfully applied domain-specific bias

and normalization terms in customizing models to different users. Sun et al. [2021] pro-

poses partial PFL which loads a subset of the global model’s parameters as initialization

on each client and shows improved generalization under cross-domain evaluation. BitFit

[Ben Zaken et al., 2022] updates the bias of PLMs while freezing the rest parameters.

Their ablation studies also show that finetuning only a subset of all the bias terms in

the PLM can achieve similar performance as finetuning the whole bias set, indicating

a specialization on the bias set is promising to adapt the PLM to multiple domains to-

gether. However, when equipped with large enough PLMs, different parameter-efficient

adaptation methods result in similar performance [Ding et al., 2022], indicating an upper

bound may exist for the adaptation performance of PLMs.

It is possible to localize knowledge in a PLM in order to make targeted parameter up-

dates without forgetting most of the already-learned knowledge [Dai et al., 2022, De Cao

et al., 2021, Mitchell et al., 2022]. However, repeated editing the PLM can still exhibit

forgetting problems [Hase et al., 2021]. Elucidating the scenarios in which personaliza-

tion does or does not benefit performance is an important direction for future work.

S10. Re-parameterization

Re-parameterization methods adapt large-scale PLMs by optimizing a low-dimensional

subspace of the model or transformed from the model. Adapter modules [Rebuffi et al.,

2017, Wang et al., 2019b] come to compress many visual domains together to adapt

a single model to multiple domains together without ignoring domain-specific features.

The first approach to adapt a frozen PLMs to domain-specific datasets came with Adapter

tuning [Houlsby et al., 2019] which inserts an adapter module, simply two linear layers

with activation and skip-connection, between transformer blocks of PLMs. Cooper Stick-

land et al. [2021] injects domain-specific and language-specific adapters to a vanilla

Transformer which is pretrained on multilingual data and adapt it to new domains and

new languages together for machine translation. Chronopoulou et al. [2022] specializes
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GPT-2 in a number of domains by constructing a hierarchical tree with each node as-

sociated with an adapter module. The GPT-2 is finetuned together with those adapters

with the task of language modeling. The hierarchical adapters allows the partially shar-

ing of similar domains, which generalizes better than assigning each domain with a

domain-specific adapter and enforcing all domains to share the same adapter. Adapter-

Drop [Rücklé et al., 2021] enhances the generalization performance of Adapter tuning

by learning to drop out some adapter layers. Compacter [mahabadi et al., 2021] reduces

trainable parameters of adapter by decomposing the linear layers into low-rank matri-

ces while maintaining the same performance. Parallel Adapter [He et al., 2022] inserts

an adapter to every transformer layer in parallel which allows adaptation to be faster

than the sequential Adapter [Houlsby et al., 2019]. LoRA [Hu et al., 2022] injects a

trainable low-rank matrix aside each dense layer in the transformers to enforce the layer

parameters to be decomposed into low-rank matrices.
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Chapter 3

Sample-Efficient Prompt Tuning with
Domain Adaptation

3.1 Motivation

Prompt tuning [Lester et al., 2021, Li and Liang, 2021, Liu et al., 2022, Hambardzumyan

et al., 2021] is an effective method for adapting large-scale pretrained language models

for downstream tasks. While keeping the PLM weights unchanged, prompt tuning trains

input vectors, called soft prompts, that are input to the PLM alongside the text. The suc-

cess of prompt tuning has inspired subsequent studies on parameter-efficient adaptation

of PLMs [Ding et al., 2022, Su et al., 2021, Wei et al., 2021b, Zhu et al., 2022].

However, training effective soft prompts usually requires sufficient labeled training data

[Su et al., 2021]. Studies have shown that prompt tuning significantly underperforms

full-model tuning on many few-shot classification tasks [Gu et al., 2022]. Our experi-

ments corroborate this finding. In addition, we find that, in few-shot learning, prompt

tuning is equally, if not more, sensitive to random seed choices compared to full-model

tuning, despite having far fewer trainable parameters (§3.3.4). Gu et al. [2022] address

this by transferring prompts learned from a source domain to the target domain with few

training data.

We investigate a related but different application scenario, domain adaptation, where we

have many unlabeled examples but no labeled examples from the target domain. Such

situations are common when data are abundant but the labeling cost, including annotator

35



36 3.2. Domain Adaptation for Prompt Tuning

recruitment, annotator training, and quality assurance, is high. As a result, utilizing the

unlabeled examples efficiently is crucial to performance.

We propose bOosting Prompt TunIng with doMain Adaptation (OPTIMA). Employing

regularization from adversarial perturbation, OPTIMA learns a smooth decision bound-

ary that passes through regions of low data density. In addition, recognizing that the

feature distributions in the two domains may overlap only partially, we propose to focus

the regularization on regions where the target-domain and source-domain data exhibit

high similarity. We illustrate the intuition in Figure 3.1.

Source-domain 
Classes

Target-domain 
Classes

FIGURE 3.1: Smooth vs. zigzag decision boundaries. Left: When the distribution
of the target-domain data (orange) is similar to the source domain (blue), the smooth
decision boundary (solid line) generalizes better than the zigzag boundary. Right: When
the distributions are different, smoothness is of dubious benefit.

3.2 Domain Adaptation for Prompt Tuning

In this section, we first introduce prompt tuning for text classification. Then, we in-

troduce how to enhance the in-domain generalization performance of soft prompts by

augmenting the input with virtual perturbations. Next, we propose how to optimize the

perturbations to reduce the domain gap and obtain soft prompts with domain-invariant

knowledge. Finally, we show how to use soft prompts to boost few-shot learning in the

target domain.

3.2.1 Preliminaries: Prompt Tuning

We start by introducing some notations. The input x is a sequence of n token embed-

dings, x = ⟨x1, . . . , xn⟩. The trainable soft prompt sequence p has m embeddings,

p = ⟨p1, . . . , pm⟩. The manually designed hard prompt sequence h has k token embed-

dings h = ⟨h1, . . . , hk⟩. All embedding vectors have d dimensions. The soft prompt

and the hard prompt are both task-specific. The hard prompt text is usually a natural
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language description of the task, whereas the soft prompts do not correspond to any text

and are trained directly using gradient descent.

For classification problems, we adopt the masked language modeling formulation, which

aims to predict a predefined verbalizer token y ∈ V at a masked position in the input. For

example, for binary classification, the words “yes” and “no” may be used as verbalizers

that indicate positive and negative predictions, where we may define the label space as

Y = {yes, no}. In encoder-only networks such as BERT [Devlin et al., 2019], the output

of the encoder is mapped to the label space Y via a projection head. In encoder-decoder

networks like T5 [Raffel et al., 2020b], the decoder is responsible for generating the

verbalizer token.

We concatenate all sequences and the embedding of the [MASK] token, e([MASK]), to

form the final input to the PLM: ⟨p;h;x; e[MASK]⟩. For simplicity, we use the function

f(x,p) to denote the PLM prediction at the masked position, which is a multinomial

distribution over Y . We adopt the cross-entropy classification loss ℓxe with the ground-

truth label y ∈ Y .

ℓxe(x, y,p) = −log P (f(x,p) = y). (3.1)

We optimize the soft prompt by minimizing the expected loss over the labeled training

set, D:

p∗ = argmin
p

E(x,y)∈D
[
ℓxe(x, y,p)

]
. (3.2)

3.2.2 The OPTIMA Approach

We build OPTIMA off two intuitions regarding domain adaptation. First, as the target

domain provides no direct supervision, it is easy to overfit the source domain. Therefore,

it is important to mitigate overfitting by regularizing the network to maintain a smooth

decision boundary.

Under an adversarial learning framework, we seek a small perturbation δ that, when

added to the input, results in maximum change in the model prediction. After that, we

optimize the model parameters to minimize the prediction change under the adversarially

perturbed input. The overall result is a network whose output f(x) changes little where

a small change is added to the input x. In the sense of Lipschitz continuity, such a

decision boundary is smooth. Smooth decision boundaries can be understood as passing
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through regions of low data density and are shown to improve generalization [Huang

et al., 2020, Cicek and Soatto, 2019, Kim et al., 2019].

The second intuition is that we do not have to regularize the entire decision boundary.

As the source and target domains may have different data distributions, all that matters

is the decision boundary segment close to the target-domain data. Therefore, we target

the regularization and the perturbation δ to areas on the data manifold where the source

domain and target domain are similar.

Specifically, we have a labeled dataset from the source domain, Ds = {(x(i)
s , y

(i)
s )}Ns

i=1,

drawn i.i.d. from the distribution Ps and an unlabeled dataset from the target domain,

Dt = {x(j)
t }Nt

j=1, drawn i.i.d. from the distribution Pt. We define ℓKL as the KL diver-

gence between the prediction of the original input and that of the perturbed input,

ℓKL(δ,p,xs) = KL(f(xs,p) ∥ f(xs + δ,p)). (3.3)

ℓKL measures how much the model prediction changes when the perturbation δ is applied

to xs and captures the smoothness of the decision boundary. We illustrate the intuition

in Figure 3.2.

Class 0
Class 1

FIGURE 3.2: Intuition about perturbation and smoothness. Under the zigzag (non-
smooth) decision boundary, a small perturbation with a well-chosen direction is suffi-
cient to flip the predicted class. The smooth boundary requires a larger perturbation.

Further, we introduce a domain discriminator network parameterized by θd, which at-

tempts to distinguish data instances from the two domains. This network is trained to

reduce the domain discrimination loss Ldisc,

Ldisc(δ,xs,xt) =Exs,xt

[
− log P (z = 1|xs + δ)

− log P (z = 1|xs) (3.4)

− log P (z = 0|xt)
]
,
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where z is the network output. This loss is a variation of the cross-entropy with an

additional term where xs is perturbed by δ. In addition, we define an adversarial loss,

ℓadv(δ,xs) = −log P (z = 1|xs + δ), (3.5)

which, when maximized, causes the domain discriminator to mistake the perturbed

source example xs + δ as coming from the target domain.

For a given source-domain input, xs, we find the perturbation δ∗ within a ϵ-radius ball

that maximizes the following objective,

δ∗ = argmax
δ,∥δ∥2≤ϵ

ℓKL(δ,p,xs) + ℓadv(δ,xs). (3.6)

Here, ℓadv(δ,xs) can be understood as a regularization term for δ. By maximizing ℓKL,

we seek a disturbance to the input that causes the most change in the model prediction.

At the same time, the disturbed input xs + δ∗ from the source domain should resemble

data in the target domain, in order to maximize ℓadv(δ,xs); ℓadv constrains δ∗ to the

region where the data from the two domains are similar.

We optimize the above loss w.r.t. δ using projected gradient ascent (PGA). After every

gradient descent step, δ is projected back to the ϵ-radius ball Qϵ = {δ|∥δ∥2 ≤ ϵ}. We

write the projection operation as

∏
∥ · ∥2≤ϵ

(ϕ) = argmin
δ∈Qϵ

∥δ − ϕ∥2 =
ϵϕ

max(ϵ, ∥ϕ∥2)
. (3.7)

The update to δ can be written as

δ ←
∏

∥ · ∥2≤ϵ

(
δ + ηδ

g

∥g∥2

)
, (3.8)

g = ▽δ(ℓKL(δ,p,xs) + ℓadv(δ,xs)), (3.9)

where ηδ is the learning rate. We normalize g to make sure the updates have the same

magnitude.

During the training session, we alternately optimize the perturbation δ and the soft

prompt p. With δ∗ found by PGA, we optimize the following loss function over p

using standard gradient-based optimization.
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LR = E(xs,ys)∈Ds

[
ℓxe(xs, ys,p) + ℓKL(δ

∗,p,xs)
]

p∗ = argmin
p
LR (3.10)

LR is the empirical expectation computed over the current mini-batch. With the same

δ∗, we also minimize the domain discrimination loss over the discriminator network

parameter θd.

3.2.3 The OPTIMA Algorithm

We show the complete OPTIMA algorithm as Algorithm 1. With lines 5 and 6, we create

an initial perturbation δ
(i)
0 for every source data point x(i)

s . From line 7 to line 13, we

iteratively update the perturbation δ(i) associated with every source-domain data point

x
(i)
s using projected gradient ascent on ℓKL + ℓadv. After K iterations, we find δ(i)∗ =

δ
(i)
K−1, compute▽pLR accordingly, and update p with stochastic gradient descent (SGD)

and learning rate ηp (line 16). In line 17, we update the domain discriminator parameters

θd using SGD with the current mini-batches. Though we show the vanilla SGD updates

in lines 16-17, we can easily switch to other optimizers such as SGD with momentum

or Adam [Kingma and Ba, 2015].

3.2.4 Comparison with Virtual Adversarial Training

Virtual Adversarial Training (VAT) [Miyato et al., 2018, 2016] is a pioneering work that

applies adversarial perturbation to unlabeled examples in a semi-supervised learning

(SSL). The SSL assumption is that we have labeled data (x, y)
i.i.d.∼ P and unlabeled

data x
i.i.d.∼ P . Notice that x is drawn from the same distribution P regardless of the

existence of the label y. VAT finds disturbance δ ∈ Qϵ that maximizes the change in the

model prediction KL(f(x) ∥ f(x+δ)). After that, the neural network minimizes cross-

entropy on labeled data and the KL-divergence under disturbance on all data. Similar

ideas have been explored by Park et al. [2022], Cicek and Soatto [2019], Kim et al.

[2019].
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Algorithm 1: OPTIMA

Input: A labeled source-domain dataset Ds = {(x(i)
s y

(i)
s )}Ns

i=1 and an unlabeled
target-domain dataset Dt = {x(j)

t }
Nt
j=1, perturbation ball radius ϵ, ascent steps K

and step size ηδ.
Initialize: Soft prompts embeddings p and domain discriminator θd, learning rates ηp, ηd.
repeat

Sample a pair of batches, each of B data points, from Ds and Dt;
for i = 0, ..., B do

Forward computation: f(x(i)
s ,p), ∀x(i)

s

Sample a δ
(i)
0 ∼ U(−1, 1), ∀x

(i)
s

δ
(i)
0 ←

∏
∥ · ∥2≤ϵ(δ

(i)
0 )

for t = 0, ...,K − 1 do
Forward with δ

(i)
t : f(x(i)

s + δt,p)

Compute ℓKL(δ
(i)
t ,p) (Eq. 3.3)

Compute ℓadv(δ
(i)
t ) (Eq. 3.4)

Perform PGA on δ
(i)
t :

g ←▽
δ
(i)
t
(ℓKL(δ

(i)
t ,p) + ℓdisc(δ

(i)
t ))

δ
(i)
t+1 ←

∏
∥ · ∥2≤ϵ(δ

(i)
t + ηδ · g

∥g∥2 )

end
end
Compute LR (Eq. 3.10) and Ldisc with δK−1

p← p− ηp ▽p LR(xs, ys,p)
θd ← θd − ηd ▽θd Ldisc(δK−1,xs,xt; θd)

until the maximum training epoch is reached;
Output: Learned soft prompt p

A critical difference between SSL and domain adaptation is that the unlabeled data are

drawn from a different distribution (Pt) than the labeled data (Ps). As the two distri-

butions may overlap in some regions and diverge in others, regularizing over the entire

source dataset may be ineffective. Thus, we propose to focus the smoothness constraint

on the regions of the data manifold where the source-domain and target-domain data are

similar.

3.3 Experimental Evaluation

We evaluate the representations learned by OPTIMA under zero-shot and few-shot set-

tings.
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3.3.1 Datasets

We investigate domain adaptation on six text classification datasets in two tasks. In

the task of paraphrase detection, we employ MRPC and QQP. In the task of natural

language inference, we employ four datasets, including MNLI [Williams et al., 2018],

SNLI [Bowman et al., 2015], CB [de Marneffe et al., 2019] and SICK [Marelli et al.,

2014]. The statistics and the label space Y of each dataset can be found in Table 3.1.

Dataset Train Test nclass Verbalizers

MRPC 4,076 408 2 Yes/No
QQP 363,847 40,430 2 Yes/No

MNLI 392,702 9,815 3 Yes/Neutral/No
SNLI 549,367 9,842 3 Yes/Neutral/No
SICK 4,439 4,906 3 Yes/Neutral/No
CB 250 56 3 Yes/Neutral/No

TABLE 3.1: Dataset characteristics.

We prepare 8 groups of cross-domain experiments, two for paraphrase detection and 6

for natural language inference (NLI), as shown in Table 3.2.

Paraphrase NLI from MNLI NLI from SNLI

MRPC→ QQP MNLI→ SNLI SNLI→MNLI
QQP→MRPC MNLI→ SICK SNLI→ SICK

MNLI→ CB SNLI→ CB

TABLE 3.2: The set of domain adaptation experiments.

3.3.2 Baselines

We include eight competitive single-domain and cross-domain baselines. Out of the

eight, baselines #2-#4 do not use any transfer learning from the source domain. Base-

lines #5-#8 utilize transfer learning and data from the source domain.

1) Frozen PLM. Large PLMs have demonstrated non-trivial zero-shot performance

[Brown et al., 2020]. Here, we directly apply T5-large [Raffel et al., 2020b] with the

manually written hard prompt and take the verbalizer with the highest probability as the

prediction.
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2) Prompt Tuning (PT). We feed the input data with both soft and hard prompts to a

frozen T5-large model and finetune the soft prompt embeddings on the few-shot training

set from the target domain.

3) Fine Tuning (FT). We feed the input data with the hard prompt to T5-large and

finetune the entire network on the few-shot target-domain data. Notice that we use the

verbalizer rather than training a separate task-specific prediction head.

4) Prompt-based Fine Tuning (PFT). A representative method on exploiting soft prompts

for fine-tuning, e.g., PERFECT [Rabeeh et al., 2022]. For a fair comparison, we wrap the

input with both soft and hard prompts and finetune both the PLM and the soft prompts

on target-domain data. The predictions are mapped via verbalizers.

5) Pre-trained Prompt Tuning (PPT). We follow Gu et al. [2022], who proposes to

transfer to sentence-pair classification tasks by pretraining on the next sentence predic-

tion task with 10GB text from OpenWebText [Gokaslan and Cohen, 2019]. We down-

load the pretrained checkpoint and finetune the soft prompt on the target domain directly.

6) Soft Prompt Transfer (SPOT). Vu et al. [2022] propose to pretrain soft prompts

on source-domain datasets and finetune the learned soft prompt on the target-domain

datasets. We apply this approach to different source-target pairs.

7) Prompt Tuning with FreeLB. FreeLB [Zhu et al., 2020] is an adversarial training

approach, which generates the adversarial perturbation from the supervised classification

loss,

δ∗ = argmax
δ,∥δ∥≤ϵ

ℓxe(xs + δ, ys,p). (3.11)

After that, we find the optimal p by minimizing ℓxe(xs, ys,p) + ℓxe(xs + δ, ys,p). The

adversarial training may be understood as another type of smoothness constraint, as the

network attempts to maintain the same prediction despite the strongest possible pertur-

bation.

8) Prompt Tuning with VAT. We apply the original VAT [Miyato et al., 2018] to gener-

ate the perturbations that maximally alter model predictions on the source domain,

δ∗ = argmax
δ,∥δ∥≤ϵ

ℓKL(δ,p,xs), (3.12)
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and optimize p as in Equation 3.10. This can be seen as an ablation of OPTIMA, as

Equation 3.12 omits the ℓadv term from Equation 3.6.

3.3.3 Experiment Settings

Pretraining. For all methods that utilize source domain data, we train the soft prompts

using the whole source-domain training set and perform model selection using the source-

domain validation set. When domain adaptation is applied, we additionally use the entire

target-domain training set for training with all labels removed. To mitigate variance, we

train each method using 3 different random seeds, yielding three different models. For

zero-shot evaluation, we report the mean score of the three models.

Few-shot Evaluation Protocol. In PET [Schick and Schütze, 2021b], authors evaluated

its few-shot performance using a fixed training set. In LM-BFF [Gao et al., 2021],

authors conducted more studies on the configuration of few-shot settings and proposed to

average 5 randomly sampled few-shot sets. We determine the sample size, 16, based on a

statistical analysis1 on the sample size required for investigating an unknown population

mean under student t-test. Here we adopt a significance level α = 0.05, the risk of

rejecting a true hypothesis that the performance of one method is better than the other.

Following Gao et al. [2021], we sample the few-shot training set and validation set from

the original target training set. Each set contains 8 data points per class. We evaluate

the trained model on the original target validation set. To mitigate the high variance of

few-shot learning, we repeat the sampling 16 times and report the average of 48 runs (16

samples × 3 models).

For all the cross-domain few-shot learning methods, the few-shot test performance of 3

differently pre-trained soft prompts are averaged for each given Dtrain and Ddev splits,

and we obtain 16 averaged few-shot performance. Then we compute the mean and

standard deviation for the 16 test results.

Model Settings. For all the experiments, unless specified, we use the LM-adapted ver-

sion of T5-large as the PLM. Results in Lester et al. [2021] (Figure 3) shows that T5 fur-

ther trained for LM Adaptation works the best for prompt tuning, which is also adopted

by Gu et al. [2022] and Vu et al. [2022]. For the domain discriminator, we use a linear

1https://www.itl.nist.gov/div898/handbook/prc/section2/prc222.htm

https://www.itl.nist.gov/div898/handbook/prc/section2/prc222.htm
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classification layer with parameters θd = [w, b],w ∈ R1024×2, b ∈ R2, where 1024 is

the dimension of the output hidden states from the decoder of T5-large model.

Training Settings. Following [Lester et al., 2021], we use Adafactor [Shazeer and Stern,

2018] as the optimizer and set the learning rate to 0.3 for all the pre-training tasks on the

entire source domain dataset. We use the cosine learning rate scheduler for all methods.

For the pre-training stage, we set the maximum number of training steps to 30, 000 and

evaluate the models on the validation set every 1, 000 steps. We set the batch size to 8

for MRPC and QQP, and 18 for the NLI datasets. For the few-shot learning setting, we

set the maximum number of training steps to 1, 000 and evaluate models on |Ddev| every

4 steps. we set batch size to 4 for MRPC and QQP, and 6 for the NLI datasets. All the

training are done on NVIDIA V-100 with 32 GB.

Soft and Hard Prompts. Following Lester et al. [2021] and Gu et al. [2022], for all

methods other than PPT, we set the soft prompt length to 100, initialized to the first

100 token embeddings of T5 in alphabetic order. We combine soft prompts with hard

prompts with details in the Appendix.

Hybrid Template
T1 P < S1 > and < S2 > are equivalent? [MASK]
T2 P hypothesis: < S1 > premise: < S2 > answer: [MASK]

TABLE 3.3: The hybrid templates where P represents learnable soft prompts. < S1 >
and < S2 > are sentence pairs. [MASK] represents the labels to be predicted. T1 is the
template adopted by the paraphrase detection and question pair classification tasks. T2
is the template adopted by four natural language inference tasks.

Evaluation Metrics. Following Lester et al. [2021], we use accuracy and F1 score to

evaluate the performance on the MRPC and QQP datasets. Following Gu et al. [2022],

we use accuracy for NLI. For zero-shot model selection, we use the source-domain val-

idation set. For few-shot model selection, we use the target-domain validation set.

3.3.4 Few-shot Performance

We adopt few-shot classification to evaluate the representations learned by different

models and pretraining methods. We show the few-shot performance in Table 3.4 and

make the following observations. First, OPTIMA significantly outperforms all baseline

models across all the few-shot test cases, including the state-of-the-art SPOT baseline.
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Method Params PLM Source
QQP MRPC MNLI

Acc. F1 Acc. F1 Acc.

Frozen 0

T5-Large

✗ 45.5 54.9 33.8 11.8 41.7
PT 102K ✗ 48.4 ± 4.9 52.5 ± 5.5 53.1 ± 11.4 55.9 ± 23.4 33.4 ± 1.6
FT 770M ✗ 55.1 ± 6.7 52.0 ± 6.0 59.5 ± 7.8 67.9 ± 12.6 35.6 ± 2.4

PFT 770M ✗ 55.1 ± 5.1 57.8 ± 3.1 58.9 ± 11.0 65.3 ± 11.8 35.6 ± 3.6
PPT 410K T5-XXL ✓ 52.1 ± 11.1 56.2 ± 21.1 52.1 ± 11.1 56.2 ± 21.1 34.4 ± 1.4

MRPC→ QQP QQP→MRPC SNLI→MNLI
Acc. F1 Acc. F1 Acc.

SPOT 102K

T5-Large

✓ 64.5 ± 2.7 64.5 ± 0.8 68.7 ± 2.5 77.1 ± 2.9 74.3 ± 0.9
FreeLB 102K ✓ 65.0 ± 2.4 64.5 ± 1.5 68.5 ± 2.2 77.6 ± 2.2 75.0 ± 1.0

VAT 102K ✓ 66.2 ± 2.0 64.9 ± 0.7 69.6 ± 1.9 79.0 ± 2.1 74.9 ± 1.1
DANN 102K ✓ 63.4 ± 2.5 62.5 ± 2.7 68.0 ± 3.5 76.2 ± 5.1 73.1 ± 1.4

OPTIMA 102K ✓ 69.1* ± 1.7 65.8* ± 1.9 71.2* ± 1.7 79.9* ± 1.7 78.4* ± 0.6

Method Params PLM Source
SNLI SICK CB
Acc. Acc. Acc.

Frozen 0

T5-Large

✗ 35.9 37.1 55.4
PT 102K ✗ 34.6 ± 2.4 61.5 ± 7.8 38.3 ± 13.6
FT 770M ✗ 41.6 ± 3.8 67.6 ± 6.3 51.2 ± 7.8

PFT 770M ✗ 38.6 ± 5.1 71.3 ± 6.4 57.3 ± 9.2
PPT 410K T5-XXL ✓ 34.7 ± 2.8 54.6 ± 14.0 43.0 ± 14.6

MNLI→ SNLI SNLI→ SICK MNLI→ SICK SNLI→ CB MNLI→ CB
Acc. Acc. Acc. Acc. Acc.

SPOT 102K

T5-Large

✓ 78.8 ± 1.1 69.9 ± 5.3 72.9 ± 5.9 61.7 ± 5.0 65.3 ± 3.4
FreeLB 102K ✓ 81.5 ± 0.7 69.5 ± 6.8 73.1 ± 4.8 61.6 ± 4.2 66.1 ± 3.3

VAT 102K ✓ 80.9 ± 0.9 68.6 ± 6.4 72.7 ± 6.3 59.0 ± 5.5 68.7 ± 4.8
DANN 102K ✓ 71.1 ± 3.2 69.0 ± 6.7 73.4 ± 3.7 55.7 ± 5.5 66.9 ± 4.6

OPTIMA 102K ✓ 82.1* ± 0.8 73.3 ± 6.8 74.8 ± 4.4 64.8* ± 1.1 71.2* ± 3.1

TABLE 3.4: Few-shot test performance. Results in bold are the best and results under-
lined are the best in the single-domain group. Results marked with * are significantly
better than all the others under the student t-test (p < 0.05).

We perform statistical significance tests that compare OPTIMA to all baselines in a pair-

wise manner. In all but the SICK experiments, the differences between OPTIMA and all

baselines are statistically significant. We attribute the performance to the high-quality

representation of OPTIMA, resulting from domain adaptation.

Second, DANN performs much worse than perturbation-based methods. As discussed

earlier, we suspect the poor performance of DANN is partially due to the limited capacity

of prompts (102K parameters in our case). In OPTIMA, the perturbation optimizes for

domain invariance (Eq. 3.6), whereas the prompt optimizes for only task-specific losses

(Eq. 3.10), which simplifies optimization for soft prompts.

Third, OPTIMA outperforms the VAT baseline, especially in the NLI tasks, where the

performance difference ranges from 1.2% in MNLI→SNLI to 5.8% in SNLI→CB. The

VAT baseline is an ablation of OPTIMA and omits the targeted regularization term when

finding the perturbation. This comparison demonstrates the effectiveness of the proposed

targeted smoothness constraint.
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Finally, our experiments are consistent with earlier results of Gu et al. [2022], which

show that prompt tuning (PT) suffers from high variance in the results. In the single-

domain experiments, finetuning the entire T5-Large (FT) exhibits comparable, if not

lower, variances than PT, even though FT updates about 7500× more parameters. This

underscores the importance of using pretrained prompts from a source domain. In-

deed, all transfer learning methods utilizing a source domain similar to the target (SPOT,

FreeLB, VAT, and OPTIMA) yield sizable performance gains than single-domain meth-

ods. Notably, FreeLB, VAT and OPTIMA are obviously better than SPOT across the

benchmarks, which underscores the importance of alleviating overfitting to source-domain

datasets.

Sample Efficiency. We perform an additional experiment where we increase the num-

ber of available samples per class from the target domain, and show the results in Figure

3.3. We observe that 4-shot OPTIMA achieves comparable performance as full-model

finetuning on 128-shot dataset. Similarly, 8-shot OPTIMA achieves an accuracy compa-

rable to 64-shot SPOT. These results clearly demonstrate the superior sample efficiency

of OPTIMA.
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FIGURE 3.3: Average test performance on the QQP-to-MRPC test case. PT and FT are
trained on MRPC directly.

3.3.5 Zero-shot Performance

Zero-shot performance on the target domain is also an effective way to evaluate the

learned representations. We show the zero-shot performance in Table 3.5 and make the
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following observations.

Method
MRPC MRPC→ QQP QQP QQP→MRPC MNLI→ CB
Acc. Acc. F1 Acc. Acc. F1 Acc.

SPOT 82.5 ± 1.5 60.9 ± 4.6 63.6 ± 2.0 80.9 ± 2.2 65.7 ± 3.4 73.2 ± 5.7 63.2 ± 5.7
FreeLB 85.5 ± 0.3 63.1 ± 3.7 63.9 ± 1.0 82.2 ± 2.7 69.4 ± 1.1 78.7 ± 1.3 67.8 ± 3.9

VAT 84.7 ± 0.8 64.8 ± 4.6 64.1 ± 1.7 81.9 ± 0.7 68.9 ± 1.5 78.5 ± 1.5 67.8 ± 5.8
OPTIMA 85.7 ± 0.7 68.9 ± 0.8 66.3 ± 0.6 82.7 ± 1.3 71.2 ± 0.4 80.0 ± 0.6 68.3 ± 2.6

Method
MNLI MNLI→ SNLI MNLI→ SICK SNLI SNLI→MNLI SNLI→ SICK SNLI→ CB
Acc. Acc. Acc. Acc. Acc. Acc. Acc.

SPOT 83.4 ± 0.8 79.2 ± 1.0 51.8 ± 0.7 88.9 ± 0.1 75.6 ± 0.4 52.7 ± 1.9 47.6 ± 3.7
FreeLB 84.8 ± 0.8 81.8 ± 0.7 52.2 ± 0.2 89.9 ± 0.1 77.5 ± 0.5 52.9 ± 1.9 47.5 ± 4.7

VAT 83.7 ± 0.3 81.0 ± 0.2 51.4 ± 1.4 88.7 ± 0.1 77.1 ± 1.3 51.8 ± 2.1 45.8 ± 0.8
OPTIMA 84.6 ± 0.3 82.1 ± 0.8 53.2 ± 1.1 89.2 ± 0.1 79.1 ± 0.1 53.1 ± 1.0 49.4 ± 4.2

TABLE 3.5: Source-domain and zero-shot target-domain test performance.

First, OPTIMA still takes the highest spot in performance in all target domains, out-

performing the second best baseline by up to 4.1%. In the source domain, OPTIMA is

comparable with the baselines. Second, the ablation baseline, VAT, is consistently sur-

passed by OPTIMA, which again confirms the utility of our proposal. Third, the state-

of-the-art method, SPOT, in the majority of cases produces results with higher variance

than the three perturbation-based methods. This suggests that adversarial perturbation is

effective against overfitting. Lastly, except in the MNLI→ SICK task, DANN performs

rather poorly across the benchmarks, indicating that DANN is not suitable for prompt

tuning.

3.3.6 Class Similarity and Transfer Learning

We investigate the relationship between domain similarity and transfer learning perfor-

mance using CB as the target domain as an example. CB is a difficult target. On SNLI,

all models in Table 3.5 achieve in-domain test accuracies greater than 88%, but few-shot

SNLI-to-CB transfer obtains accuracies around 61%. This is disappointing given that

even Frozen achieves 55.4% on CB.

To investigate the underlying cause, we plot the TF-IDF textual similarities between dif-

ferent domains of NLI in Figure 3.4 and 3.5, and between MRPC and QQP in Figure

3.6. We compare SPOT, which performs direct transfer without any smoothness regu-

larization, and OPTIMA in the form of confusion matrices in Figure 3.7 and F1 scores

in Figure 3.8 and 3.9.

Figure 3.4(a) shows irregular similarities between classes of SNLI and CB, which ex-

plains the difficulty in transfer learning. For example, the SNLI Neutral class is more
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FIGURE 3.4: TF-IDF similarity for SNLI, MNLI, and CB, where we treat all text in
one class as a document.
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FIGURE 3.5: Document similarity using TF-IDF for each pair of NLI datasets.

similar to the CB Yes class than the CB Neural class. The CB Neutral class has low

similarity to all SNLI classes. This leads to significant confusion for the few-shot SPOT

classifier in the SNLI-to-CB transfer and especially low accuracy for the CB Neutral

class (Figure 3.8). The situation is similar for the MNLI-to-CB transfer. Interestingly,

the regularization of OPTIMA is able to alleviate the domain shift and obtain accuracy

improvements for the CB No and Neutral classes.
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FIGURE 3.7: Confusion matrices for 8-shot transfer learning to CB. Each result is the
average across 48 runs.
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3.4 Summary

In this chapter, we propose OPTIMA to enhance soft prompt transfer performance by

regularizing the training on the source domain under perturbations generated with do-

main adaptation. Extensive experiments demonstrate that OPTIMA significantly en-

hances the transferability and sample efficiency of prompt tuning. Compared to com-

petitive baselines, soft prompt trained with OPTIMA generalizes better to the source

domain and significantly boosts zero-shot and few-shot learning in the target domain.

We observe that pre-training soft prompts on a similar dataset confer more benefits than

pre-training on a dissimilar dataset. We expect the current work to contribute to the wide

deployment of PLMs.

We identify a few limitations of the current work.

• The domain adaptation problem formulation requires unlabeled data from the tar-

get domain. Although unlabeled data are easy to obtain in most cases, doing so

might be difficult for some data-scarce domains.

• The proposed regularization technique addresses the situation where the source

and target domains have different data distributions. When the two distributions
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are exactly the same, the technique degenerates to simply adversarial training.

When the two distributions are extremely dissimilar, the transfer is unlikely to

yield performance improvements. A unified framework that automatically detects

domain distances and applies the correct method may be desirable.

• The power of perturbations has the most effect in the few-shot / zero-shot settings.

When the target domain has abundant labeled data, the gap between soft prompt

tuning and our method will diminish.



Chapter 4

Optimizing Domain Adversarial
Training for Data-scarce Domains

4.1 Motivation

Sarcastic language is commonly found in social media posts [González-Ibáñez et al.,

2011, Maynard and Greenwood, 2014], forum discussions [Khodak et al., 2018], product

reviews [Davidov et al., 2010, Filatova, 2012] and everyday conversations [Gibbs, 2000].

Detecting sarcasm is an integral part of creative language understanding [Veale et al.,

2019] and online opinion mining [Kannangara, 2018]. Due to highly contextualized

expressions, detecting sarcasm is a challenging task, even for humans [Fox Tree et al.,

2020].

A challenge specific to sarcasm detection is the difficulty in acquiring ground-truth an-

notations. Human-annotated datasets [Filatova, 2012, Riloff et al., 2013, Van Hee et al.,

2018, Oprea and Magdy, 2020] usually contain only a few thousand texts, resulting in

many small datasets. In comparison, automatic data collection using distant supervision

signals like hashtags [Ptáček et al., 2014, Bamman and Smith, 2015, Joshi et al., 2015]

yielded substantially larger datasets. Nevertheless, the automatic approach also led to

label noise. For example, Oprea and Magdy [2020] found nearly half of the tweets

with sarcasm hashtags in one dataset are not sarcastic. The existence of diverse datasets

and data collection methods prompts us to exploit their commonality through transfer

learning. Specifically, we transfer knowledge learned from large and noisy datasets to

53
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improve sarcasm detection on small human-annotated datasets that serve as effective

performance benchmarks.

Adversarial neural transfer (ANT) [Ganin and Lempitsky, 2015, Liu et al., 2017, Kim

et al., 2017, Kamath et al., 2019] employs an adversarial setup where the network learns

to make the shared feature distributions of the source domain and the target domain as

similar as possible, while simultaneously optimizing for domain-specific performance.

However, as the domain-specific losses promote the use of domain-specific features,

these training objectives may compete with each other implicitly. This leads to opti-

mization difficulties and potentially degenerate cases where the domain-specific classi-

fiers ignore the shared features and no meaningful transfer occurs between domains.

To deal with this, we propose Latent-Optimized Adversarial Neural Transfer (LOANT).

The latent optimization strategy can be understood with analogies to to one-step look-

ahead during gradient descent and Model-Agnostic Meta Learning [Finn et al., 2017].

By forcing domain-specific losses to accommodate the negative domain discrimination

loss, it improves training dynamics [Balduzzi et al., 2018].

4.2 The LOANT Method

In supervised transfer learning, we assume labeled data for both the source domain and

the target domain are available. The source domain dataset Ds comprises of data points

in the format of (xs, ys) and the target domain dataset Dt comprises of data points in

the format of (xt, yt). The labels ys and yt are one-hot vectors. The task of supervised

cross-domain sarcasm detection can be formulated as learning a target-domain function

ft(xt) that predict correct labels for unseen xt.

4.2.1 Model Architecture

Fig. 4.1 shows the model architecture for adversarial neural transfer (ANT) [Liu et al.,

2017, Kim et al., 2017, Kamath et al., 2019]. We use a large pretrained neural network,

BERT [Devlin et al., 2019], as the sentence encoder, though the architecture is not tied

to BERT and can use other pretrained encoders. We denote the parameters of the BERT

encoder as wb, and its output for data in the source domain and the target domain as
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FIGURE 4.1: Network architecture of the Adversarial Neural Transfer model.

zs ∈ RD and zt ∈ RD respectively. We denote this encoder operation as

zs = E(xs, wb), zt = E(xt, wb) (4.1)

On top of these outputs, we apply domain-specific dense layers to create domain-specific

features vs, vt and shared dense layers to create shared features us, ut. We use ws, wt,

and wsh to denote the parameters for the source dense layers, the target dense layers, and

the shared dense layers.

The concatenation of features [vs, us] is fed to the source-domain classifier, parameter-

ized by θs; [vt, ut] is fed to the target-domain classifier, parameterized by θt. The two

classifiers categorize the tweets into sarcastic and non-sarcastic and are trained using

cross-entropy. For reasons that will become apparent later, we make explicit the reliance

on zs and zt:

Ls(zs) = −
∑
i

ys,i log p(ŷs,i|zs),

Lt(zt) = −
∑
i

yt,i log p(ŷt,i|zt),
(4.2)

where ŷs and ŷt are the predicted labels and i is the index of the vector components.

Simultaneously, the domain discriminator learns to distinguish the features us and ut as

coming from different domains. The domain discriminator is parameterized by θd. It is
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FIGURE 4.2: Schematic of the latent optimization strategy. The solid black arrows
indicate the forward pass and the dotted red arrows indicate the backward pass.

trained to minimize the domain classification loss,

Ld(zt, zs) = − log p(0|us)− log p(1|ut). (4.3)

Through the use of the gradient reversal layer, the shared dense layers and the feature

encoder maximizes the domain classification loss, so that the shared features us and ut

become indistinguishable and conducive to transfer learning. In summary, the network

weights wb, ws, wt, wsh, θs, θt are trained to minimize the following joint loss,

LANT = Ls(zs) + Lt(zt)− Ld(zt, zs), (4.4)

whereas θd is trained to minimize Ld(zt, zs).

It is worth noting that the effects of three loss terms in Eq. 4.4 on the shared parameters

wsh and wb may be competing with each other. This is because optimizing sarcasm

detection in one domain will encourage the network to extract domain-specific features,

whereas the domain discrimination loss constrains the network to avoid such features. It

is possible for the competition to result in degenerate scenarios. For example, the shared

features us and ut may become indistinguishable but also do not correlate with the labels

ys and yt. The domain classifiers may ignore the shared features us and ut and hence

no transfer happens. To cope with this issue, we introduce a latent optimization strategy

that forces domain-specific losses to accommodate the domain discrimination loss.
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4.2.2 Latent Representation Optimization

We now introduce the latent representation optimization strategy. First, we perform

one step of stochastic gradient descent on −Ld on the encoded features zs and zt with

learning rate γ,

z′s = zs + γ
∂Ld(zs, zt)

∂zs
, (4.5)

z′t = zt + γ
∂Ld(zs, zt)

∂zt
. (4.6)

We emphasize that this is a descent step because we are minimizing −Ld.

After that, we use the updated z′s and z′t in the computation of the losses

LLO
s (zs, z

′
s) = Ls(zs) + Ls(z

′
s), (4.7)

LLO
t (zt, z

′
t) = Lt(zt) + Lt(z

′
t). (4.8)

The new joint objective hence becomes

LLO = LLO
s (zs, z

′
s) + LLO

t (zt, z
′
t)

− Ld(zs, zt),
(4.9)

which is optimized using regular stochastic gradient descent (SGD) on wb, ws, wt, wsh, θs,

and θt.

Here we show the general case of gradient computation. Consider any weight vector w

in the neural network. Equations 4.5 and 4.6 introduce two intermediate variables z′s and

z′t, which are a function of the model parameter w. Therefore, we perform SGD using

the following total derivative

dLLO

dw
=

∂LLO

∂w
+

∂LLO
s (z′s)

∂z′s

∂z′s
∂w

+
∂LLO

t (z′t)

∂z′t

∂z′t
∂w

.

(4.10)
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where

∂z′s
∂w

=
∂zs
∂w

+ γ
∂2Ld(zs)

∂zs ∂w

∂z′t
∂w

=
∂zt
∂w

+ γ
∂2Ld(zt)

∂zt ∂w

(4.11)

For every network parameter other than the encoder weight wb, ∂z/∂w is zero. The

second-order derivative ∂2Ld(z)/∂z ∂w is difficult to compute due to the high dimen-

sionality of w. Since γ is usually very small, we adopt a first-order approximation and

directly set the second-order derivative to zero. Letting ϕs = [ws, θs] and ϕt = [wt, θt],

we now show the total derivatives for all network parameters:

dLLO

dwb

=
∂LANT

∂wb

+
∂Ls(z

′
s)

∂wb

+
∂Lt(z

′
t)

∂wb

+
∂Ls(z

′
s)

∂z′s

∂zs
∂wb

+
∂Lt(z

′
t)

∂z′t

∂zt
∂wb

(4.12)

dLLO

dwsh

=
∂LANT

∂wsh

+
∂Ls(z

′
s)

∂wsh

+
∂Lt(z

′
t)

∂wsh

(4.13)

dLLO

dϕs

=
∂Ls(zs)

∂ϕs

+
∂Ls(z

′
s)

∂ϕs

dLLO

dϕt

=
∂Lt(zt)

∂ϕt

+
∂Lt(z

′
t)

∂ϕt

dLLO

dθd
=

∂Ld(zs, zt)

∂θd

(4.14)

First-order Approximation. We explain the gradients for the model parameters wb, wsh, ϕs, ϕt

and θd. Generically, we apply the first-order approximation by substituting Eq.4.11 into

Eq. 4.10 and setting the Hessian to zero, which gives

dLLO

dw
=

∂LLO

∂w
+

∂LLO
s (z′s)

∂z′s

∂zs
∂w

+
∂LLO

t (z′t)

∂z′t

∂zt
∂w

.

(4.15)

Note that zs and zt depend on only the parameter wb. For the rest of the parameters,

wsh, ϕs, ϕt and θd, the partial derivatives ∂zs
∂w

and ∂zt
∂w

are zero.

Now we consider the joint objective (Eq. 4.9), which contains domain-specific classifi-

cation losses produced by both the old latent vector z and the new latent vector z′. Thus,
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we derive at the generic formula

∂LLO

∂w
=

∂LLO
s

∂w
+

∂LLO
t

∂w
− ∂Ld

∂w

=
∂Ls(zs)

∂w
+

∂Lt(zt)

∂w
− ∂Ld(zs, zt)

∂w

+
∂Ls(z

′
s)

∂w
+

∂Lt(z
′
t)

∂w

(4.16)

By the same reasoning above, the total derivative of LLO against wb is

dLLO

dwb

=
∂LLO

∂wb

+
∂LLO

s (z′s)

∂z′s

∂zs
∂wb

+
∂LLO

t (z′t)

∂z′t

∂zt
∂wb

(4.17)

∂LLO

∂wb

=
∂Ls(zs)

∂wb

+
∂Lt(zt)

∂wb

− ∂Ld(zs, zt)

∂wb

+
∂Ls(z

′
s)

∂wb

+
∂Lt(z

′
t)

∂wb

(4.18)

For the rest of the parameters, the computation is slightly different as they do not con-

tribute to zs and zt.

∂LLO

∂wsh

=
∂Ls(zs)

∂wsh

+
∂Lt(zt)

∂wsh

− ∂Ld(zs, zt)

∂wsh

+
∂Ls(z

′
s)

∂wsh

+
∂Lt(z

′
t)

∂wsh

(4.19)

∂LLO

∂ϕs

=
∂Ls(zs)

∂ϕs

+
∂Ls(z

′
s)

∂ϕs

(4.20)

∂LLO

∂ϕt

=
∂Lt(zt)

∂ϕt

+
∂Lt(z

′
t)

∂ϕt

(4.21)

The parameter of the domain discriminator θd is updated to minimize Ld(zs, zt). This is

in contrast to the rest of the model, which minimizes−Ld(zs, zt). The update rule for θd
is

θd ← θd − η
∂Ld(zs, zt)

∂θd
(4.22)

Fig. 4.2 illustrates the latent optimization process. Algorithm 2 shows the LOANT

algorithm.
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Algorithm 2: Training of LOANT
Input: source data (xs, ys), target data (xt, yt), learning rate γ
Initialize model parameters w
repeat

Sample N batches of data pairs
for i = 1 to N do

Compute forward loss Ls, Lt, Ld;
Compute△zs =

∂Ld(zs)
∂zs

and△zt =
∂Ld(zt)

∂zt
;

Update the latent representations z′s = zs + γ △ zs and z′t = zt + γ △ zt;
Compute the new joint loss LLO = LLO

s + LLO
t − Ld;

Update w using gradient descent.

until the maximum training epoch

4.2.3 Understanding LOANT

To better understand the LOANT algorithm, we relate LOANT to the extragradient tech-

nique and Model-Agnostic Meta Learning [Finn et al., 2017].

The vanilla gradient descent (GD) algorithm follows the direction along which the func-

tion value decreases the fastest. However, when facing an ill-conditioned problem like

the one in Fig. 4.3, GD is known to exhibit slow convergence because the local gradients

are close to being orthogonal to the direction of the local optimum.

For comparison with LOANT, we consider the extragradient (EG) method [Korpelevich,

1976, Azizian et al., 2020] that uses the following update rule when optimizing the

function f(w) with respect to w,

w ← w − η
df(w − γ ∂f(w)

∂w
)

dw
. (4.23)

Similar to LOANT, we can adopt a first-order approximation to EG if we set the Hessian

term to zero in the total derivative. Instead of optimizing the immediate function value

f(w), this method optimizes f(w−γ ∂f
∂w

), which is the function value after one more GD

step. This can be understood as looking one step ahead along the optimization trajec-

tory. In the contour diagrams of Fig. 4.3, we show the optimization of a 2-dimensional

quadratic function. This simple example showcases how the ability to look one step

ahead can improve optimization in pathological loss landscapes. We motivate the nested

optimization of LOANT by drawing an analogy between EG and LOANT.
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(A) Vanilla gradient de-
scent, which exhibits a
zigzag trajectory. η =
0.025.

(B) First-order extra-
gradient, which sets the
Hessian term to zero.
η = 0.025. γ = 0.01.

(C) Full-Hessian extra-
gradient, which finds a
direct path to the local
minimum, enabling a
large learning rate η =
0.1.

FIGURE 4.3: Minimization of a 2D function f(w) = w⊤Aw + b⊤w + c. A is positive
definite and has a condition number of 40. The initial point is (0,−0.15). The red
arrows show the trajectory of w. The look-ahead capability of extragradient finds a
much more direct path to the local minimum than vanilla gradient descent.

It is worth noting that LOANT differs from the EG update rule in important ways.

Specifically, in EG the inner GD step and the outer GD step are performed on the same

function f( · ), whereas LOANT performs the inner step on Ld and the outer step on Ls

or Lt.

For a similar idea with multiple losses, we turn to MAML [Finn et al., 2017]. In MAML,

there are K tasks with losses L1, . . . ,Lk, . . . ,LK . On every task, we perform a one-step

SGD update to the model parameter w ∈ RL,

wTk
= w − γ

∂Lk(w)

∂w
. (4.24)

After going through K tasks, the actual update to w is calculated using the parameters

wTk
,

w ← w − η
1

K

∑
k

dLk(wTk
)

dw
. (4.25)

Utilizing the idea of look ahead, in MAML we update w so that subsequent optimization

on any single task or combination of tasks would achieve good results.

Adversarial neural transfer has three tasks, the source-domain and target-domain clas-

sifications and the negative discriminator loss. The updates performed by LOANT in

Eq. 4.5 and 4.6 are similar to MAML’s look-ahead update in Eq. 4.24. Specifically,

when we update model parameters using the gradient from the total loss LLO, we pre-

pare for the next descent step on −Ld. Therefore, LOANT can be understood as forcing
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domain-specific losses to accommodate the domain discrimination loss and mitigating

their competition.

LOANT differs from MAML since, in the inner update, LOANT updates the sentence-

level features zs and zt instead of the model parameters w. As zs and zt are usually of

much smaller dimensions than w, this leads to accelerated training and reduced memory

footprint. For example, in the BERT-base model [Devlin et al., 2019], L is 110 million

and D is 768. Within the regular range of batch size B, BD ≪ L. In the experiments,

we verify the benefits of LOANT in terms of accuracy and time and space complexity.

4.3 Experimental Evaluation

4.3.1 Datasets

We conduct four cross-domain sarcasm detection experiments by transferring from an

automatically collected dataset to a manually annotated dataset. The two automatically

collected datasets include Ptáček [Ptáček et al., 2014] and Ghosh1 [Ghosh and Veale,

2016], which treat tweets having particular hastags such as #sarcastic, #sarcasm

or #not as sarcastic and others as not sarcastic. We crawled the Ptáček dataset using

the NLTK API2 according to the tweet ids published online3.

The two manually annotated datasets include SemEval-184 [Van Hee et al., 2018] and

iSarcasm [Oprea and Magdy, 2020]. SemEval-18 consists of both sarcastic and ironic

tweets supervised by third-party annotators and thus is used for perceived sarcasm de-

tection. The iSarcasm dataset contains tweets written by participants of an online survey

and thus is an example of intended sarcasm detection.

Table 4.1 summarizes the statistics of the four datasets. The SemEval-18 dataset is

balanced while the iSarcasm dataset is imbalanced. The two source datasets are more

than ten times the size of the target datasets. For all datasets, we use the predefined test

set and use a random 10% split of the training set as the development set.

1https://github.com/AniSkywalker/SarcasmDetection/tree/master/
resource

2http://www.nltk.org/howto/twitter.html
3http://liks.fav.zcu.cz/sarcasm/
4https://github.com/Cyvhee/SemEval2018-Task3/tree/master/datasets

https://github.com/AniSkywalker/SarcasmDetection/tree/master/resource
https://github.com/AniSkywalker/SarcasmDetection/tree/master/resource
http://www.nltk.org/howto/twitter.html
http://liks.fav.zcu.cz/sarcasm/
https://github.com/Cyvhee/SemEval2018-Task3/tree/master/datasets
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Dataset Train Val Test % Sarcasm
Ptáček 51009 5668 6298 49.50%
Ghosh 33373 3709 4121 44.84%
SemEval-18 3398 378 780 49.12%
iSarcasm 3116 347 887 17.62%

TABLE 4.1: Dataset statistics, including number of samples in each split and the pro-
portion of sarcastic texts.

We preprocessed all datasets using the lexical normalization tool for tweets from Bazio-

tis et al. [2017]. We cleaned the four datasets by dropping all the duplicate tweets within

and across datasets, and trimmed the texts to a maximum length of 100. To deal with

class imbalance, we performed upsampling on the target-domain datasets, so that both

the sarcastic and non-sarcastic classes have the same size as source domain datasets.

4.3.2 Baselines

We compare LOANT with several competitive single-task and multi-task baselines.

MIARN [Tay et al., 2018]: A state-of-the-art short text sarcasm detection model ranked

top-1 on the iSarcam dataset. The model is a co-attention based LSTM model which

uses the word embeddings pretrained on Twitter data5.

Dense-LSTM [Wu et al., 2018]: A state-of-the-art single-task sarcasm detection model

ranked top-1 on the SemEval-18 dataset. The model is a densely connected LSTM

network consisting of four Bi-LSTM layers and the word embeddings pretrained on two

Twitter datasets.

BERT: We finetune the BERT model [Devlin et al., 2019] with an additional simple

classifier directly on the target dataset.

S-BERT is a two-stage finetuning of the BERT model. We first finetune BERT on the

source dataset and the best model is selected for further fine-tuning on the target dataset.

MTL: We implemented a multi-task learning (MTL) model, which has the same archi-

tecture as LOANT except that the domain discriminator is removed. We use BERT as

the shared text encoding network.

5https://nlp.stanford.edu/projects/glove/

https://nlp.stanford.edu/projects/glove/
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MTL+LO: In this baseline, we applied latent optimization to MTL. As MTL does not

have the adversarial discriminator, we use the domain-specific losses to optimize latent

representations:

z′s = zs − γ
∂Ls(zs)

∂zs
(4.26)

z′t = zt − γ
∂Lt(zt)

∂zt
(4.27)

We use the above to replace Equations 4.5 and 4.6 and keep the rest training steps

unchanged. This model is compared against MTL to study the effects of LO in non-

adversarial training for cross-domain sarcasm detection.

ANT: This is the conventional adversarial neural transfer model with the same architec-

ture as LOANT. The only difference is that we do not apply latent optimization. For fair

comparisons, we use BERT as the text encoder.

ANT+MAML: In Section 4.2.3, we discussed the similarity between LO and MAML.

Therefore, we create a baseline that uses a MAML-like strategy for encouraging the

collaboration of different loss terms. Instead of optimizing the latent representation zs

and zt, we first take a SGD step in the parameter space of wb,

w′
b = wb + γ

∂Ld(zs, zt)

∂wb

. (4.28)

After that, we use w′
b to compute the gradients used in the actual updates to all model

parameters, including wb.

4.3.3 Experimental Settings

Model Settings. For all models using the BERT text encoder, we use the uncased ver-

sion of the BERT-base model and take the 768-dimensional output from the last layer

corresponding to the [CLS] token to represent a sentence. The BERT parameters are

always shared between domains. For other network components, we randomly initialize

the dense layers and classifiers. To minimize the effect of different random initializa-

tions, we generate the same set of initial parameters for each network component and

use them across all baselines wherever possible.

The source dense layer, the shared dense layer, and the target dense layer are single linear

layers with input size of 768 and output size of 768 followed by the tanh activation. The
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classifier in all models consists of two linear layers. The first linear layer has input

size of 768×2 (taking both shared and domain-specific features) and output size of 768

followed by the ReLU activation. The second linear layer has input size 768 and output

size 2 for binary classification. After that we apply the softmax operation. We follow the

released code6 to implement the Gradient Reversal Layer. It is controlled by a schedule

which gradually increases the weight of the gradients from the domain discrimination

loss.

Hyperparameters. We set the batch size to 128 for all models and search for the optimal

learning rate (LR) from 2e-5 to 1e-4 in increments of 2e-5 using the F-score on the

development set. All the learning rates chosen by each setting can be found in Table

4.2. The best learning rate for fine-tuning BERT on SemEval-18 and iSarcasm is 4e-

5. S-BERT model is finetuned twice, first on the source domain and then on the target

domain. Thus, we search for one best learning rate for each finetuning using the source

and target development sets respectively. The best first-round LR is 6e-05 for Ptáče and

8e-5 for Ghosh.

Models
Ptáče→
SemEval

Ghosh→
SemEval

Ptáče→
iSarcasm

Ghosh→
iSarcasm

S-BERT 1e-4 1e-4 4e-5 2e-5
MTL 6e-4 8e-5 4e-5 1e-4

MTL+LO 6e-4 8e-5 4e-5 1e-4
ANT 2e-5 4e-5 2e-5 2e-5

ANT+MAML 2e-5 4e-5 2e-5 2e-5
LOANT 2e-5 4e-5 2e-5 2e-5

TABLE 4.2: Learning rate chosen by each model on the given search grid.

Other models, MTL, ANT and the LO-adpated versions are selected using the target

development set. For a rigorous comparison, we use the best LR for ANT when training

LOANT and the best LR for MTL when training MTL+LO.

Training Setting. We optimize all models using Adam [Kingma and Ba, 2014] with

batch size of 128. We tune the learning rate (LR) on the development set from 1e-5 to

1e-4 in increments of 2e-5. To objectively assess the effects of latent optimization (LO),

we first find the best LR for the base models such as ANT and MTL. After that, with

the best LR unchanged, we apply LO to ANT and MTL. We use the cosine learning

rate schedule for all models. All models are trained for 5 epochs on Nvidia V100 GPUs

6https://github.com/fungtion/DANN

https://github.com/fungtion/DANN
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with 32GB of memory in mixed precision. Due to the large model size and pretrained

weights of BERT, 5 epochs are sufficient for convergence.

Evaluation Metrics. Following [Van Hee et al., 2018, Oprea and Magdy, 2020, Wu

et al., 2018], we select and compare models using the F-score on the sarcastic class

in each dataset. We additionally report the corresponding Recall and Precision. In all

our experiments, we use the development set for model selection and report their per-

formance on the test set. To evaluate the efficiency of LOANT versus MAML-based

training, we also compare their required GPU memory and average training time in each

epoch. We compare models on the target domain datasets.

4.3.4 Comparison with the States of the Art

We compare LOANT with state-of-the-art methods on the SemEval-18 dataset [Van Hee

et al., 2018] and the iSarcasm datast [Oprea and Magdy, 2020]. Table 4.4 and 4.4

presents the test performance of LOANT and all baseline models. Our LOANT model

consistently outperforms all single-task baselines by large margins. In particular, LOANT

outperforms MIARN by 10.02% on iSarcasm [Oprea and Magdy, 2020] whereas the

fine-tuned BERT achieved 1.48% lower than MIARN.

On SemEval-18, the fine-tuned BERT achieves better test performance than other four

single-task baselines. The results indicate that fine-tuning BERT, a popular baseline,

does not always outperform the traditional LSTM networks specifically designed for the

task. We hypothesize that the large BERT model can easily overfit the small datasets

used, which highlights the challenge of sarcasm detection.

4.3.5 Transfer Learning Performance

The middle and bottom sections of Table 4.3 and 4.4 present the test performance of six

transfer learning models (S-BERT, MTL, ANT, MTL+LO, ANT+MAML, and LOANT)

under four groups of transfer learning experiments. These models generally outperform

the single-task models, demonstrating the importance of transfer learning. Among these,

we have the following observations.

Effects of the Domain Discriminator. The performance differences between MTL and

ANT can be explained by the addition of the domain discriminator, which encourages
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Model F-score Recall Precision

Single-task

Random† 0.3730 0.3730 0.3730
Unigram SVM† 0.5890 0.6590 0.5320
LSTM† 0.5260 0.4440 0.6450
DenseLSTM ∗ 0.6510 0.7106 0.6005
BERT 0.6626 0.7055 0.6246

Source: Ptáče

S-BERT 0.6676 0.7055 0.6337
MTL 0.6404 0.7896 0.5386
ANT 0.6348 0.8187 0.5184
MTL+LO 0.6598 0.7346 0.5989
ANT+MAML 0.6454 0.7540 0.5641
LOANT (ours) 0.6702 0.8025 0.5754

Source: Ghosh

S-BERT 0.6512 0.7766 0.5607
MTL 0.6525 0.7475 0.5789
ANT 0.6626 0.8899 0.5278
MTL+LO 0.6622 0.8058 0.5620
ANT+MAML 0.6338 0.7281 0.5610
LOANT (ours) 0.6818 0.7734 0.6096

Results marked with † are reported in [Van Hee et al., 2018], ∗ are in [Wu et al., 2018] and ‡

are in [Oprea and Magdy, 2020].
.

TABLE 4.3: Single-task and multi-task Performance on SemEval-18. The best per-
formed F-score on the four groups of transfer learning are in bold. The best single task
learning results are underlined.

Model F-score Recall Precision
SIARN‡ 0.3420 0.7820 0.2190
MIARN‡ 0.3640 0.7930 0.2360
LSTM‡ 0.3360 0.7470 0.2170
DenseLSTM‡ 0.3180 0.2760 0.3750
BERT 0.3492 0.4904 0.2711
S-BERT 0.3710 0.5541 0.2788
MTL 0.3767 0.3503 0.4074
ANT 0.3857 0.5159 0.3079
MTL+LO 0.4379 0.4267 0.4496
ANT+MAML 0.3951 0.5605 0.2923
LOANT (ours) 0.4642 0.4968 0.4357
S-BERT 0.3383 0.5732 0.2400
MTL 0.3838 0.5159 0.3056
ANT 0.4063 0.4904 0.3468
MTL+LO 0.3987 0.4012 0.3962
ANT+MAML 0.3589 0.4904 0.2830
LOANT (ours) 0.4101 0.4649 0.3668

TABLE 4.4: Single-task and multi-task Performance on iSarcasm.

the shared features under the source domain and the target domain to have the same
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distributions. In the four pairs of experiments, ANT marginally outperforms MTL by

an average of 0.9% F-score. In the Ptáček→ SemEval-18 experiment, the domain dis-

criminator causes F-score to decrease by 0.56%. Overall, the benefits of the adversarial

discriminator to transfer learning appear to be limited. As discussed earlier, the com-

petition between the domain-specific losses and the negative domain discrimination loss

may have contributed to the ineffectiveness of ANT.

Effects of Latent Optimization. We can observe the effects of LO by comparing ANT

with LOANT and comparing MTL with MTL+LO. Note that in these experiments we

adopted the best learning rates for the baseline models ANT and MTL rather than the

latent-optimized models. On average, LOANT outperforms ANT by 3.42% in F-score

and MTL+LO outperforms MTL by 2.63%, which clearly demonstrates the benefits

provided by latent optimization.

Latent Space vs. Model Parameter Space. In the ANT+MAML baseline, we adopt a

MAML-like optimization strategy, which performs the look-ahead in the BERT param-

eter space instead of the latent representation space. Interestingly, this strategy does not

provide much improvements and on average performs 1.40% worse than ANT. LOANT

clearly outperforms ANT+MAML.

In addition, optimization in the latent space also provides savings in computational time

and space requirements. Table 4.5 shows the time and memory consumption for dif-

ferent transfer learning methods. Adding LO to ANT has minimal effects on the mem-

ory usage, but adding MAML nearly doubles the memory consumption. On average,

ANT+MAML increases the running time of LOANT by 3.1 fold.

SemEval-18 iSarcasm
Model RAM/Time RAM/Time

Source:
Ptáče

LOANT 1.01x/2.41x 1.01x/2.55x
MTL+LO 1.01x/1.92x 1.01x/1.91x
ANT 1.00x/1.00x 1.00x/1.00x
ANT + MAML 1.99x/8.31x 1.93x/10.2x

Source:
Ghosh

LOANT 1.01x/2.44x 1.01x/1.94x
MTL+LO 1.01x/1.94x 1.01x/1.89x
ANT 1.00x/1.00x 1.00x/1.00x
ANT + MAML 1.99x/8.41x 1.93x/10.7x

TABLE 4.5: Running time and maximum memory footprint for different transfer learn-
ing methods.
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The Influence of Domain Divergence. In transfer learning, the test performance de-

pends on the similarity between the domains. We thus investigate the dissimilarity be-

tween datasets using the Kullback–Leibler (KL) divergence between the unigram prob-

ability distributions,

dKL =
∑
g∈V

Pt(g)log
Pt(g)

Ps(g)
. (4.29)

where Ps(g) and Pt(g) are the probabilities of unigram g for the source domain and

target domain respectively. V is the vocabulary. Table 4.6 shows the results. Ptáček

is more similar to the two target datasets than Ghosh. Among the two target datasets,

iSarcasm is more similar to Ptáček than SemEval-18.

Comparing LOANT and ANT, we observe that the largest improvement, 7.85%, happens

in the Ptáček→ iSarcasm transfer where domain divergence is the smallest. The Ptáček

→ SemEval-18 transfer comes in second with 3.54%. Transferring from Ghosh yields

smaller improvements. Further, we observe the same trend in the comparison between

MTL+LO and MTL. The largest improvement brought by LO is 6.12% in the Ptáček→
iSarcasm transfer. As one may expect, applying LO leads to greater performance gains

when the two domains are more similar.

SemEval-18 iSarcasm
Ptáček 0.1631 0.0521
Ghosh 0.2300 0.2217

TABLE 4.6: The KL divergence of word probability over the overlapped vocabulary for
each pair of domains.

4.3.6 Source Domain Performance

The original goal is to use automatically collected sarcasm datasets, which are large

but noisy, to improve performance on human-annotated datasets, which are clean and

provide good performance measure. That is why we provided only the target domain

performance. Upon close inspection, LOANT also improves the performance on the

source domain, even though model selection was performed on the target domain. Table

4.7 shows the results.

In Table 4.8, we also show the results after model selection on both domains. Naturally,

this might lead to slightly lowered target-domain performance than achieved by model

selection on target domain only. Comparing LOANT with ANT, and MTL+LO with
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Domain ANT LOANT MTL MTL+LO
Ptacek 0.8307 0.8484 0.8640 0.8629

iSarcasm 0.3857 0.4642 0.3767 0.4379
Average 0.6082 0.6563 0.62035 0.6504
Ghosh 0.7345 0.6596 0.6609 0.6688

iSarcasm 0.4063 0.4101 0.3838 0.3953
Average 0.5704 0.5349 0.5224 0.5321
Ptacek 0.8626 0.8612 0.8722 0.8666

SemEval18 0.6348 0.6702 0.6404 0.6598
Average 0.7487 0.7657 0.7563 0.7632
Ghosh 0.7161 0.7752 0.7700 0.7579

SemEval18 0.6626 0.6818 0.6525 0.6622
Average 0.6894 0.7285 0.7113 0.7101

TABLE 4.7: Test F1 score. Models selected using the target domain only.

MTL, our results show that, in most cases, LO-based models improve both source and

target domain F1. In particular, target domain F1 obtains more improvement than source

domain F1. This suggests that LO provides benefits to knowledge transfer.

Domain ANT LOANT MTL MTL+LO
Ptacek 0.8307 0.8484 0.8640 0.8629

iSarcasm 0.3857 0.4642 0.3767 0.4379
Average 0.6082 0.6563 0.6204 0.6504
Ghosh 0.7787 0.7826 0.7859 0.7807

iSarcasm 0.3965 0.3215 0.3764 0.3953
Average 0.5876 0.5521 0.5812 0.5880
Ptacek 0.8567 0.8612 0.8720 0.8632

SemEval18 0.6463 0.6702 0.6594 0.6666
Average 0.7515 0.7657 0.7657 0.7649
Ghosh 0.7919 0.7962 0.7672 0.7884

SemEval18 0.6427 0.6490 0.6357 0.6442
Average 0.7173 0.7226 0.7015 0.7163

TABLE 4.8: Test F1 score. Models selected with the average F1 on the two domains.

4.4 Summary

Transfer learning holds promise for the effective utilization of multiple datasets for sar-

casm detection. In this chapter, we propose a latent optimization (LO) strategy for ad-

versarial transfer learning for sarcasm detection. By providing a look-ahead in the gra-

dient updates, the LO technique allows multiple losses to accommodate each other. This
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proves to be particularly effective in adversarial transfer learning where the domain-

specific losses and the adversarial loss potentially conflict with one another. With the

proposed LOANT method, we set a new state-of-the-art for the iSarcasm dataset. We

hope the joint utilization of multiple datasets will contribute to the creation of contextu-

alized semantic understanding that is necessary for successful sarcasm detection.

We identify a few limitations of this work:

• First, apart from the cross-domain sarcasm detection task, we should find more

similar settings from other tasks for evaluation. While it is impossible to find all

applicable scenarios for evaluation, we encourage future research to validate the

proposed method and expand its insights drawn from current experiments.

• Second, our studies are conducted on top of BERT. There are also many other pre-

trained encoders introduced in Sub-Chapter 2.1.3. It is not known whether those

different pre-trained models may benefit from the proposed method or exhibit dif-

ferent behaviors. We encourage future research to take a comparative study among

different pre-trained models.

• Third, despite the proposed look-ahead learning strategy explicitly introducing the

gradients of the opponent classifier, how much is left to be done for annealing the

competition between competing objectives is implicit. Understanding the funda-

mental issues of multi-objective optimization is difficult but rewarding.





Chapter 5

Personalizing Federated Language
Model for Diverse Domains

5.1 Motivation

In the past decade, we have witnessed the broad and far-reaching success of artificial

intelligence (AI) in novel application areas such as conversational characters, which pro-

vide increasingly human-like interactions to users. One particularly challenging issue in

the understanding of human language is the modeling of humor. Humor is a prominent

example of linguistic creativity [Veale, 2012] and plays a vital role in human commu-

nication. Unlike AI tasks with objective ground truth, the task of humor recognition is

characterized by subjectivity in humor understanding. Due to individual differences in

cognitive processes, the same joke can be perceived differently by its audience [Aykan

and Nalçacı, 2018, Martin et al., 2003, Heintz and Ruch, 2019]. This is empirically

proved via data analysis on a real-world dataset [Hossain et al., 2019] in which each

joke is rated by five persons in terms of its funniness, and the results show that the

variance of human’s perceived funniness on the same joke is nontrivial (Figure 5.1).

Computational approaches for recognizing humor generally regard the task as a binary

classification problem [Yang et al., 2015, Chen and Soo, 2018]. Traditional research

mainly focuses on extracting expressive features as inputs to a classifier in order to im-

prove classification performance. Neural networks such as Convolutional Neural Net-

works (CNNs) [Chen and Soo, 2018] and transformer networks [Mao and Liu, 2019]

73
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(a) (b)

FIGURE 5.1: Empirical analysis of a random set of 60 jokes from a real-world humor
rating dataset reflecting non-trivial subjectivity in human perception. (a) shows that
users’ perceived funniness on the same jokes vary from person to person and the vari-
ance differs from joke to joke (shaded area). (b) shows that the effect in (a) is consistent
across different age groups, albeit at different levels of variance.

have shifted the focus from feature engineering to automatic feature extraction. Exist-

ing humor recognition models are generally based on the assumption that users have a

consensus about whether or not a given text is humorous (as illustrated in Figure 5.2(a))

[Mao and Liu, 2019, Yang et al., 2015, Chen and Soo, 2018, Liu et al., 2018, Zhang and

Liu, 2014]. However, in reality, humor preference is highly subjective. As a result, these

approaches perform well in recommending humorous content with popular appeal, but

cannot achieve personalized humor recognition.

To ensure that a general language model can be adapted to a personal domain, one has to

collect sufficient labeled data to obtain the desired performance. However, it is impos-

sible to obtain enough labels for tail classes from people who have extreme preferences

for humorous content. That is, the long-tailed, imbalanced datasets are inevitable in sub-

jective tasks and can undermine the reliability of a general language model. Moreover,

these facts cannot be known in advance in a privacy-preserving setting.

We bridge this important gap in the humor recognition literature by proposing a person-

alized humor recognition approach - FedHumor. We adopt the assumption that humor

labels from different users regarding the same text contents can be diverse, and formal-

ize the problem as a conditional binary classification task. The federated learning (FL)

architecture is used as the basis for our proposed personalized humor recognition model.

We deem that the FL training strategy can create an ensemble model which prefers the
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FIGURE 5.2: Traditional setting versus personalized federated learning setting for train-
ing and applying a humor recognition model (Best viewed in color). In (a), a humor
recognition model is trained on a centralized dataset whose labels are determined by
majority voting (consensus) from round 1; the trained model is used to recommend
funny texts to all clients in round 2, without distinction. In (b), a humor recognition
model is trained on distributed datasets where the individual labels and distributions are
preserved on local devices at round 1; the trained model will recommend texts to each
client at round 2, possibly in different sequences.

hypothesis function that accounts for more than one possible label distribution. Allow-

ing different domains to tie weights under the same framework can alleviate overfitting

the local imbalanced data to some extent, thereby reducing the need to obtain more la-

beled data for tail classes.

FedHumor extends the popular Federated Averaging (FedAvg) algorithm [McMahan

et al., 2017] with a diversity adaptation strategy to enhance the handling of disparate user

preferences in humor recognition. As a result, it can adjust the order of humor contents

(e.g., jokes) recommended to different users according to their individual preferences (as

illustrated in Figure 5.2(b)). The federated training process allows multiple views over

diverse label distributions, thus enhancing the generalization of the humor recognition

model. Meanwhile, the distributed learning process allows personalized adaptations to

different users’ preferences to be learned locally, thus enhancing the personalization per-

formance of the model. Moreover, this approach does not require sensitive data concern-

ing each user’s personal humor preference to be exposed, complying with the General

Data Protection Regulation (GDPR) requirement on data privacy preservation.
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5.2 Preliminaries

5.2.1 Federated Gradient-based Optimization

We find the optimal parameters θ∗ for the function fθ by optimizing a differentiable loss

function L(θ) on a training set D, where x ∼ p(x), ∀x ∈ D.

θ∗ = argmin
θ
L(D;θ) (5.1)

The optimal θ∗ is found by iterated gradient descent. At each step t, we update θ with

learning rate η controlling the step size in the direction of the gradient▽θtL(D;θt):

θt+1 ← θt − η▽θt L(D;θt) (5.2)

The above update is repeated until convergence or a predefined number of iterations is

reached.

Under the Federated Learning setting, m participants in the federation wish to jointly

optimize a model without sharing data with each other. Federated Averaging (FedAvg)

[McMahan et al., 2017] provides a general method to perform this optimization across

m data silos, D =
⋃m

i=1Di and x ∼ p(i)(x), ∀x ∈ Di. The local model parameters

are adapted by gradient descent from global parameters θt at each step. To distinguish

local parameters and global parameters, we let θt,k
i denote the local parameters at the ith

participant after applying k local updates to the global parameter θt.

θt,0
i ← θt

θt,k+1
i ← θt,k

i − ηt▽θt,k
i
L(Di;θ

t,k
i )

(5.3)

After every K local iterations, we synchronize the parameters across participants by

averaging local updates. The global parameter update can be written as

θt+1 ← 1

m

m∑
i=1

θt,K
i (5.4)
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FIGURE 5.3: Model parameters updated following standard gradient descent (a), and
averaged gradient descent in federated learning (b). Best viewed in color.

This implies that the model parameters are updated following the direction of the sum

of the gradient vectors as illustrated in Figure 5.3. Traditionally, the parameters are

updated iteratively on batches of labeled samples randomly sampled from the training

set. In this case, the gradient descent direction is guided by the loss over a batch of

observed samples (Figure 5.3(a)). In federated learning, multiple batches of samples are

observed by the global model during every training iteration, while only a compromised

step (i.e. 1
2
(▽θL1(θ) +▽θL2(θ))) is taken to update parameters θ (Figure 5.3(b)).

5.2.2 Problem Formulation

Consider a practical scenario in which a conversational character wants to tell a user a

joke and hence needs to predict whether the user will perceive the joke as humorous or

not. The conversational character has a set of historical texts that have binary feedback

from a set of users, who may disagree with each other on if a joke is funny. Instead of

attempting to reconcile the differences of the user-generated labels, we study a personal-

ized humor recognition problem in which the predicted classes of jokes are conditioned

on the personal preferences of users.

Formally, X = (x1, ...,xn) denotes a total of n input jokes, where xj ∼ p(x) is deter-

mined by a content publisher. Yi = {y(i)1 , ..., y
(i)
n }, where y(i)j ∈ {0, 1}, denotes the target

labels produced by user i on inputs X . We use α, a quantified funniness threshold lying

between the liked and disliked jokes in the historical data of a user, to denote personal

humor preference. For example, the distribution p(y|x, αi) over the binary labels of user

i is determined by αi. Given m users’ historical data, the task here is to predict Y for a

user having α ∼ p(α). We treat this task as a conditional binary classification task.

In a standard supervised learning setting, the probability of input p(x) is assumed to be

unchanged. A traditional binary classification task tries to train a model fθ to estimate
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the true p(y|x) based on sufficient observations in order to construct the relationship

between data and labels p(x, y):

p(x, y) = p(y|x)p(x). (5.5)

Note that the standard learning task assumes that the input data x ∼ p(x) while the

label y ∼ p(y|x) only depends on the input data x. When applied to existing humor

recognition datasets, it involves an underlying assumption that different users follow

the same label distribution p(y|x). However, this assumption may not hold for humor

perception in practice.

Here, we assume that p(y|x) relates to users’ preference α. The problem thus becomes

training the model fθ to estimate the conditional probability p(y|x, α) based on given

α ∼ p(α) and observed x ∼ p(x):

p(x, y, α) = p(y|x, α)p(x, α) = p(y|x, α)p(x)p(α). (5.6)

Here, p(x) is determined by the content publisher and p(α) is determined by users. So

they are independent and satisfy: p(x, α) = p(x)p(α).

5.3 The Proposed FedHumor Model

In this section, we describe the detailed design of the proposed FedHumor model for

the task of personalized humor recognition. We first introduce the contextualized text

encoder model, then we present the federated learning-based model training, followed

by the diversity adaptation design for different users, and finally, we introduce the model

validation under the FL setting. The pseudo-code is given in Algorithm 3.

5.3.1 Model Architecture

We employed the pretrained language model - BERT [Devlin et al., 2019] - to capture

contextualized sentence representations as the input features to a classification layer, and

fine-tune the pretrained weights together with classifier parameters on our task. Briefly,
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FIGURE 5.4: The training of FedHumor involves three steps: 1) the server sends the
global model to clients; 2) the clients train the model locally based on their own labels,
and send their updated parameters to the server; 3) the server aggregates local updates
to produce a new global model.

BERT tokenizes a piece of text into a sequence of word IDs indexed by its stationary

vocabulary. The IDs are used to fetch their corresponding word embeddings from an

embedding table: W = (W1, ...,Wl), W ∈ Rl×d. l is the fixed maximum length of a

sentence and d is the word embedding size. The interactions between words and order

information are captured through the self-attention modules in twelve transformer layers,

denoted as T . The first vector ([CLS]) of the final hidden states at the last transformer

layer is used to represent the final contextualized sentence representation, x, for the

given sentence. A non-linear classification layer, denoted as C, followed by a tanh

activation function, accepts the sentence representations and makes predictions. The

trainable parameters in the FedHumor model are θ = [W ;T ;C] and time complexity

for each round is O(|W ||T ||C|K). K is the local training iterations on each user’s

device while all users perform local adaptation synchronously.

5.3.2 Weight-tying Federated Training

We follow the FedAvg algorithm [McMahan et al., 2017] to aggregate the model pa-

rameters updated on each user’s data silo Di = {X, Yi} after each round of federated

training to produce a global model, as illustrated in Figure 5.4. In every training round,

the current global FL model with parameters θ is sent to m users randomly selected

from the device population, and the adapted local parameters are denoted as θi. For
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each user whose humor preference is αi, we use cross entropy as our loss function, and

the instance loss for user i is computed as follows:

ℓ(θi;αi) = −ylog(p̃(y|x, αi))− (1− y)log(1− p̃(y|x, αi)) + λ||θi||22. (5.7)

Here, p̃(y|x, αi)) is the adapted estimated probability computed using Equations (5.10)

and (5.11). λ is the hyperparameter controlling L2 norm regularization over local model

parameters θi (a.k.a. weight decay). θi is determined by gradient descent to minimize

the following training loss on user i’s data silo:

L(θi;αi) =
1

|Di|
∑
Di

ℓ(θi;αi) (5.8)

In each federated training round t, the local model parameters are adapted from θt to

θt,K
i for K local iterations. The global model parameters are adapted from θt to θt+1 by

averaging the aggregated parameters:

θt+1 ← θt − ηt ·
1

m

m∑
i=1

▽θt,K
i
L(θt,K

i ;αi) (5.9)

where m is the number of users joining the federated learning and ηt is the learning

rate at each round and its value depends on the learning rate scheduler. Throughout the

process, users’ personal humor preference information (i.e. p(y|x, α)) is kept on their

own devices.

5.3.3 Diversity Adaptation

The purpose of applying federated learning to humor recognition is to enhance the gen-

eralizability of traditional humor recognition models when dealing with diverse user

preferences while preserving data privacy. FedHumor is designed similarly to Google’s

GBoard scenario [Ramaswamy et al., 2019] based on the FL paradigm. Inspired by

the mechanism employed in GBoard to prevent the federated model from being domi-

nated by highly frequent emojis, we adapt the model predictions, p̂(y|x), on each class

c = 1, .., C, for user i as follows:
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vc =
P̂ (y = c|x)

P (y = c|x, α ∈ [αi, αi + τ))βi
(5.10)

where P (y|x, α ∈ [αi, αi + τ)) is the empirical marginal label distribution from users

whose threshold α falls in the range [αi, αi + τ). τ is a small real number interval that

reflects a significant change in label distribution when the preference varies. For exam-

ple, ∀α ∈ [1.0, 1.1) is deemed the same preference and differs from ∀α ∈ [1.1, 1.2). For

brevity, we use α = αi to denote an established humor preference. βi is a user-specific

scaling factor tuned on the validation set. Although this introduces one tunable hyperpa-

rameter for every user, the sensitivity analysis in Section 5.4.6 shows that it is necessary

to tune βi only when αi takes on extreme values, which results in very imbalanced label

distributions. The new probability is computed using the softmax function:

P̃ (y = c|x, α = αi) =
exp(vc)∑C
j=1 exp(vj)

. (5.11)

Intuitively, this approach can penalize predictions that are too confident about a certain

class due to its dominant frequency in the observed samples. It is based on the heuris-

tic that users may possess different levels of arousal in response to the same humorous

content. Those having easy-to-amuse or hard-to-amuse personalities can result in a dras-

tically unbalanced dataset. For example, given α = αi, if the predicted probability is

P̂ (y = 1|x) = 0.9 while the empirical probability is P (y = 1|x) = 0.7, the denomina-

tor serves as a punishment to adjust the prediction to be P̃ (y = 1|x) ≈ 0.72 for β = 1

(computed using Equations (5.10) and (5.11)), which is closer to the real probability.

5.3.4 Federated Model Selection

After completing each round of FL training, the global FL model will be tested on the

validation set on each user’s device,Dval = {Xval, Y val|α}. In this stage, p̂(yval|xval, α)

is the estimated probability distribution over the implicit labels in the validation set by

the model. The overall validation loss for each user is calculated as follows:

L(θ;αi) = −
1

|Dval|
∑

(x,y)∈Dval

[ylog(p̂(y|x, αi)) + (1− y)log(1− p̂(y|x, αi))]. (5.12)
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The validation performance across all users is calculated as follows:

L(θ) = 1

m

m∑
i=1

L(θ;α = αi) (5.13)

The best global model θ is selected based on the lowest validation loss, L(θ), among all

federated rounds.

Algorithm 3: FedHumor. The m users are indexed by i; Dtrain denotes training set
and Dval denotes validation set; αi is the humor preference of user i; βi indicates
diversity adaptation for user i; B denotes a mini-batch of Dtrain; E is local training
epochs and T is total federated training rounds; ηt is the learning rate at each round
t.

Initialize global model parameters θ;
for t = 1, 2, ..., T do

for each user i = 1, 2, ...,m in parallel do
θt+1
i ← ClientUpdate (i,θt, βi);

θt+1 ← 1
m

∑m
i=1 θ

t+1
i : global parameters update (Eq. (5.9));

for each user i = 1, 2, ...,m in parallel do
L(θt+1;αi, t)← Inference(i,θt+1);

L(θt+1, t) = 1
m

∑m
i=1 L(θt+1;αi, t) (Eq. (5.13));

Output: θ∗ ← min(L(θt+1, t));

ClientUpdate (i,θ,β) :
Prepare Dtrain = {X, Yi|αi};
for j = 1, 2, ..., E do

for B in Dtrain do
p̂ = fθ(x;αi): make predictions;
p̃ = softmax(p̂/p(y|αi)

βi): adapt predictions (Eq. (5.10), (5.11));
L(θ;αi) =

1
|B|

∑
B ℓ(p̃, y;θ): compute training loss (Eq. (5.8));

θi ← θ − ηt▽θ L(θ;αi): local parameters update;

return θi

Inference (i,θ)

Prepare Dval = {X, Yi|αi};
p̂ = fθ(x;αi): make predictions;
L(θ;αi) =

1
|Dval|

∑
Dval

ℓ(p̂, y;θ): validation loss (Eq. (5.12));
return L(θ;αi)
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5.4 Experimental Evaluation

In this section, we present the details of our experimental setting. We first introduce a

real-world humor recognition dataset and the preparation for personalized humor recog-

nition. Then, we introduce the evaluation metrics used for performance comparison.

Finally, we describe our model setting.

5.4.1 Dataset Description

Most of the existing labeled datasets for humor recognition provided either 0/1 labels or

only one rating (averaged across annotators) for each joke. That is, they removed the

personal preference effect during data annotation. However, the diversity of personal

preferences is especially important in distributed training settings. In our experiments,

we use a newly published dataset from SemEval-2020 shared Task 71 - assessing the

funniness of edited news headlines [Hossain et al., 2019], which provided different rat-

ings from different users for each humorous headline. Each created headline was sent

to five crowdsourced annotators through Amazon Mechanical Turk and each annotator

was required to rate its funniness using a score from the integer interval [0, 1, 2, 3]. For

example, a news headline “Royal wedding: Meghan’s dress in detail” was micro-edited

by replacing dress with elbow to produce a funny version “Royal wedding: Meghan’s

elbow in detail”, which received five ratings: 0, 1, 3, 3 and 3. The original dataset made

a consensus assumption on the perceived funniness of the edited headline. They reas-

signed an average of the five ratings, 2.0, to be the funniness rating for this joke. This

example shows a common assumption of an average user preference does not reflect the

diversity among different users. The statistics of the dataset are summarized in Table

5.1.

TABLE 5.1: Statistics of the public dataset

Train Validation Test

Number of samples 9,652 2,419 3,024
Average Rating 0.936 0.935 0.940

Minimum Rating 0.000 0.000 0.000
Maximum Rating 3.000 3.000 2.800

1SemEval 2020 Task 7 (Sub-task 1) dataset downloaded from: https://github.com/
n-hossain/semeval-2020-task-7-humicroedit

https://github.com/n-hossain/semeval-2020-task-7-humicroedit
https://github.com/n-hossain/semeval-2020-task-7-humicroedit
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5.4.2 Implicit Label Generation

Jokes can be perceived differently and thus, receive different funniness ratings from

users. Unfortunately, there are no public datasets for training an NLP model under the

problem of label distribution shift across people. It is also difficult to collect true feed-

back from a diverse population in a privacy protection setting. To simulate the diversity

in the human perception of jokes, we generate a synthetic binary humor recognition

dataset to study this problem from the SemEval ratings dataset.

• First, sort the jokes by their original average funniness ratings. Specifically, given

a set of n jokes rated by the content publisher with funniness ratings drawn from a

non-negative ordinal interval I = [smin, smax], e.g., I = [0, 3]. D = {(xj, sj))}nj=1,

where sj ∈ I is the original dataset with ratings sorted in ascending order (Figure

5.5(a)). Users receiving this dataset would agree on the jokes with funniness rat-

ings that are close to the boundaries of the rating interval (i.e. not funny (smin) and

very funny (smax)) and may disagree on the jokes with ratings lying in between

(i.e. slightly funny and moderately funny (smin < sj < smax)).

• Second, assume that every user can have only one unique humor preference, de-

noted as αi. Based on a user’s historical implicit feedback, the user’s humor pref-

erence, αi, is reflected as a specific threshold within the funniness rating interval,

i.e., smin < αi < smax. The user dislikes jokes below this threshold rating,

sj < αi, and likes jokes above it, sj ≥ αi (Figure 5.5(b)). In effect, due to the lim-

ited number of training samples observed for every funniness rating, ∀αi ∈ [αi, τ)

is treated as the same humor preference when τ is small enough.

Based on the first assumption, we create a set of implicit labels, Yi = {yj}nj=1 for users

with αi on the same jokes X . Based on the second assumption, we can create multiple

sets of implicit binary labels of diverse distributions p(y|x, αi), where yj = 0 for sj < αi

and yj = 1 for sj ≥ αi.

To simulate the real-world diversity of perceived funniness, we generate a diverse pop-

ulation with humor preferences α ranging from α = 0.2 to α = 2.0 with a step size

of 0.1 (i.e., τ = 0.1), as illustrated in Figure 5.6. The higher the α value, the more

non-humorous labels will be generated. In our experiments, a valid user is regarded as

having αi ∈ [0.2, 2.0]. Specifically, the funniness ratings of the dataset are transformed

into implicit binary labels generated by a given user with the preference α on his own
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FIGURE 5.5: Transform explicit ratings into binary labels. The distribution of explicit
funniness ratings on a set of jokes rated by the content publisher is shown in discrete
intervals (a). An example in which a user’s humor preference is quantified by α = 1.5
(b). Best viewed in color.
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FIGURE 5.6: Generated binary labels with different distributions from funniness ratings
when diverse humor preferences are considered. Best viewed in color.

device. The distribution over the generated implicit labels is p(y|x, α). The boundary

values (e.g., α = 0 and α = 3) that result in a one-class dataset are not considered in our

experiments.

5.4.3 Evaluation Metrics

To evaluate the classification performance of FedHumor and baseline approaches, we use

the macro-averaged F1 score as our main metric, which is the average of the F1 scores

of two classes. We additionally report the macro-averaged precision and recall scores.

Note that a macro-averaged metric implies that the generalization performance on all
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classes is equally important. This is essential in personalized humor recognition, because

some users with a very low or very high threshold of humor preference may produce

very imbalanced labels. In this case, a model can achieve artificially high accuracy by

predicting all the samples to be the dominant class. Thus we do not use the accuracy

metric for evaluation. All the methods are compared on the hold-out test set. We use

macro-averaged metrics for evaluation.

5.4.4 Model Setting

FedHumor is built based on top of the base version of BERT [Devlin et al., 2019]. The

pretrained weights we utilize include its word embedding layer and twelve transformer

layers2. A pooling layer nonlinearized by tanh activation function3 is applied on the

first ([CLS]) token representation from the last transformer layer to be the final contex-

tualized sentence representation. A dropout of 0.1 is applied on the pooled output and

is further sent to a classifier, which is a fully connected layer randomly initialized from

a uniform distribution, U(−
√

1/d,
√

1/d), where d is the size of the input features4. In

our model, d = 768, the length of the hidden vector corresponding to the [CLS] token.

We follow the recommended hyperparameter setting introduced in the paper [Devlin

et al., 2019] to tune learning rate, batch size, and weight decay for fine-tuning BERT on

downstream tasks based on Federated Averaging setting5.

In this section, we conduct experiments to evaluate the performance of FedHumor. We

compare it against nine state-of-the-art humor recognition methods on the hold-out test

set. We also study the properties of FedHumor through experiments and compare it with

other learning approaches to show the advantages of following the federated learning

paradigm.

2PyTorch implementation of the pretrained BERT model: https://huggingface.co/
transformers/pretrained_models.html

3PyTorch implementation of the tanh activation function: https://pytorch.org/docs/
stable/generated/torch.nn.Tanh.html

4PyTorch initialization of linear layer: https://pytorch.org/docs/stable/generated/
torch.nn.Linear.html

5Code downloaded from: https://github.com/shaoxiongji/federated-learning

https://huggingface.co/transformers/pretrained_models.html
https://huggingface.co/transformers/pretrained_models.html
https://pytorch.org/docs/stable/generated/torch.nn.Tanh.html
https://pytorch.org/docs/stable/generated/torch.nn.Tanh.html
https://pytorch.org/docs/stable/generated/torch.nn.Linear.html
https://pytorch.org/docs/stable/generated/torch.nn.Linear.html
https://github.com/shaoxiongji/federated-learning
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5.4.5 Comparison of Different Training Strategies

Given that the property of our data is Differently and independently distributed, we first

compare different training strategies against the federated weight-tying method.

• INDV: A simple approach to this problem is to fine-tune a BERT model for each

individual user based on their local ground truth labels. This method represents

the traditional way of providing personalized humor recognition, which creates a

unique model for each user. Yet, it’s computationally expensive and might eas-

ily overfit to small imbalanced datasets in practice. Moreover, when new users

registered, the server has to establish a new model to be trained for them.

• AGG: The second approach is to first aggregate all the labeled data from each user

into a central database, and treat all of them as ground truth labels to train a BERT-

based humor recognition model. This follows the traditional way of training a

single-task machine learning model. However, this approach needs to have access

to users’ data, which may cause privacy breaches.

• FED: The third approach is to tie the weights of each individual BERT model

through federated learning. In this setting, users can share learned BERT param-

eters while keeping their personal adaptation module.

To test these approaches under different levels of preference diversity, we prepare two

groups of user preferences as shown below. Due to the limit of dataset size and the fun-

niness score range, the maximum number of different user preferences we can generate

from the given dataset is 18.

• Group 1: a group of three users with different preferences: α = 0.3 represents the

easy-to-amuse personality, α = 0.9 represents the neutral personality, and α = 1.8

represents the hard-to-amuse personality;

• Group 2: a group of 18 users with different preferences: α ranging from 0.2 to 1.9

in increments of 0.1, representing a more diverse population.

We compare the average test performance of a group between the three models. Com-

parison Results are shown in Table 5.2. Take the column of F score as an example.

Aggregated training approach works the worst, meaning that training data with conflict
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labels can degrade the performance. Individual training comes after, meaning that such

issues can be alleviated by separating them. Federated training further improves per-

formance, meaning that allowing weight-tying between different users in the federated

setting can bring performance gains. Comparing the two groups, the more diverse the

users, the better the Federated Learning approach performs compared to the rest.

TABLE 5.2: Average test performance (in %) of three learning strategies on two groups
of users. Values in bold denote the best results. Underlined values indicate the second-
best results.

Precision Recall F1 score

Group 1
AGG 58.59 54.89 41.66
INDV 56.30 55.32 53.52
FED 60.03 65.57 55.61

Group 2
AGG 57.40 51.25 33.05
INDV 58.14 55.61 53.03
FED 61.67 66.62 57.48

5.4.6 Hyperparameter Sensitivity Analysis

As introduced in Section 5.3.3, we allow a hyperparameter β on each user to control how

much we want to scale the model’s estimated probabilities P (y|x, αi) w.r.t. the marginal

local distribution P (y|x, αi). As such, we conduct a sensitivity analysis through grid

search to reveal whether it affects the performance of FedHumor and how to set β for

each user. To do so, we vary the values of α from low (α = 0.2) to high (α = 2.0) and

at the same time, increase the scale factor β from small (β = 0) to large (β = 2.0), all

in increments of 0.1. This results in 399 experiments in total. The implicit binary labels

are generated each time the α value changes. We train the BERT-based classification

model for each combination of α and β and the best corresponding model is selected on

the validation set. We report the macro-averaged F1 score on the hold-out test set.

The results on the test set are shown in Figure 5.7. In general, a model can achieve

better generalization performance on the preference range of [0.5, 1.5]. From Figure 5.6,

we can see that this preference interval leads to the range of empirical probability from

P (y = 1|x, α = 0.5) ≈ 0.2 to P (y = 1|x, α = 1.5) ≈ 0.75. In this case, for every

α value, there are multiple β values that can achieve the best performance. This means

that our model is not very sensitive to β and a reasonable value would suffice. For users

who have very low (α < 0.5) or very high (α > 1.5) humor preference values, their
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FIGURE 5.7: Tune hyper-parameter β w.r.t. α for single user. Best viewed in color.

labels are too imbalanced for the model to achieve good generalization performance. In

this case, β is recommended to be set to a low value (e.g., around 0.1).

5.4.7 Comparison of Different Humor Recognition Models

Finally, we compare our model with three kinds of baselines. The first three models are

the representative humor recognition models in literature, which do not use pretrained

language model. The second six models are different versions of pretrained language

models with fine-tuning. Our model use both a pretrained language model and federated

training on diverse humor preferences.

• DV-LR: We trained Doc2Vec using the distributed bag of words approach [Mikolov

et al., 2013b] for sentence representation and applied logistic regression classifier

on the features for classification.

• WV-RF: We reproduced the humor recognition model in [Yang et al., 2015],

which used a pretrained word2vec6 model for sentence representation and a Ran-

dom Forest classifier for classification.

• WV-CNN-HN: We reproduced the deep learning-based humor recognition model

in [Chen and Soo, 2018], which augmented a CNN with a Highway Network for

end-to-end humor recognition7.

6Google word2vec downloaded from: https://code.google.com/p/word2vec/
7PyTorch implementation of Highway Network: https://gist.github.com/dpressel/

3b4780bafcef14377085544f44183353

https://code.google.com/p/word2vec/
https://gist.github.com/dpressel/3b4780bafcef14377085544f44183353
https://gist.github.com/dpressel/3b4780bafcef14377085544f44183353
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• BERT-FZ: We use the BERT model pretrained on lower-cased English text with

768 hidden size and 12 transformer layers. We freeze the pretrained model param-

eters and only update the parameters of a fully connected classification layer.

• BERT-FT: Different from the previous method, we fine-tuned the pretrained pa-

rameters together with the classifier parameters. This is a strong baseline as many

downstream NLP tasks have shown improved performance through fine-tuning

BERT on the task-specific datasets [Devlin et al., 2019]. It is also the same base

model adopted by FedHumor.

• BERT-L/C/M: Advanced by huge model capacity trained on large corpora, pre-

trained language models can provide generally effective representations across

domains. As such, we adopt other versions of BERT. BERT-L is pretrained with

a much larger hidden size (1024) and deeper (24) layers. BERT-C means the true

case and accent markers are preserved when training BERT. BERT-M means a

multilingual BERT model that was pretrained on lower-cased text in the top 102

languages with the largest Wikipedia. The three models are all fine-tuned together

with the classifier to form three baseline approaches.

• ALBERT: There are also many strong pretrained language models after BERT.

We adopt ALBERT [Lan et al., 2019], which had been evaluated to have better

scalability on downstream tasks than BERT. We fine-tune its pretrained parameters

together with a classification layer on the humor recognition task for comparison.

Test Results are shown in Table 5.3. The metrics are the macro average values over

all classes. Generally, pretrained language models with domain adaptive fine-tuning

outperform all traditional models. Our model trained based on the relaxed assumption,

exceeds all baselines across metrics.

The first three models (i.e., DV-LR, WV-RF, WV-CNN-HN) use static word representa-

tions which were widely adopted in humor recognition tasks before the advent of large

pretrained language models. Their performance is generally not good on this dataset

compared to pretrained language model-based methods. The following six models (i.e.,

BERT-FZ, BERT-FT, BERT-L/C/M, ALBERT) are BERT variants. The results achieved

by BERT-FZ are much worse than the rest. This shows that the pretrained language

models, whose learning phase does not take advantage of labeled data, can only provide

general representations. They should be fine-tuned towards a particular task by further

learning from domain-specific label information. BERT-L is close to but lower than
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TABLE 5.3: Test performance (in %) on the user with α = 1.0 achieved by FedHumor
and all baseline approaches. Values in bold indicate the best results. Underlined values
indicate the second-best results.

Precision Recall F1 score

DV-LR 53.69 53.67 53.64
WV-RF 56.70 56.10 55.20
WV-CNN-HN 56.20 54.70 51.90

BERT-FZ 54.15 53.71 52.53
BERT-FT 64.91 64.88 64.87
BERT-L 64.48 64.48 64.47
BERT-C 62.69 62.65 62.62
BERT-M 62.11 62.08 62.06
ALBERT 61.06 61.05 61.04

FedHumor 66.60 66.56 66.53

BERT-FZ showing that larger model parameters do not bring performance gain. BERT-

C and BERT-M are lower than BERT-FZ indicating the preservation of the true case and

knowledge from other languages did not benefit this task. ALBERT, though tested to be

more scalable to downstream tasks than BERT on some datasets, also failed to outper-

form BERT on this task. FedHumor achieved the best results across all three evaluation

metrics and 2.5% relative improvement on F1 score than the second best result. This

reveals that it is not necessary to reconcile the label difference between users. By lever-

aging the diversity and training the model in a distributed manner, we can improve the

model’s performance in personalized humor recognition.

5.5 Summary

In this chapter, we propose FedHumor - a humorous text recognition model following

the federated learning paradigm - to perform personalized humor recognition based on

labels from distributed data sources. To the best of our knowledge, FedHumor is the first

federated learning-based humor recognition model that explicitly considers the diversity

of humor preferences. We conducted the personalized humor recognition by transform-

ing existing humor recognition datasets labeled with explicit ratings into the dataset

labeled with implicit binary labels reflecting different humor preferences. Extensive

experiments against nine state-of-the-art approaches show that FedHumor achieves the

best performance, surpassing the best-performing existing approach by 2.5% in terms of
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F1 score. FedHumor represents a promising direction for personalized recommendation

of humorous content under tightened data privacy protection regulations [Yang et al.,

2019], thereby enabling innovative forms of human-AI interaction to emerge.

We identify a few limitations of current works:

• First, the studies are limited by the availability of suitable real-world datasets. The

evaluation setting is designed to cover all kinds of user preferences. However, in

practice, we may only be able to collect datasets labeled according to a partial set

of user preferences.

• Second, the disparity in labels not only comes from people with different hu-

mor preferences but can also result from time-delayed awareness. For example,

[Mottini and Chowdhury, 2019] observed that the same joke could be labeled dif-

ferently even by the same person after some time. This problem relates to the

research field of concept shift [Lu et al., 2018], which has made a lot of progress

in adapting the model to changing target functions over time [Frı́as-Blanco et al.,

2016, Cano et al., 2019].



Chapter 6

Conclusions and Future Works

6.1 Conclusions

In this thesis, we explored the approaches to enhance the domain adaptation of PLMs

with the goal of using less labeled training data to achieve better performance. We

conduct research under three scenarios from the input to the output of a model:

1) With the model parameters and target labels fixed, how to adapt a PLM to the

target domain by only updating the input data?

2) With the input data and the target labels fixed, how to adapt a PLM to the target

domain by optimizing the model representations?

3) With the input data and the model fixed while the target label distributions vary

across different users, how to adapt the same PLM to multiple users?

We propose three new techniques which obtained nontrivial data efficiency: 1) OPTIMA

can adapt frozen PLMs to new domains with zero-shot and few-shot training samples via

soft prompts that are trained under adversarial perturbations with a domain adaptation

objective; 2) LOANT can adapt PLMs to small datasets with better performance by ef-

fectively transferring knowledge from data-abundant domains via better optimization

among competing losses, and 3) FedHumor enables adaptation of the same PLM to dif-

ferent domains which naturally have different label distributions in a distributed setting.

To summarize, we make the following conclusions:

93
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• We find that the effectiveness of the prompt tuning technique, which adapts frozen

PLMs to downstream tasks, heavily depends on the availability of sufficient la-

beled training data. Initializing soft prompts with checkpoints that are pretrained

on a related source domain can usually boost zero-shot and few-shot learning per-

formance, however, is prone to negative transfer under irregular domain shift.

By utilizing unlabeled data from the target domain and pretraining soft prompt

with OPTIMA, we achieve superior performance than all potential and competi-

tive baselines under zero-shot and few-shot settings.

• We find that training a shared-private neural network on top of PLMs under do-

main adversarial training between a larger-scale source-domain dataset and a smaller-

scale target-domain dataset can enforce the model to be dominated by the source

domain data. LOANT introduces a look-ahead learning strategy that accommo-

dates competing losses under adversarial neural transfer, thereby improving learn-

ing performance on the target small dataset. We show that LOANT outperforms

traditional adversarial neural transfer, multi-task learning, and meta-learning base-

lines, and establishes new state-of-the-art results on sarcasm detection datasets.

• We find that different people tend to have different preferences on the same sub-

jective tasks, which can undermine the performance of the PLMs when applied to

different domains such as users’ mobile devices where labels are kept private. We

relax the common assumption about humor recognition that users have a consen-

sus about whether or not a given text is humorous and allow users to keep their

own humor preferences. By doing so, FedHumor can learn better to adapt the

same PLM to different distributed domains, especially those that naturally have

highly imbalanced classes. We conducted extensive experiments to evaluate our

proposed approach and show that our approach is significantly superior to existing

approaches in terms of personalizing humor recognition.

6.2 Future Works

6.2.1 Pushing the Limit of Domain Adaptation

Although unlabeled data are easy to obtain in most cases, doing so might be difficult for

some data-scarce domains and languages. Therefore, reducing the use of even unlabeled
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data is necessary for those low-resource domains and languages. OPTIMA addresses the

situation where the source and target domains have similar data distributions. When the

two distributions are exactly the same, the technique degenerates to simply adversarial

training. When the two distributions are extremely dissimilar, the transfer is unlikely

to yield performance improvements. Therefore, a unified framework that automatically

detects domain distances and applies the correct method may be desirable. Moreover,

the power of perturbations has the most effect in the few-shot and zero-shot settings.

When the target domain has abundant labeled data, the gap between soft prompt tun-

ing and our method will diminish. LOANT enhances transferability across domains,

however, at a sacrifice of extra forward and backward computations on the task and do-

main classifiers. It is only cheap when these classifiers are shallow. More look-ahead

steps may offer higher performance gains, but the trade-off between the gains and the

computational cost needs to be studied. FedHumor enables adapting the same PLM to

distributed domains while keeping their labels private. At the heart of FedHumor is the

diversification mechanism which we found to be most effective when the classes are not

too extremely imbalanced. It still remains a big problem for deep neural networks to

learn effectively under the challenges of imbalance, long tail, and class scarcity. Intro-

ducing approaches that can address these machine learning problems to the problem of

personalizing PLMs to different domains is promising.

6.2.2 Low-resource Learning

A range of parameter-efficient adaptation methods has shown to be an alternative to fine-

tuning for PLMs. With a few parameters tuned, the performance on downstream tasks

can be comparable with finetuning [Devlin et al., 2019, Lester et al., 2021, Houlsby et al.,

2019]. The rising research on parameter-efficient methods for PLMs adaptations and

some pioneering transfer learning studies under this sector [Gu et al., 2022, Guo et al.,

2022a] show the promise of low-recourse learning with PLMs. However, despite excit-

ing results, little has been explored about the critical ingredients and mechanisms that

made these methods work. On one hand, studies in [He et al., 2021] show that Adapter-

based tuning can better mitigate the forgetting problems than finetuning on low-resource

and cross-lingual tasks. On the other hand, studies in [Gu et al., 2022, Guo et al., 2022a]

show that prompt tuning underperforms finetuning in few-shot settings. These shreds

of evidence suggest that more exploration studies need to be designed to understand
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the underlying mechanisms of different parameter-efficient adaptation methods in low-

resource learning.

A new paradigm: PLM-based data generation for low-resource domains. Previous

research has shown that developing complicated algorithms to adapt a PLM to a low-

resource domain depends on the problem setting. One algorithm does not fit all problem

settings. However, if we have enough data for every task, we can apply general machine

learning algorithms. To achieve this, I propose a new paradigm for low-resource learn-

ing using publicly available Pretrained Language Models to generate datasets. To move

forward, we need to address key research challenges. First, the generated data by PLMs

can be noisy, resulting in wrongly associated class labels. To solve this, I propose com-

bining contrastive learning and prompting research to identify and correct mislabelled

data using nearest neighbors. Second, the generated data can be irrelevant to the given

task, which stems from a lack of sufficient task information in the prompts. E.g., it may

generate a political statement for a movie review sentiment analysis task. To solve this,

I propose using InstructGPT [Ouyang et al., 2022] to generate enhanced prompts, which

removes the limitation of human-written prompts. Finally, when the generated dataset

is very huge, it is inevitable to contain some low-quality samples. To effectively use the

generated dataset, I’ll develop a robust training algorithm based on explainable sample

importance. The main idea is to encourage the downstream model to learn from use-

ful samples while being robust against low-quality samples. The system can be used to

empower a wide range of real-world applications, as shown in Figure 6.1.

FIGURE 6.1: First, we write a prompt for a given task, to steer a Pretrained Language
Model to generate a set of data candidates. The system will first identify the misla-
beled data and correct labels using the first solution. Then, the system will examine out
irrelevant data and use InstructGPT to automatically refine the dataset without exter-
nal supervision from humans. Finally, the system will exploit the generated dataset by
training the downstream model with our proposed training algorithm. The system is not
only efficient because we don’t train any model parameters in the generation process,
but also flexible as we can turn back to any previous stage to enhance the performance.
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Andreas Rücklé, Gregor Geigle, Max Glockner, Tilman Beck, Jonas Pfeiffer, Nils
Reimers, and Iryna Gurevych. AdapterDrop: On the efficiency of adapters in trans-
formers. In Proceedings of the 2021 Conference on Empirical Methods in Natural
Language Processing, Online and Punta Cana, Dominican Republic, November 2021.
Association for Computational Linguistics. 33



118 BIBLIOGRAPHY

Rabeeh Karimi mahabadi, James Henderson, and Sebastian Ruder. Compacter: Efficient
low-rank hypercomplex adapter layers. In A. Beygelzimer, Y. Dauphin, P. Liang, and
J. Wortman Vaughan, editors, Advances in Neural Information Processing Systems,
2021. 33

Junxian He, Chunting Zhou, Xuezhe Ma, Taylor Berg-Kirkpatrick, and Graham Neu-
big. Towards a unified view of parameter-efficient transfer learning. In International
Conference on Learning Representations, 2022. 33

Edward J Hu, yelong shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang,
Lu Wang, and Weizhu Chen. LoRA: Low-rank adaptation of large language models.
In International Conference on Learning Representations, 2022. 33

Yusheng Su, Xiaozhi Wang, Yujia Qin, Chi-Min Chan, Yankai Lin, Zhiyuan Liu, Peng
Li, Juanzi Li, Lei Hou, Maosong Sun, et al. On transferability of prompt tuning
for natural language understanding. arXiv preprint arXiv:2111.06719, 2021. URL
https://arxiv.org/pdf/2111.06719.pdf. 35

Colin Wei, Sang Michael Xie, and Tengyu Ma. Why do pretrained language mod-
els help in downstream tasks? an analysis of head and prompt tuning. Advances
in Neural Information Processing Systems, 34:16158–16170, 2021b. URL https:
//openreview.net/forum?id=MDMV2SxCboX. 35

Qi Zhu, Bing Li, Fei Mi, Xiaoyan Zhu, and Minlie Huang. Continual prompt tuning for
dialog state tracking. In Proceedings of the 60th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers), pages 1124–1137, Dublin, Ire-
land, May 2022. Association for Computational Linguistics. doi: 10.18653/v1/2022.
acl-long.80. URL https://aclanthology.org/2022.acl-long.80. 35

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael
Matena, Yanqi Zhou, Wei Li, and Peter J. Liu. Exploring the limits of transfer learning
with a unified text-to-text transformer. Journal of Machine Learning Research, 21
(140):1–67, 2020b. URL http://jmlr.org/papers/v21/20-074.html.
37, 42

W Ronny Huang, Zeyad Emam, Micah Goldblum, Liam Fowl, Justin K Terry, Furong
Huang, and Tom Goldstein. Understanding generalization through visualizations.
2020. 38

Safa Cicek and Stefano Soatto. Input and weight space smoothing for semi-supervised
learning. In Proceedings of the IEEE/CVF International Conference on Computer
Vision (ICCV) Workshops, Oct 2019. 38, 40

Dongha Kim, Yongchan Choi, and Yongdai Kim. Understanding and improving virtual
adversarial training. arXiv preprint 1909.06737, 2019. 38, 40

Diederik P. Kingma and Jimmy Ba. Adam: A method for stochastic optimization. In
ICLR (Poster), 2015. URL http://arxiv.org/abs/1412.6980. 40

https://arxiv.org/pdf/2111.06719.pdf
https://openreview.net/forum?id=MDMV2SxCboX
https://openreview.net/forum?id=MDMV2SxCboX
https://aclanthology.org/2022.acl-long.80
http://jmlr.org/papers/v21/20-074.html
http://arxiv.org/abs/1412.6980


BIBLIOGRAPHY 119

Takeru Miyato, Shin-ichi Maeda, Masanori Koyama, and Shin Ishii. Virtual adversarial
training: a regularization method for supervised and semi-supervised learning. IEEE
transactions on pattern analysis and machine intelligence, 41(8):1979–1993, 2018.
doi: 10.1109/TPAMI.2018.2858821. 40, 43

Takeru Miyato, Andrew M Dai, and Ian Goodfellow. Adversarial training methods for
semi-supervised text classification. In ICLR, 2016. 40

Adina Williams, Nikita Nangia, and Samuel Bowman. A broad-coverage challenge
corpus for sentence understanding through inference. In Proceedings of the 2018
Conference of the North American Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, Volume 1 (Long Papers), pages 1112–1122.
Association for Computational Linguistics, 2018. URL http://aclweb.org/
anthology/N18-1101. 42

Samuel R. Bowman, Gabor Angeli, Christopher Potts, and Christopher D. Manning. A
large annotated corpus for learning natural language inference. In Proceedings of the
2015 Conference on Empirical Methods in Natural Language Processing, pages 632–
642, Lisbon, Portugal, September 2015. Association for Computational Linguistics.
doi: 10.18653/v1/D15-1075. URL https://aclanthology.org/D15-1075.
42

Marie-Catherine de Marneffe, Mandy Simons, and Judith Tonhauser. The commitment-
bank: Investigating projection in naturally occurring discourse., 2019. URL https:
//semanticsarchive.net/Archive/Tg3ZGI2M/Marneffe.pdf. 42

Marco Marelli, Stefano Menini, Marco Baroni, Luisa Bentivogli, Raffaella Bernardi, and
Roberto Zamparelli. A SICK cure for the evaluation of compositional distributional
semantic models. In Proceedings of the Ninth International Conference on Language
Resources and Evaluation (LREC’14), pages 216–223, Reykjavik, Iceland, May
2014. European Language Resources Association (ELRA). URL http://www.
lrec-conf.org/proceedings/lrec2014/pdf/363_Paper.pdf. 42

Aaron Gokaslan and Vanya Cohen. Openwebtext corpus, 2019. URL http://
Skylion007.github.io/OpenWebTextCorpus. 43

Chen Zhu, Yu Cheng, Zhe Gan, Siqi Sun, Tom Goldstein, and Jingjing Liu. Freelb:
Enhanced adversarial training for natural language understanding. In International
Conference on Learning Representations, 2020. URL https://openreview.
net/forum?id=BygzbyHFvB. 43

Noam Shazeer and Mitchell Stern. Adafactor: Adaptive learning rates with sublin-
ear memory cost. In Jennifer Dy and Andreas Krause, editors, Proceedings of the
35th International Conference on Machine Learning, volume 80 of Proceedings
of Machine Learning Research, pages 4596–4604. PMLR, 10–15 Jul 2018. URL
https://proceedings.mlr.press/v80/shazeer18a.html. 45
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Tomáš Ptáček, Ivan Habernal, and Jun Hong. Sarcasm detection on Czech and English
twitter. In Proceedings of COLING 2014, the 25th International Conference on Com-
putational Linguistics: Technical Papers, pages 213–223, 2014. 53, 62



BIBLIOGRAPHY 121

David Bamman and Noah A Smith. Contextualized sarcasm detection on twitter. In
Ninth international AAAI conference on web and social media. Citeseer, 2015. 53

Aditya Joshi, Vinita Sharma, and Pushpak Bhattacharyya. Harnessing context incon-
gruity for sarcasm detection. In Proceedings of the 53rd Annual Meeting of the Asso-
ciation for Computational Linguistics and the 7th International Joint Conference on
Natural Language Processing (Volume 2: Short Papers), pages 757–762, 2015. 53

Yaroslav Ganin and Victor Lempitsky. Unsupervised domain adaptation by backpropa-
gation. In ICML, volume 37, pages 1180–1189, 2015. 54

Pengfei Liu, Xipeng Qiu, and Xuanjing Huang. Adversarial multi-task learning for
text classification. In Proceedings of the 55th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers), pages 1–10, Vancouver, Canada,
July 2017. Association for Computational Linguistics. doi: 10.18653/v1/P17-1001.
URL https://www.aclweb.org/anthology/P17-1001. 54

Young-Bum Kim, Karl Stratos, and Dongchan Kim. Adversarial adaptation of synthetic
or stale data. In Proceedings of the 55th Annual Meeting of the Association for Com-
putational Linguistics (Volume 1: Long Papers), pages 1297–1307, 2017. 54

Anush Kamath, Sparsh Gupta, and Vitor Carvalho. Reversing gradients in adversarial
domain adaptation for question deduplication and textual entailment tasks. In Pro-
ceedings of the 57th Annual Meeting of the Association for Computational Linguistics,
pages 5545–5550, 2019. 54

Chelsea Finn, Pieter Abbeel, and Sergey Levine. Model-agnostic meta-learning for fast
adaptation of deep networks. In Doina Precup and Yee Whye Teh, editors, Proceed-
ings of the 34th International Conference on Machine Learning, volume 70 of Pro-
ceedings of Machine Learning Research, pages 1126–1135. PMLR, 06–11 Aug 2017.
URL http://proceedings.mlr.press/v70/finn17a.html. 54, 60, 61
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valho, Agustı́n Ortiz-Dı́az, and Rafael Morales-Bueno. Online adaptive decision trees
based on concentration inequalities. Knowledge-Based Systems, 104:179–194, 2016.
92
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