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Abstract
The traditional machine learning paradigm of training a task-specific model on

one single task has led to state-of-the-art performance in many fields (e.g. computer

vision and natural language processing). To enable wider applicability of machine

learning models, transfer learning aims to adapt knowledge learned from source

task(s) to improve performance in other target task(s). However, existing transfer

learning paradigm is still understudied, such that we have limited knowledge of

its potential limitations, underlying mechanism and solutions for more intelligent

transfer. In particular, when transferring knowledge from a less related source, it

may inversely hurt the target performance, a phenomenon known as negative trans-

fer. Nonetheless, the cause of negative transfer is ill-defined, and it is not clear how

negative transfer affect models’ generalization and sample-efficiency.

In this thesis, with the goal of thoroughly characterizing and addressing neg-

ative transfer in machine learning models, we carefully study negative transfer in

popular vision and NLP setups, glean insights on its causes, and propose solutions

that lead to improved generalization and sample-efficiency. This thesis consists of

three parts. The first part conducts systematic analysis of negative transfer in state-

of-the-art transfer learning models. We formally characterize its conditions in both

domain adaptation and multilingual NLP models, and demonstrate the task conflict

as a key factor of negative transfer. In the second part, we propose various alignment

methods to enhance the generalization of transferable models by resolving the afore-

mentioned task conflicts with better-aligned representations and gradients. Finally,

in the third part, we explore sample-efficient transfer learning algorithms that miti-

gate negative transfer using less training and/or alignment data. The contributions of

this thesis include new insights on addressing negative transfer in transfer learning

and a series of practical methods and algorithms that improve model generalization

and efficiency.
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Chapter 1

Introduction

Over the past decade, the development of deep neural networks (DNN) has largely pushed the

performance of machine learning models on a wide range of tasks in both computer vision (CV)

and natural language processing (NLP). With modern training systems using ef�cient accel-

erators such as graphics processing unit (GPU) and tensor processing unit (TPU), large-scale

neural networks with billions of (Huang et al., 2019c; Radford et al., 2019) or even trillions of

(Fedus et al., 2021) parameters obtain state-of-the-art performance on important tasks such as

image classi�cation (Pham et al., 2020) and machine translation (Lepikhin et al., 2020). How-

ever, DNNs often require a large amount of labeled data to train well-generalized models where

the training data and testing data are assumed to be drawn from the same underlying distribu-

tion. In many cases, collecting large volumes of within-task labeled training data is expensive or

even strictly prohibitive. Therefore,transfer learning(Pan and Yang, 2010; Weiss et al., 2016)

has been developed to enable exploiting training data, supervised or unsupervised, from related

task(s) to improve generalization in the target task(s). This paradigm of knowledge transfer has

been shown success empirically on various kinds of tasks including core CV tasks such as image

classi�cation (Long et al., 2017; Tan and Le, 2019), object detection (He et al., 2017), and seg-

mentation (Chen et al., 2017), and core NLP tasks such as natural language understanding (NLU)

(Devlin et al., 2018; Liu et al., 2019; Yang et al., 2019) and cross-lingual transfer (Arivazhagan

et al., 2019; Conneau et al., 2020; Lample and Conneau, 2019).

Despite the signi�cant development and the exceptionally diverse range of applications, the

success of transfer learning is not always guaranteed and its limitation is not well-understood.

As a notable example, negative transfer has been observed empirically (Rosenstein et al., 2005)

such that transferring from less related source tasks may hinder performance in the target tasks

instead of improving. This poses several challenges towards more generalizable and ef�cient
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transfer learning as follows:

(1) The causes and underlying factors of negative transfer is unknown.While the notion

of negative transfer has been well recognized within the transfer learning community (Pan and

Yang, 2010; Weiss et al., 2016) and it has been observed empirically in different tasks ranging

from simple binary classi�cation problems (Rosenstein et al., 2005) to large-scale neural multi-

lingual natural language understanding tasks (Arivazhagan et al., 2019), the root of such degen-

erative phenomena remains unclear. There is no clear formal de�nition for negative transfer nor

systematic analysis of its conditions. For instance, we do not know whether negative transfer is

model-dependent, or if it is determined by task relatedness only. Without such a thorough under-

standing of negative transfer, it is therefore particularly challenging to design methodologies to

detect or prevent it, especially under settings where source-target divergence can be large.

(2) The generalization of transferable models is susceptible to negative transfer.The

existence of negative transfer directly threatens the generalization of any transfer learning model.

This is particularly true for NLP where pretrained models have become ubiquitous. For example,

when a model is pretrained using corpus from a speci�c domain (such as wikipedia), it may not

be applicable for other domains due to negative transfer (Raffel et al., 2019). On the other hand, a

multilingual model can be trained on many languages at the same time, and negative interference

among languages may also hinder its generalization (Arivazhagan et al., 2019). Thus, how to

resolve negative transfer to extend applicabilities of existing NLP models has become an urgent

issue.

(3) Negative transfer raises data requirements for ef�cient knowledge transfer.We hu-

man beings accumulate knowledge throughout our lifetime, and utilize most related past experi-

ence to ef�ciently learn new knowledge from only a few examples. However, existing transfer

learning models are more likely to suffer from negative transfer when using few training exam-

ples (Pan and Yang, 2010), and therefore they require a large amount of training data, either

from source or target distribution, to achieve reasonable performance. This would further in-

crease the resources required to store extra training data and retrain transfer models to adapt to

new domains, adding non-trivial cost and hinders transfer models' deployment in industry or

other realistic setups where new tasks/domains continuously emerge.

1.1 Thesis Statement

The goal of this thesis is to thoroughly characterize and alleviate negative transfer in machine

learning models. In particular, we aim to understand negative transfer's pre-conditions, inves-
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tigate methods to mitigate it, and study the bene�ts of addressing it. To this end, we carefully

study negative transfer in popular vision and NLP setups, glean insights on its causes, and pro-

pose solutions that lead to improved generalization and sample ef�ciency of transfer learning

methods. In the �rst part, we conduct systematic analysis of negative transfer in state-of-the-art

transfer learning models that (1) formally characterizes its conditions in both domain adaptation

and multilingual NLP models and (2) demonstrates the task con�ict as a key factor of negative

transfer. In the second part, we present two methods to enhance the generalization of transfer-

able models by resolving the aforementioned task con�icts with better-aligned representations

and gradients. In the third part, we further show that mitigating data discrepancy among differ-

ent tasks can also largely improve the sample ef�ciency of transfer learning methods, effectively

reducing the requirement of human supervision.

1.2 Thesis Overview

This thesis is a collection of diverse case studies centered around the effect of negative transfer

and the above three related challenges. The goal is to thoroughly investigate task con�icts in

transfer learning models that could lead to negative transfer and resolve them to achieve more

generalizable and sample-ef�cient knowledge transfer. There are three major parts, each corre-

sponding to one problem mentioned above, detailed as follows:

Part I Measuring and Characterizing Con�icts in Transfer Learning In this part, we reex-

amine negative transfer for neural models in popular CV and NLP setups. Despite its popularity,

there is no formal de�nition for negative transfer nor consistent metric to measure it thereby mak-

ing it hard to compare transfer algorithms and detect negative transfer. We �rst revisit negative

transfer in standard domain adaptation benchmarks and utilize its theoretical properties to de�ne

a negative transfer gap (NTG) as a practically measurable metric (chapter 3). The de�nition fur-

ther reveals task con�ict as the root of negative transfer and two other underlying factors, which

are con�rmed with empirical results. Next in (chapter 4), we extend our analysis beyond syn-

thetic settings to real-world multilingual models where hundreds of languages are trained jointly

in a single model. We speci�cally test four hypotheses of causes for negative transfer, and �nd

gradient con�icts and task-speci�c parameters to be the main factors. In both cases, we report

empirical evidence that resolving such con�icts may mitigate negative transfer.
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Part II Enhancing Transfer Generalization by Addressing Task Con�icts From the previ-

ous part, we have learned that negative transfer exists in current transfer learning models and

affects their generalization when transferred to new tasks/domains. The main cause of negative

transfer is the inter-task con�ict occurring during the training process or post-hoc adaptation.

In this part, we are therefore particularly interested in addressing task con�icts through explicit

alignment of source-target distributions. Speci�cally, we propose two different types of align-

ment for multilingual transfer models. In (chapter 5), we start with aligning representations of

different languages after they are learned, both contextualized and non-contextualized. We com-

pare two popular representation alignment paradigms and further propose a uni�ed framework to

combine them in a systematic way. Next we explore alignment during the optimization process

(chapter 6) in a multilingual neural machine translation (NMT) model. We �nd that gradient

similarity measured along the optimization trajectory is an important signal for the overall model

performance. And thus we propose a scalable method to align gradients, named Gradient Vac-

cine (GRADVAC), which encourages more geometrically aligned parameter updates for close

tasks. These proposed methods mitigate task con�icts and thus improve models' generalization

in target tasks.

Part III Improving Transfer Ef�ciency with Less Supervision With recent advances of

large-scale pre-trained models, ef�ciently adapting and reusing them for other tasks has be-

come crucial for the practical application of these models. In this part, we show that alleviating

data discrepancy and negative transfer can improve the sample ef�ciency of transferable models.

We start with an empirical analysis of negative transfer in lifelong learning settings using pre-

trained language models (chapter 7), and observe that the model requires much more examples

to adapt robustly to new tasks when negative transfer occurs. Consequently, we propose a meta-

learning method that explicitly learns to conduct local adaption robustly and effectively improve

its sample ef�ciency such that it can outperform prior methods using 100 times less training

data. Next in (chapter 8), we present a simple visual language model framework (SimVLM) for

vision-language pretraining. Unlike prior methods, SimVLM only uses weakly aligned image-

text data and enables zero-shot learning in visual understanding tasks, relieving the reliance on

human annotation. This improves the sample ef�ciency for both pretraining and �netuning in

vision-language transfer. Finally, we show that it is possible to attain strong transfer perfor-

mance without utilizing any labeled data in (chapter 9). Speci�cally, we propose unsupervised

data generation (UDG) using giant language models pretrained on a large scale, which enables

zero-label language learning on a wide range of natural language understanding tasks and obtains
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the �rst super-human performance on the SuperGLUE benchmark (Wang et al., 2019a).
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Chapter 2

Background and Literature Review

From a broad perspective, machine learning aims to train a generalizable model that outputs

a labely for a given inputx (thex, y pair can be in an arbitrary form, such as an image and a

corresponding object class label) by utilizing a set of training data in the form of (x, y) pairs. The

goal is being able to generalize to unseen test examples in a wide variety of settings. While the

traditional machine learning training paradigm assumes both training and testing data come from

the same underlying distribution, we often want to utilize training data from a related but different

distribution when it is hard to directly collect training examples from the testing distribution. For

example, if we do not have enough labeled images captured by professional photographers and

we still want to train a model for image classi�cation for this domain, we can utilize online

pictures to improve the model quality. This is the key motivation for transfer learning and in this

chapter, we formalize this setting for the rest of this thesis.

2.1 Terminology and De�nitions

In machine learning, the typical setup is to train a model to approximate a function (de�ned

through the form of model parameters) for a speci�c task. A task, in its simplest form, is com-

posed of two measurable spacesX andY and their joint underlying distributionP(X ; Y). Here,

X represents the input space andY represents the label space. Then, a �nite set of training ex-

amplesf (x i ; yi )gn
i =1 are sampled/collected based on the joint distributionP(X ; Y), and we train

the model/hypothesish(�) to minimize the expected risk as:

RP (h) := Ex;y � P [`(h(x); y)] ; (2.1)

7



where` is some loss function de�ned for this task. In practice, since directly minimizing the

expected risk is prohibited, we usually minimize the empirical risk instead as:

~RP (h) :=
1
n

nX

i =1

`(h(x i ); yi ): (2.2)

Transfer Learning. The above training protocol does not work well when the training sizen is

small in a complex task. Transfer learning then aims to improve the model's generalization in this

target task by utilizing training data from other task(s). Formally, letPS(X ; Y) andPT (X ; Y)

denote the the joint distribution in the source and the target domain. Without loss of generality,

given a labeled source setS = f (x i
s; yi

s)g
ns
i =1 sampled from the source jointPS(X ; Y) and a

target setT = ( Tl ; Tu) whereTl = f (x j
l ; yj

l )gn l
j =1 is a labeled target set drawn from the target

joint PT (X ; Y), andTu = f xk
ugnu

k=1 is an unlabeled target set from the target marginalPT (X ),

transfer learning aims at designing an algorithmA, which takes both the source and target domain

dataS; T as input, and outputs a hypothesis (model)h = A(S; T ), to minimize the expected

risk as

RPT (h) := Ex;y � PT [`(h(x); y)] : (2.3)

To make the setting meaningful, it is often assumed thatns � nl . This de�nition of transfer

learning can be easily adapted to different settings to include multiple sources/targets such as

domain adaptation and multilingual models. It can also be extended to related settings such as

few-shot learning and lifelong learning.

Negative Transfer. Although the goal of transfer learning is to improve target task perfor-

mance through knowledge transfer from source tasks, the success of such paradigm is not always

guaranteed. In particular, since we typically have limited amount of labeled data in the target

task, it becomes hard to accurately approximate the expected risk in Eq. (2.3). Consequently,

it is challenging to guarantee performance when transferring to the target, hurting the model's

generalization. On the other hand, this also raises the issue ofsample-ef�ciency, as it often

requires more training samples to mitigate negative transfer. As we will see later in this thesis,

a key factor of these two problems isnegative transfer, which is closely related to task con�ict

and transfer ef�ciency. The notion of negative transfer lacks a rigorous de�nition. A widely

accepted description of negative transfer (Pan and Yang, 2010; Weiss et al., 2016) is stated as

“ transferring knowledge from the source can have a negative impact on target learner”. More

broadly, this can be interpreted as utilizing training data from a different distribution is less ef-

fective, compared to the standard machine learning training protocol such as the one in Eq. (2.2).

8



We will rede�ne this term formally in chapter 3 and provide in-depth analysis. In addition, we

will also study negative transfer in transfer paradigm with multiple sources/targets, which we

refer to asnegative interference.

2.2 Background

2.2.1 Transfer Learning

Transfer learningPan and Yang (2010); Yang et al. (2013) aims to transfer knowledge learned in

the source domain to assist learning in the target domain. There are many forms of knowledge

transfer, such as parameter transfer (Ganin et al., 2016) or regularization transfer (Huang et al.,

2007). Pioneer work of transfer learning study the simple setting of transferring from a single

source domain to a single target domain, where the input/output spaces are also assumed to be

the same (a.k.a. homogeneous domain adaptation). Early methods (Caruana, 1997) exploit con-

ventional statistical techniques such as weighting source domain instances (Huang et al., 2007)

and mapping domain features to be similar between the source and the target (Pan et al., 2011;

Uguroglu and Carbonell, 2011). Compared to these earlier approaches, deep transfer networks

achieve better results in discovering domain invariant factors (Yosinski et al., 2014). Some deep

learning methods (Long et al., 2015; Sun and Saenko, 2016) transfer via distribution (mis)match

measurements such as Maximum Mean Discrepancy (MMD) (Huang et al., 2007). More recent

work(Cao et al., 2018a; Ganin et al., 2016; Sankaranarayanan et al., 2018; Tzeng et al., 2015)

exploit generative adversarial networks (GANs) (Goodfellow et al., 2014) and add a subnetwork

as a domain discriminator, obtaining strong results on computer vision tasks (Sankaranarayanan

et al., 2018). More recently for natural language processing tasks, language model pre-training

has become a successful transfer learning approach to effectively reduce the requirement for

task-speci�c labeled data (Brown et al., 2020; Devlin et al., 2018; Liu et al., 2019; Radford et al.,

2019; Raffel et al., 2019; Yang et al., 2019). Via training on unsupervised large-scale text corpus,

bi-directional language models such as BERT and XLNet are able to learn contextualized text

representations that can then be �ne-tuned on downstream tasks with small training data sizes,

which have pushed the state of the art on a variety of natural language understanding bench-

marks. These results raise increasing interest in transfer learning, which has been extended to

challenging problem settings such as multilingual NLP, meta learning and lifelong learning.

Multilingual NLP attempts to enable knowledge transfer among languages and build multi-

lingual systems that can process many languages at the same time. Early methods try to capture
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the cross-lingual mapping of word embeddings with cross-lingual supervision, including bilin-

gual dictionaries (Artetxe et al., 2016; Duong et al., 2016; Faruqui and Dyer, 2014; Gouws and

Søgaard, 2015; Joulin et al., 2018; Mikolov et al., 2013a; Xing et al., 2015), sentence-aligned

corpora (Gouws et al., 2015; Hermann and Blunsom, 2014; Ko�cisk�y et al., 2014) and document-

aligned corpora (Søgaard et al., 2015; Vulić and Moens, 2016). More recently, multilingual

models train multiple languages jointly (Aharoni et al., 2019; Arivazhagan et al., 2019; Conneau

et al., 2020; Devlin et al., 2018; Firat et al., 2016; Johnson et al., 2017; Lample and Conneau,

2019). Follow-up work study the cross-lingual ability of these models and what contributes to

it (Artetxe et al., 2019b; Karthikeyan et al., 2020; Kudugunta et al., 2019; Pires et al., 2019;

Wu and Dredze, 2019; Wu et al., 2020), the limitation of such training paradigm (Arivazhagan

et al., 2019; Wang et al., 2020c), and how to further improve it by utilizing post-hoc alignment

(Cao et al., 2020; Wang et al., 2020d), data balancing (Jean et al., 2019; Wang et al., 2020b), or

calibrated training signal (Huang et al., 2019a; Mulcaire et al., 2019).

Meta learningstudies the problem of transferring knowledge from known tasks to facilitate

learning in the unseen tasks, a.k.a. learning to learn. In (Finn et al., 2017), it is de�ned asto train

a model on a variety of learning tasks, such that it can solve new learning tasks using only a

small number of training samples. A popular setting is few-shot learning that aims to learn how

to perform fast adaptation on new tasks by utilizing past experience (Finn et al., 2017; Flennerhag

et al., 2019; Gu et al., 2018). More broadly, meta-level learning can be also applied to learn

how to perform data selection on unseen tasks (Wang et al., 2020b) or choose hyperparameters

(Baydin et al., 2018). This form of transferring combines well with existing transfer learning

approach (Pham et al., 2020).

Lifelong learningtransfers knowledge continuously in a model's lifetime. The model is

required to quickly adapt to new environments and acquire new skills by leveraging past experi-

ences, while retaining old skills and continuously accumulating knowledge (Parisi et al., 2019).

There is a surge of research interest in the lifelong learning by applying regularization or ex-

panding model sizes (Chaudhry et al., 2019; Kirkpatrick et al., 2017; Lopez-Paz and Ranzato,

2017; Rusu et al., 2016; Sprechmann et al., 2018; Yoon et al., 2018; Zenke et al., 2017). One

successful approach to achieving lifelong learning has been augmenting the learning model with

an episodic memory module (Sprechmann et al., 2018). The underlying idea is to �rst store

previously seen training examples in memory, and later use them to perform experience replay

(Rolnick et al., 2019) or to derive optimization constraints (Chaudhry et al., 2019; Lopez-Paz and

Ranzato, 2017) while training on new tasks. The key is to prevent catastrophic forgetting when

trained on new tasks (Yogatama et al., 2019), such that the model may forget learned knowledge
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on old ones.

2.2.2 Negative Transfer

Negative transferoccurs when transferring knowledge from source tasks hurts the performance

in the target tasks instead of assisting. It is hypothesized that the cause of this negative impact

is the difference between the two underlying distributions. Early work that noted negative trans-

fer (Rosenstein et al., 2005) was targeted at simple classi�ers such as hierarchical Naive Bayes.

They observe degenerative performance in the target domain when transfer learning is applied.

Later, similar negative effects have also been observed in various settings including multi-source

transfer learning (Duan et al., 2012), imbalanced distributions (Ge et al., 2014) and partial trans-

fer learning (Cao et al., 2018a). While the importance of detecting and avoiding negative transfer

has raised increasing attention (Weiss et al., 2016), the literature lacks in-depth analysis. Besides,

similar effects of negative transfer are observed in other settings such as multilingual models and

lifelong learning.

Multilingual models are multi-task in nature and thus interference among tasks may exist.

This is particularly true since language input spaces are heterogeneous, with different vocab-

ularies, morphosyntactic rules, and different pragmatics across cultures. Prior work have dis-

covered that multilingual models are not equally bene�cial for all languages. Conneau et al.

(2020) demonstrated that including more languages in a single model can improve performance

for low-resource languages but hurt performance for high-resource languages. Similarly, recent

work (Aharoni et al., 2019; Arivazhagan et al., 2019; Johnson et al., 2017; Tan et al., 2019) in

multilingual neural machine translation (NMT) also observed performance degradation on high-

resource language pairs. This phenomenon is known asnegative interference(Ruder, 2017),

where training multiple tasks jointly hinders the performance on individual tasks.

In lifelong learning, similar negative impact among tasks has also been reported ascatas-

trophic forgetting(McCloskey and Cohen, 1989). This is the case when learning new tasks hurts

the performance in the old ones. On the other hand, negative transfer also occurs when trans-

ferring from the old tasks hurts performance in the new ones. These can be seen as negative

transfer in two directions, backward and forward respectively. However, human beings suffer

less from these due to the complementary learning systems (CLS) theory (McClelland et al.,

1995). It states that humans rely on episodic memory to store past experiences and conduct ex-

perience rehearsal, and have two learning phases that iteratively learn new knowledge ef�ciently

but remember old ones robustly for a longer period of time. Therefore, it is expected that by
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addressing negative transfer, we can also train machine learning models that are able to conduct

transfer learning ef�ciently and robustly.
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Part I

Measuring and Characterizing Con�icts in

Transfer Learning

13





Chapter 3

Negative Transfer in Domain Adaptation

In this chapter and the next chapter, we present the �rst part of the thesis to study negative trans-

fer in transfer learning. We aim to systematically investigate its de�nition and underlying factors,

which will serve as important building blocks for later chapters. This chapter �rst study nega-

tive transfer in domain adaptation, a popular setup for traditional transfer learning. Despite its

pervasiveness, negative transfer is usually described in an informal manner, lacking rigorous def-

inition, careful analysis, or systematic treatment. In this chapter, we propose a formal de�nition

of negative transfer and analyze three important aspects thereof. Stemming from this analysis,

a novel technique is proposed to circumvent negative transfer by �ltering out unrelated source

data. Based on adversarial networks, the technique is highly generic and can be applied to a wide

range of transfer learning algorithms. The proposed approach is evaluated on six state-of-the-art

deep transfer methods via experiments on four benchmark datasets with varying levels of dif�-

culty. Empirically, the proposed method consistently improves the performance of all baseline

methods and largely avoids negative transfer, even when the source data is degenerate.

3.1 Introduction

The development of deep neural networks (DNNs) has improved the state-of-the-art performance

on a wide range of machine learning problems and applications. However, DNNs often require

a large amount of labeled data to train well-generalized models and as more classical methods,

DNNs rely on the assumption that training data and test data are drawn from the same underlying

distribution. In some cases, collecting large volumes of labeled training data is expensive or even

prohibitive. Transfer learning (Pan and Yang, 2010) addresses this challenge of data scarcity by

utilizing previously-labeled data from one or more source tasks. The hope is that this source
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domain is related to the target domain and thus transferring knowledge from the source can

improve the performance within the target domain. This powerful paradigm has been studied

under various settings (Weiss et al., 2016) and has been proven effective in a wide range of

applications (Long et al., 2015; Moon and Carbonell, 2017; Zamir et al., 2018).

However, the success of transfer learning is not always guaranteed. If the source and target

domains are not suf�ciently similar, transferring from such weakly related source may hinder

the performance in the target, a phenomenon known as negative transfer. The notion of negative

transfer has been well recognized within the transfer learning community (Pan and Yang, 2010;

Weiss et al., 2016). An early paper (Rosenstein et al., 2005) has conducted empirical study on

a simple binary classi�cation problem to demonstrate the existence of negative transfer. Some

more recent work (Cao et al., 2018a; Duan et al., 2012; Ge et al., 2014) has also observed sim-

ilar negative impact while performing transfer learning on more complex tasks under different

settings.

Despite these empirical observations, little research work has been published to analyze or

predict negative transfer, and the following questions still remain open: First, while the notion

being quite intuitive, it is not clear how negative transfer should be de�ned exactly. For example,

how should we measure it at test time? What type of baseline should we compare with? Second,

it is also unknown what factors cause negative transfer, and how to exploit them to determine

that negative transfer may occur. Although the divergence between the source and target domain

is certainly crucial, we do not know how large it must be for negative transfer to occur, nor if it

is the only factor. Third and most importantly, given limited or no labeled target data, how to

detect and/or avoid negative transfer.

In this chapter, we take a step towards addressing these questions. We �rst derive a formal

de�nition of negative transfer that is general and tractable in practice. Here tractable means

we can explicitly measure its effect given the testing data. This de�nition further reveals three

underlying factors of negative transfer that give us insights on when it could occur. Motivated

by these theoretical observations, we develop a novel and highly generic technique based on

adversarial networks to combat negative transfer. In our approach, a discriminator estimating

both marginal and joint distributions is used as a gate to �lter potentially harmful source data

by reducing the bias between source and target risks, which corresponds to the idea of impor-

tance reweighting (Cortes et al., 2010; Yu and Szepesvári, 2012). Our experiments involving

eight transfer learning methods and four benchmark datasets reveal the three factors of negative

transfer. In addition, we apply our method to six state-of-the-art deep methods and compare their

performance, demonstrating that our approach substantially improves the performance of all base
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methods under potential negative transfer conditions by largely avoiding negative transfer.

3.2 Rethink Negative Transfer

Notation. We will usePS(X; Y ) andPT (X; Y ), respectively, to denote the the joint distribu-

tion in the source and the target domain, whereX is the input random variable andY the output.

Following the convention, we assume having access to labeled source setS = f (x i
s; yi

s)g
ns
i =1

sampled from the source jointPS(X; Y ), a labeled target setTl = f (x j
l ; yj

l )gn l
j =1 drawn from the

target jointPT (X; Y ), and an unlabeled target setTu = f xk
ugnu

k=1 from the target marginalPT (X ).

For convenience, we de�neT = ( Tl ; Tu). Notice that we focus on domain adaptation setup in

this chapter, and assume the label spaces are the same between the source and the target domain.

This allows us to study negative transfer in details and we leave more complex transfer learning

settings for future work.

Transfer Learning. Under the notation, transfer learning aims at designing an algorithmA,

which takes both the source and target domain dataS; T as input, and outputs a better hypothesis

(model)h = A(S; T ), compared to only using the target-domain data. For model comparison,

we will adapt the standard expected risk, which is de�ned as

RPT (h) := Ex;y � PT [`(h(x); y)] ; (3.1)

with ` being the speci�c task loss. To make the setting meaningful, it is often assumed that

ns � nl .

Negative Transfer. The notion of negative transfer lacks a rigorous de�nition. A widely ac-

cepted description of negative transfer (Pan and Yang, 2010; Weiss et al., 2016) is stated as

“ transferring knowledge from the source can have a negative impact on the target learner”.

While intuitive, this description conceals many critical factors underlying negative transfer, among

which we stress the following three points:

1. Negative transfer should be de�ned w.r.t. the transfer learning algorithm. Speci�cally, the

informal description above does not specify what the negative impact is compared with. For

example, it will be misleading to only compare with the best possible algorithm only using

the target data, i.e., de�ning negative transfer as

RPT (A(S; T )) > min
A 0

RPT (A0(? ; T )); (3.2)

17



because the increase in risk may not come from using the source-domain data, but the dif-

ference in algorithms. Therefore, to study negative transfer, one should focus on a speci�c

algorithm at a time and compare its performance with and without the source-domain data.

Hence, we de�ne thenegative transfer condition(NTC) for any algorithmA as

RPT (A(S; T )) > R PT (A(? ; T )): (3.3)

For convenience, we also de�ne thenegative transfer gap(NTG) as a quanti�able measure of

negative transfer:

NTG(A; S; T) = RPT (A(S; T )) � RPT (A(? ; T )); (3.4)

and we say that negative transfer occurs if the negative transfer gap is positive and vice versa.

2. Divergence between the joint distributions is the root to negative transfer. As negative transfer

is algorithm speci�c, it is natural to ask the question that whether there exists a transfer learn-

ing algorithm that can always improve the expected risk compared to its target-domain only

baseline. It turns out this depends on the divergence betweenPS(X; Y ) andPT (X; Y ) (Gong

et al., 2016). As an extreme example, assumePS(X ) = PT (X ) andPS(Y j x) is uniform for

anyx. In the case, there is no meaningful knowledge inPS(X; Y ) at all. Hence, exploiting

S � PS(X; Y ) will almost surely harm the estimation ofPT (Y j X ), unlessPT (Y j X ) is

uniform.

In practice, we usually deal with the case where there exists some “systematic similarity”

betweenPS(X; Y ) andPT (X; Y ). Then, an ideal transfer learning algorithm would �gure

out and take advantage of the similar part, leading to improved performance. However, if an

algorithm fails to discard the divergent part and instead relies on it, one can expect negative

transfer to happen. Thus, regardless of the algorithm choice, the distribution shift is the actual

root to negative transfer.

3. Negative transfer largely depends on the size of the labeled target data. While the previous

discussion focuses on the distribution level, an overlooked factor of negative transfer is the

size of the labeled target data, which has a mixed effect.

On one hand, for the same algorithm and distribution divergence, NTC depends on how well

the algorithm can do using target data alone, i.e. the RHS of Eq.(3.3). In zero-shot transfer

learning1 (Ganin and Lempitsky, 2015; Pei et al., 2018) where there is no labeled target data

(nl = 0), only using unlabeled target data would result in a weak random model and thus

1It is often referred to as unsupervised domain adaptation in the literature.
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NTC is unlikely to be satis�ed. When labeled target data is available (Moon and Carbonell,

2017; Rosenstein et al., 2005; Tzeng et al., 2015), a better target-only baseline can be obtained

using semi-supervised learning methods and so negative transfer isrelativelymore likely to

occur. At the other end of the spectrum, if there is an abundance of labeled target data, then

transferring from an even slightly different source domain could hurt the generalization. Thus,

this shows that negative transfer isrelative.

On the other hand, the amount of labeled target data has a direct effect on the feasibility

and reliability of discovering shared regularity between the joint distributions. As discussed

above, the key component of a transfer learning algorithm is to discover the similarity between

the source jointPS(X; Y ) and the target jointPT (X; Y ). When labeled target data is not

available (nl = 0), one has to resort to the similarity between the marginalsPS(X ) and

PT (X ), which though has a theoretical limitation on generalization bound (Ben-David et al.,

2007). In contrast, if one has a considerable number of samples(x l ; yl ) � PT (X; Y ) and

(xs; ys) � PS(X; Y ), the problem would be manageable. Therefore, an ideal transfer learning

algorithm may be able to utilize labeled target data to mitigate the negative impact of unrelated

source information.

While the discussion above are based on the underlying setting of domain adaptation, we be-

lieve some ideas are also shared across the other settings such as covariate shift and concept shift.

For example, the analysis on the divergence of joint distributions is generic and is applicable for

those settings as well. Other ideas are also worth exploring in future research. With these points

in mind, we next turn to the problem of how to avoid negative transfer in a systematic way.

3.3 Proposed Method

As discussed in Section 3.2, the key to improving transfer is to discover and exploit shared

underlying structures betweenPS(X; Y ) andPT (X; Y ). In practice, there are many possible

regularities one may take advantage of. To motivate our proposed method, we �rst review an

important line of work and show how the observation in Section 3.2 helps us to identify the

limitation.

3.3.1 Domain Adversarial Network

As a notable example, a recent line of work (Ganin and Lempitsky, 2015; Long et al., 2015;

Tzeng et al., 2017) has successfully utilized a domain-invariant feature space assumption to
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achieve knowledge transfer. Speci�cally, it is assumed that there exists a feature space that is

both shared by both source and target domains and discriminative enough for predicting the

output. By learning a feature extractorF that can map both the source and target input to the

same feature space, classi�er learned on the source data can transfer to the target domain.

To �nd such a feature extractor, a representative solution is the Domain Adversarial Neural

Network (DANN) (Ganin et al., 2016), which exploits a generative adversarial network (GAN)

framework to train the feature extractorF such that the feature distributionsP(F (X S)) and

P(F (X T )) cannot be distinguished by the discriminatorD. Based on the shared feature space,

a simple classi�erC is trained on both source and target data. Formally, the objective can be

written as:

argmin
F;C

argmax
D

L CLF(F; C) � � L ADV (F; D ); (3.5)

L CLF(F; C) = Ex l ;yl �T L [`CLF(C(F (x l )) ; yl )]

+ Exs ;ys �S [`CLF(C(F (xs)) ; ys)] ; (3.6)

L ADV (F; D ) = Exu � PT (X ) [logD(F (xu))]

+ Exs � PS (X ) [log(1 � D(F (xs)))] : (3.7)

Intuitively, L CLF is the supervised classi�cation loss on both the target and source labeled data,

L ADV is the standard GAN loss treatingF (xu) andF (xs) as the true and fake features respec-

tively, and� is a hyper-parameter balancing the two terms. For more details and theoretical

analysis, we refer readers to the original work (Ganin and Lempitsky, 2015).

Now, notice that the DANN objective implicitly makes the following assumption: For any

xs 2 X s, there exists ax t 2 X t such that

PS(Y jxs) = PT (Y jx t ) = P(Y jF (xs)) = P(Y jF (x t )) :

In other words, it is assumed that every single source sample can provide meaningful knowledge

for transfer learning. However, as we have discussed in Section 3.2, some source samples may

not be able to provide any knowledge at all. Consider the case where there is a source input

xs 2 X s such thatPS(Y j xs) 6= PT (Y j x t ) for any x t . SinceP(F (X s)) = P(F (X t ))

as a result of the GAN objective, there exists ax0 2 X t such thatF (x0) = F (xs) and hence

P(Y j F (x0)) = P(Y j F (xs)) . Then, ifP(Y j F (xs)) is trained on the source data to match

PS(Y j xs), it follows

P(Y jF (x0)) = P(Y jF (xs)) = P(Y jxs) 6= P(Y jx0):
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Figure 3.1: The architecture of proposed discriminator gate, wheref is the extracted feature

layer, ŷ and`CLF are predicted class label and its loss,d̂ is the predicted domain label,L gate
CLF is

the classi�cation loss,L aug
ADV is the adversarial learning loss; GRL stands for Gradient Reversal

Layer and� is the Hadamard product.

As a result, relying on such “unrelated” source samples can hurt the performance, leading to

negative transfer. Motivated by this limitation, we next present a simple yet effective method to

deal with harmful source samples in a systematic way.

3.3.2 Discriminator Gate

The limitation of DANN comes from the unnecessary assumption that all source samples are

equally useful. To eliminate the weakness, a natural idea is to reweight each source sample

in some proper manner. To derive an appropriate weight, notice that the standard supervised

learning objective can be rewritten as

L SUP = Ex;y � PT (X;Y ) [`CLF(C(F (x)); y)]

= Ex;y � PS (X;Y )

�
PT (x; y)
PS(x; y)

`CLF(C(F (x)); y)
� (3.8)

where the density ratioPT (x;y )
PS (x;y ) naturally acts as an importance weight (Cortes et al., 2010; Yu

and Szepesvári, 2012) for the source data. Hence, the problem reduces to the classic problem of
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density ratio estimation.

Here, we exploit a GAN discriminator to perform the density ratio estimation (Uehara et al.,

2016). Speci�cally, the discriminator takes bothx and the pairedy as input, and tries to classify

whether the pair is from the source domain (fake) or the target domain (true). At any point, the

optimal discriminator is given byD(x; y) = PT (x;y )
PT (x;y )+ PS (x;y ) , which implies

PT (x; y)
PS(x; y)

=
D(x; y)

1 � D(x; y)
:

In our implementation, to save model parameters, we reuse the feature extractor to obtain the

features ofx and instantiateD(x; y) asD(F (x); y). With the weight ratio, we modify the classi-

�cation objective (3.6) in DANN as

L gate
CLF(C; F ) = Ex l ;yl �T L [`CLF(C(F (x l )) ; yl )]

+ � Exs ;ys �S [! (xs; ys)`CLF(C(F (xs)) ; ys)] ;

! (xs; ys) = SG
�

D(xs; ys)
1 � D(xs; ys)

� (3.9)

where SG(�) denotes stop gradient and� is another hyper-parameter introduce to scale the density

ratio. As the density ratio acts like a gating function, we will refer to mechanism as discriminator

gate.

On the other hand, we also augment the adversarial learning objective (3.7) by incorporating

terms for matching the joint distributions:

L aug
ADV (F; D ) = Exu � PT (X ) [logD(F (xu); nil )]

+ Exs � PS (X ) [log(1 � D(F (xs); nil ))]

+ Ex l ;yl �T L [logD(F (x l ); yl )]

+ Exs ;ys �S [log(1 � D(F (xs); ys))] ;

(3.10)

wherenil denotes a dummy label which does not provide any label information and it is in-

cluded to enable the discriminatorD being used as both a marginal discriminator and a joint

discriminator. As a bene�t, the joint discriminator can utilize unlabeled target data since labeled

data could be scarce. Similarly, under this objective, the feature networkF will receive gradient

from both the marginal discriminator and the joint discriminator. Theoretically speaking, the

joint matching objective subsumes the the marginal matching objective, as matched joint distri-

bution implied matched marginals. However, in practice, the labeled target dataTL is usually

limited, making the joint matching objective itself insuf�cient. This particular design choice
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echos our discussion about how the size of labeled target data can in�uence our algorithm design

in Section 3.2.

Combining the gated classi�cation objective (3.9) and the augmented adversarial learning

objective (3.10), we arrive at our proposed approach to transfer learning

argmin
F;C

argmax
D

L gate
CLF(F; C) � � L aug

ADV (F; D ): (3.11)

The overall architecture is illustrated in Figure 3.1. Finally, although the presentation of the

proposed method is based on DANN, our method is highly general and can be applied directly to

other adversarial transfer learning methods. In fact, we can even extend non-adversarial methods

to achieve similar goals. In our experiments, we adapt six deep methods (Cao et al., 2018b;

Ganin and Lempitsky, 2015; Long et al., 2015; Sankaranarayanan et al., 2018; Sun and Saenko,

2016; Tzeng et al., 2017) of three different categories to demonstrate the effectiveness of our

method.

3.4 Experiments

We conduct extensive experiments on four benchmark datasets to (1) analyze negative transfer

and its three underlying aspects, and (2) evaluate our proposed discriminator gate on six state-

of-the-art methods.

3.4.1 Datasets

We use four standard datasets with different levels of dif�culties: (1) small domain shift: Digits

dataset, (2) moderate domain shift: Of�ce-31 dataset, and (3) large domain shift: Of�ce-Home

and VisDA datasets.

Digits contains three standard digit classi�cation datasets: MNIST, USPS, SVHN. Each

dataset contains large amount of images belonging to 10 classes (0-9). This dataset is rela-

tively easy due to its simple data distribution and therefore we only consider a harder case:

SVHN! MNIST . Speci�cally, SVHN (Netzer et al., 2011) contains 73K images cropped from

house numbers in Google Street View images while MNIST (LeCun et al., 1998) consists of 70K

handwritten digits captured under constrained conditions.

Of�ce-31 (Saenko et al., 2010) is the most widely used dataset for visual transfer learning. It

contains 4,652 images of 31 categories from three domains: Amazon(A) which contains images

from amazon.com, Webcam(W) and DSLR(D) which consist of images taken by web camera
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and SLR camera. We evaluate all methods across three tasks:W! D, A! D, andD! A. We

select these three settings because the other three possible cases yield similar results.

Of�ce-Home (Venkateswara et al., 2017) is a more challenging dataset that consists of about

15,500 images of 65 categories that crawled through several search engines and online image

directories. In particular, it contains four domains: Artistic images(Ar ), Clip Art(Cl), Product

images(Pr) and Real-World images(Rw). We want to test on more interesting and practical

transfer learning tasks involving adaptation from synthetic to real-world and thus we consider

three transfer tasks:Ar ! Rw, Cl! Rw, andPr! Rw. In addition, we choose to use the �rst

25 categories in alphabetic order to make our results more comparable to previous studies (Cao

et al., 2018b).

VisDA (Peng et al., 2017) is another challenging synthetic to real dataset. We use the training

set as the synthetic source and the testing set as the real-world target (Synthetic! Real). Speci�-

cally, the training set contains 152K synthetic images generated by rendering 3D models and the

testing set contains 72K real images from crops of Youtube Bounding Box dataset (Real et al.,

2017), both contain 12 categories.

3.4.2 Experimental Setup

To better study negative transfer effect and evaluate our approach, we need to control the three

factors discussed in Section 3.2, namelyalgorithm factor, divergence factorandtarget factor. In

our experiments, we adopt the following mechanism to control each of them.

Divergence factor:Since existing benchmark datasets usually contain domains that are sim-

ilar to each other, we need to alter their distributions to better observe negative transfer effect.

In our experiments, we introduce two perturbation rates� x and � y to respectively control the

marginal divergence and the conditional divergence between two domains. Speci�cally, for each

source domain data we independently draw a Bernoulli variable of probability� x , and if it re-

turns one, we add a series of random noises to the input image such as random rotation, random

salt&pepper noise, random �ipping, etc (examples shown Figure 3.2). According to studies in

(Azulay and Weiss, 2018; Szegedy et al., 2014), such perturbation is enough to cause misclassi-

�cation for neural networks and therefore is suf�cient for our purpose. In addition, we draw a

second independent Bernoulli variable of probability� y and assign a randomly picked label if it

returns one.

Target factor: Similar to previous works, we use all labeled source data for training. For the

target data, we �rst split 50% as training set and the rest 50% for testing. In addition, we use all
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(a) Original (b) Perturbed

Figure 3.2: Example images before & after perturbation

of target training data as unlabeled target data and useL% percent of them as labeled target data.

A systematic study of source data can be found in (Wang and Carbonell, 2018).

Algorithm factor: To provide a more comprehensive study of negative transfer, we eval-

uate the performance of eight transfer learning methods of �ve categories:TCA (Pan et al.,

2011), KMM (Huang et al., 2007),DAN (Long et al., 2015),DCORAL (Sun and Saenko,

2016),DANN a.k.a RevGrad (Ganin and Lempitsky, 2015),ADDA (Tzeng et al., 2015),PADA

(Cao et al., 2018b),GTA (Sankaranarayanan et al., 2018). Speci�cally, (1) TCA is a conven-

tional method based on MMD-regularized PCA, (2) KMM is a conventional sample reweighting

method, (3) DAN and DCORAL are non-adversarial deep methods which use a distribution mea-

surement as an extra loss, (4) DANN, ADDA and PADA use adversarial learning and directly

train a discriminator, (5) GTA is a GAN based method that includes a generator to generate ac-

tual images in additional to the discriminator. We mainly follow the default settings and training

procedures for model selection as explained in their respective papers. However, for fair com-

parison, we use the same feature extractor and classi�er architecture for all deep methods. In

particular, we use a modi�ed LeNet as detailed in (Sankaranarayanan et al., 2018) for the Dig-

its dataset. For other datasets, we �ne-tune from the ResNet-50 (He et al., 2016) pretrained on

ImageNet with an added 256-dimension bottleneck layer between theres5candfc layers. To

compare the performance of our proposed approach, we adapt a gated version for each of the

six deep methods (e.gDANNgate is the gated DANN). Speci�cally, we extend DANN, ADDA

and PADA straightforwardly as described in Section 4.2. For GTA, we extend the discriminator

to take in class labels and output domain label predictions as gates. For DAN and DCORAL,

we add an extra discriminator network to be used as gates but the general network is not trained

adversarially. For hyper-parameters, we set� = 1 and� progressively increased from 0 to 1 in

all our experiments. For each transfer task, we compare the average classi�cation accuracy over
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W! D A! D

� = 0.0 � = 0.3 � = 0.7 � = 0.9 Avg � = 0.0 � = 0.3 � = 0.7 � = 0.9 Avg L %

DANN 99.1� 0.8 83.2� 1.4 47.2� 2.7 32.2� 3.5 65.4 76.2� 1.5 40.9� 1.1 21.3� 2.7 12.9� 3.7 37.8

0%

NTG1 -96.5 -80.3 -44.1 -28.3 -62.3 -73.7 -37.3 -17.2 -9.7 -34.5

DANNgate 98.9� 0.6 83.3� 2.1 48.4� 2.5 32.1� 3.1 65.7 76.0� 1.2 41.0� 1.6 21.5� 3.1 13.2� 2.4 37.9

NTG2 -96.3 -80.4 -45.3 -28.2 -62.6 -73.5 -37.4 -17.4 -10.0 -34.6

� #0.2 " 0.1 " 1.2 #0.1 " 0.3 #0.2 " 0.1 " 0.2 " 0.3 " 0.1

DANN 99.5� 0.4 86.8� 2.8 73.1� 3.3 48.8� 4.3 77.0 78.6� 2.7 54.8� 3.1 49.6� 2.1 32.3� 2.6 53.8

10%

NTG1 -48.7 -37.8 -23.6 1.6 -27.1 -28.4 -4.4 1.2 18.4 -3.3

DANNgate 99.2� 0.3 85.4� 2.6 79.4� 2.9 50.4� 3.2 78.6 85.1� 1.7 60.2� 2.1 58.3� 2.0 49.1� 2.5 63.2

NTG2 -48.4 -36.4 -29.9 0.0 -28.7 -34.9 -9.8 -7.5 1.6 -12.7

� #0.3 #1.4 " 6.3 " 1.6 " 1.6 " 6.5 " 5.4 " 8.7 " 16.8 " 9.4

DANN 99.6� 0.2 89.7� 1.6 78.4� 2.5 70.5� 4.3 84.6 80.2� 2.0 73.3� 2.2 70.2� 3.3 51.3� 4.3 68.8

30%

NTG1 -18.5 -10.3 1.8 8.2 -4.7 -1.5 6.5 8.9 28.4 10.6

DANNgate 100.0� 0.1 90.4� 1.8 82.0� 1.8 79.9� 3.8 88.1 89.0� 1.5 82.6� 1.0 81.3� 2.1 80.6� 1.8 83.4

NTG2 -18.9 -11.0 -1.8 -1.2 -8.2 -10.3 -2.8 -2.2 -0.9 -4.1

� " 0.4 " 0.7 " 3.6 " 9.4 " 2.6 " 8.8 " 9.3 " 11.1 " 29.3 " 14.6

DANN 100.0� 0.0 92.2� 1.7 85.8� 2.3 78.2� 4.8 89.1 84.5� 1.9 77.6� 3.8 70.6� 4.9 65.4� 6.3 74.5

50%

NTG1 -11.7 -3.2 3.8 10.4 -0.2 4.6 12.1 18.8 23.2 14.7

DANNgate 100.0� 0.0 93.3� 1.7 91.2� 1.5 89.5� 3.4 92.5 93.2� 1.3 91.4� 1.2 90.2� 2.0 89.8� 1.9 91.2

NTG2 -11.7 -4.3 -1.6 -0.9 -4.6 -4.1 -1.7 -0.8 -1.2 -2.0

� ! 0.0 " 1.1 " 5.4 " 11.3 " 4.5 " 8.7 " 13.8 " 19.6 " 24.4 " 16.7

Table 3.1:Classi�cation accuracy (%) of DANN and DANNgateon tasks W! D and A! D. Perturbation rates

are set equal, i.e.� = � x = � y . NTG1 andNTG2 are negative transfer gaps for DANN and DANNgate. � is the

performance gain of DANNgatecompared to DANN.

�ve random repeats. To test whether negative transfer occurs, we measure the negative trans-

fer gap (NTG) as the gap between the accuracy of target-only baseline and that of the original

method. For instance, for DANN, the target-only baseline is DANNT which treats labeled target

data as “source" data and uses unlabeled data as usual. A positive NTG indicates the occurrence

of negative transfer and vice versa.

3.4.3 Study of Negative Transfer

To reveal the three dependent factors, we study the effect of negative transfer under different

methods with varying perturbation rates (� x ; � y) and target labeled data (L%).

Divergence factor.The performance of DANN under different settings of� andL% on two

tasks of Of�ce-31 are shown in Table 3.1. We observe an increasing negative transfer gap as

we increase the perturbation rate in all cases. In some cases such asL% = 10%, we can even

observe a change in the sign of NTG. For a more �ne-grained study, we investigate a wider
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spectrum of distribution divergence by gradually increasing� from 0.0 to 1.0 in Figure 3.3(a).

Although DANN is better than DANNT when� is small, its performance degrades quickly as�

increases and drops below DANNT , indicating the occurrence of negative transfer. On the other

hand, by �xing� y = 0 and using two domainsW andD that are known to be particularly similar,

we study negative transfer under the assumption of covariate shift in Table 3.3, and observe that

negative transfer doesnot occur even with high� x and descentL%. These experimental results

con�rms that the distribution divergence is an important factor of negative transfer.

Target factor. Fixing a speci�c� , we observe that the negative transfer gap increases asL%

increases in Table 3.1. In the extreme case of unsupervised adaptation (L% = 0%), NTG stays

negative even if two domains are far apart (� = 0:9). In Figure 3.3(b), we �x� = 0:2 and plot

the performance curve asL% increases. We can see that while both DANN and DANNT perform

better with more labeled target data, DANN is affected by the divergence factor and outperformed

by DANNT whenL% becomes larger. This observation shows that negative transfer is relative

and it depends on target labeled data.

Algorithm factor. In Table 3.2, we compare the results of all methods under a more prac-

tically interesting scenario of moderately different distributions and limited amount of labeled

target data. We observe that some methods are more vulnerable to negative transfer then the

other even using the same training data. For conventional methods, instance-reweighting method

KMM achieves smaller NTG compared to feature selection method TCA, possibly because

KMM can assign small weights to source instances with dissimilar input features. For deep

methods, we �nd GTA to be the most robust method against negative transfer since it takes both

label information and random noises as inputs to the generator network. More interestingly, we

observe that methods based on distribution measurement such as MMD (e.g. DAN) achieve

smaller NTG than methods based on adversarial networks (e.g. DANN), even though the later

tends to perform better when distributions are similar. This is consistent with �ndings in previous

works (Cao et al., 2018a) and one possible explanation is that adversarial network's better capa-

bility of matching source and target domains leads to more severe negative transfer. Similarly,

ADDA has better matching power by using two separate feature extractors, but it results in larger

NTG compared to DANN.

3.4.4 Evaluation of Discriminator Gate

We compare our gated models with their respective state-of-the-art methods on the benchmarks

in Table 3.2. Even using limited amount of labeled target data, our proposed method consistently
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(a) L % �xed at 20% (b) � �xed at 0.2

Figure 3.3: Incremental performance on task Pr! Rw. ResS and ResT are ResNet-50 baselines

trained using only source data and only target data. Perturbation rates are set equal, i.e.� = � x =

� y.

improves the performance for all deep methods on all tasks. More importantly, our method can

largely eliminate the negative impact of less related source data and avoid negative transfer (e.g.

DANNgateachieves negative average NTG while DANN gets positive NTG). Speci�cally, our

method achieves larger accuracy gains on harder tasks such as synthetic to real-world tasks in

Of�ce-Home and VisDA. This is mainly because source domains in these tasks tend to contain

more unrelated samples. This �nding is also consistent with results in Table 3.1 and Figure 3.3(a)

where we can observe larger performance gains as perturbation rates increase. In the extreme

case where the source domain is degenerate (� = 1:0 in Figure 3.3(a)), the gated model achieves

comparable results to those of DANNT . On the other hand, the results of DANN and DANNgate
are similar when source domain is closely related to the target (� = 0:0 on task W! D in Table

3.1). This indicates that the discriminator gate can control the trade-off between maximal trans-

fer and alleviating negative impact.

Ablation Study. We report the results of ablation study in Table 3.4 and analyze the effects

of several components in our method subject to different settings of transfer tasks. First, both

DANNgate-onlyand DANNlabel-onlyperform better than DANN but worse than DANNgate,

showing that the discriminator gate and estimating joint distributions can both improve perfor-

mance but their combination yields full performance bene�t. Second, DANNjoint obtains higher

accuracy results than DANNmarginaland DANNnonesince matching joint distributions is the

key to avoid negative transfer when both marginal and conditional distributions shift. How-

ever, while DANNjoint achieves comparable results as DANNgatewhenL% = 30%, it performs
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Digits Of�ce-31 Of�ce-Home VisDA

Method SVHN! MNIST W! D A! D D! A Ar! Rw Cl! Rw Pr! Rw Synthetic! Real Avg

TCA 58.7(18.2) 54.2(-4.2) 11.4(20.5) 13.1(18.4) - - - - 34.4(13.2)

KMM 70.9(6.0) 58.7(-8.5) 18.5(13.4) 17.7(13.8) - - - - 41.5(6.2)

DAN 78.5(-4.4) 76.3(-19.5) 55.0(-1.3) 39.2(4.9) 43.2(3.8) 30.2(5.8) 47.2(4.0) 28.4(7.2) 49.8(0.1)

DANgate 82.2(-8.1) 78.7(-21.9) 60.4(-6.7) 43.9(0.2) 46.8(0.2) 38.0(-2.0) 50.4(0.8) 36.2(-0.6) 54.6(-4.7)

� DAN " 3.7 " 2.4 " 5.4 " 4.7 " 3.6 " 7.8 " 3.2 " 7.8 " 4.8

DCORAL 75.2(-1.2) 75.7(-18.9) 53.8(-0.4) 37.4(5.0) 44.0(3.7) 32.4(4.1) 48.0(2.2) 30.5(5.7) 49.6(0.0)

DCORALgate 81.0(-7.0) 78.2(-21.4) 59.0(-5.6) 43.2(-0.8) 48.5(-0.8) 40.0(-3.5) 51.6(-1.4) 35.8(0.4) 54.7(-5.1)

� DCORAL " 5.8 " 2.5 " 5.2 " 5.8 " 4.5 " 7.6 " 3.6 " 5.3 " 5.1

DANN 68.3(7.7) 75.0(-19.2) 51.0(2.3) 38.2(5.6) 42.8(4.2) 28.5(7.7) 42.0(10.0) 29.9(6.0) 47.0(3.0)

DANNgate 78.1(-2.1) 80.2(-24.4) 61.8(-8.5) 48.3(-4.5) 51.2(-4.2) 43.8(-7.6) 55.2(-3.2) 40.5(-4.6) 57.4(-7.4)

� DANN " 9.8 " 5.2 " 10.8 " 10.1 " 9.4 " 14.7 " 13.2 " 10.6 " 10.4

ADDA 63.2(12.2) 74.5(-18.1) 49.9(2.2) 38.3(5.1) 41.4(6.0) 25.2(13.5) 43.2(7.2) 28.0(7.3) 45.5(4.4)

ADDAgate 79.4(-4.0) 82.9(-26.5) 64.2(-12.1) 47.7(-4.3) 52.2(-4.8) 48.0(-9.3) 58.2(-7.8) 43.0(-7.7) 59.5(-9.6)

� ADDA " 16.2 " 8.4 " 14.3 " 9.4 " 10.8 " 22.8 " 15.0 " 15.0 " 14.0

PADA 69.7(6.5) 75.5(-19.0) 50.2(1.9) 38.7(5.1) 43.2(3.8) 30.1(5.5) 43.4(6.6) 32.2(5.5) 47.9(2.0)

PADAgate 81.8(-5.6) 81.6(-25.1) 62.1(-10.0) 44.8(-1.0) 52.8(-5.8) 45.2(-9.6) 54.5(-4.5) 41.4(-5.7) 58.0(-8.1)

� PADA " 12.1 " 5.9 " 11.9 " 6.1 " 9.6 " 15.1 " 11.1 " 11.2 " 10.1

GTA 81.2(-6.8) 78.9(-20.5) 58.4(-7.2) 42.2(2.8) 48.2(1.0) 33.1(5.1) 50.2(-0.1) 31.2(4.2) 52.9(-2.7)

GTAgate 83.3(-8.9) 85.8(-27.4) 66.7(-15.5) 48.5(-3.5) 55.0(-5.8) 44.9(-6.7) 58.0(-7.7) 43.8(-8.4) 60.8(-10.6)

� GTA " 2.1 " 6.9 " 8.3 " 6.3 " 6.8 " 11.8 " 7.8 " 12.6 " 7.9

� Avg " 8.3 " 5.2 " 8.1 " 7.1 " 7.5 " 13.3 " 8.9 " 10.4

Table 3.2: Classi�cation accuracy (%) of state-of-the-art methods on four benchmark datasets

with negative transfer gap shown in brackets. Perturbation rates are �xed at� x = � y = 0:7.

Target labeled ratio is set atL% = 10% and we further enforce each task to use at most 3 labeled

target samples per class.

worse than DANNgatewhenL% = 10%. This shows that utilizing unlabeled target data to match

marginal distributions can be bene�cial when labeled target data is scarce. Lastly, it is inspiring

to see DANNgateoutperforms DANNoraclewhen perturbation rate is high. This is because less

unperturbed source data are used for DANNoraclebut DANNgatecan utilize perturbed source

data that contain related information. This further shows the effectiveness of our approach.

Feature Visualization. We visualize the t-SNE embeddings (Donahue et al., 2014) of the

bottleneck representations in Figure 3.4. The �rst column shows that, when perturbation rate is

high, DANN cannot align the two domains well and it fails to discriminate both source and target

classes as different classes are mixed together. The second column illustrates the discriminator

gate can improve the alignment by assigning less weights to unrelated source data. For instance,

we can see some source data from different classes mixed in the yellow cluster at the center right
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Method � x=0.7L%=10% � x=1.0L%=30%

DAN 81.2(-29.3) 85.8(-6.2)

DANN 83.0(-30.8) 86.1(-6.5)

GTA 85.5(-33.5) 88.1(-8.0)

Table 3.3: Classi�cation accuracy (%) under the Covariate Shift assumption on task W! D. � y is

�xed at 0. Negative transfer gap is shown in brackets.

Setting (� ,L%)

Method 0.7, 30% 0.7, 10% 0.3, 30% 0.3, 10% Avg

DANN 70.4 49.4 72.5 54.3 61.7

DANNT 79.5 50.7 80.3 50.1 65.2

DANNoracle 81.6 58.5 89.1 85.4 78.7

DANNgate-only 76.3 53.8 78.0 55.7 66.0

DANNlabel-only 74.4 52.5 77.5 55.0 64.9

DANNjoint 82.3 57.6 83.1 59.4 70.6

DANNmarginal 80.6 56.5 81.5 58.6 69.3

DANNnone 79.6 52.4 79.7 57.5 67.3

DANNgate 82.5 58.7 82.7 60.7 71.2

Table 3.4: Ablation Study on task A! D. DANNgate-onlyapplies only the discriminator gate

while DANNlabel-only only uses label information without the gate. DANNjoint is a variant

of DANNgatewhere the feature network only matches the joint distribution (last two lines of

Eq.3.10), DANNmarginalonly matches the marginal distribution, and DANNnonematches none

of them. DANNoracleexcludes perturbed source data via human oracle.
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(a) DANN (b) DANNgate (c) DANNgate (source data with

large weights)

(d) DANN (e) DANNgate (f) DANNgate (source data with

large weights)

Figure 3.4: Visualization on A! W, with � = 0:7, L% = 30%. The t-SNE visualization. First

row shows domain info with red for source samples (yellow for weights> 0.4) and blue for

target samples. Second row shows corresponding class info.

but they get assigned smaller weights. The third column shows the embeddings after we remove

source data with small discriminator weights (< 0.4). We can observe that target data are much

better clustered compared to that of DANN. These in-depth results demonstrate the ef�cacy of

discriminator gate method.

Statistics of Instance Weights.We illustrate the discriminator output ( PT (x i
s ;y i

s )
PT (x i

s ;y i
s )+ PS (x i

s ;y i
s ) ) for

each source data in Figure 3.5(b). We can observe that DANN fails to discriminate unrelated

source data as all weights concentrate around 0.5 in the middle. On the other hand, DANNgate
assigns smaller weights to a large portion of source data (since perturbation rate is high) and thus

�lters out unrelated information. Figure 3.5(a) further shows that DANN assign similar average

weights for perturbed and unperturbed source data while DANNgateoutputs much smaller values

for perturbed data but higher ones for unperturbed data.
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(a) Left: DANN Right:DANNgate (b) Source Sample Weights

Figure 3.5: Left shows the histogram of discriminator weights for source samples. Right shows

average weights for perturbed and unperturbed samples.

3.5 Negative Transfer De�nition

In this section we further discuss how the negative transfer condition (NTC) in Eq.(3.3) is de-

rived.

The intuitive de�nition given earlier in Section 3.2 does not lead to a rigorous de�nition.

There are two key questions that are not clear: (1) Should negative transfer be de�ned to be

algorithm-speci�c? (2) What is the negative impact being compared with?

First, if negative transfer is completely algorithm-agnostic, then its de�nition would be inde-

pendent to which transfer learning algorithm is being used. Mathematically, this may yield the

following:

min
A

RPT (A(S; T )) > min
A 0

RPT (A0(? ; T )): (3.12)

However, it is easy to see that this condition is never satis�ed. To show this, given source dataS

and target dataT , consider an algorithmA1 that minimizes the expected risk on the RHS:

A1 2 argmin
A 0

RPT (A0(? ; T )):

Then we can always construct a new algorithmA0
1 such thatA0

1(S; T ) = A1(? ; T ), i.e. A0
1

always ignores the source data. As a result, we must have:

min
A

RPT (A(S; T )) � RPT (A0
1(S; T ))

= RPT (A1(? ; T ))

= min
A 0

RPT (A0(? ; T ))

(3.13)
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Therefore, the condition de�ned in Eq.(3.12) is never true and we conclude that negative transfer

must be algorithm-speci�c. This answers the �rst question.

Given the answer, the condition in Eq.(3.12) could be modi�ed to consider only a speci�c

transfer algorithmA, i.e.,

RPT (A(S; T )) > min
A 0

RPT (A0(? ; T )): (3.14)

However, there are still two problems with this de�nitions:

(a) This condition cannot be measured in practice since we cannot evaluate the RHS even at

test time;

(b) An algorithm that does not utilize any source at all still satis�es the condition, which is

counterintuitive. For instance, consider a degenerated algorithmA2 such thatA2(S; T ) =

A2(? ; T ) andRPT (A2(? ; T )) > minA 0 RPT (A0(S; T )). This algorithm does not perform

any meaningful transfer from the source, but negative transfer occurs in this case according

to Eq. (3.14) since:

RPT (A2(S; T )) = RPT (A2(? ; T )) > min
A 0

RPT (A0(? ; T )):

Therefore, it is misleading to only compare with the best possible algorithm and we propose the

following de�nition:

De�nition 1 (Negative Transfer). Given a source datasetS, a target datasetT and a transfer

learning algorithmA, the negative transfer condition (NTC) is de�ned as:

RPT (A(S; T )) > R PT (A(? ; T )) � min
A 0

RPT (A0(? ; T )); (3.15)

which is exactly Eq.(3.3) since the “� " constraint on the right hand side is true for anyA. This

de�nition of NTC resolves the two questions mentioned above. Furthermore, it is consistent with

the intuitive de�nition and is also tractable at test time.

3.6 Related Work

Transfer learning(Pan and Yang, 2010; Yang et al., 2013) uses knowledge learned in the source

domain to assist training in the target domain. Early methods exploit conventional statistical tech-

niques such as instance weighting (Huang et al., 2007) and feature mapping (Pan et al., 2011;

Uguroglu and Carbonell, 2011). Compared to these earlier approaches, deep transfer networks
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achieve better results in discovering domain invariant factors (Yosinski et al., 2014). Some deep

methods (Long et al., 2015; Sun and Saenko, 2016) transfer via distribution (mis)match mea-

surements such as Maximum Mean Discrepancy (MMD) (Huang et al., 2007). More recent

work(Cao et al., 2018a; Ganin et al., 2016; Sankaranarayanan et al., 2018; Tzeng et al., 2015)

exploit generative adversarial networks (GANs) (Goodfellow et al., 2014) and add a subnetwork

as a domain discriminator. These methods achieve state-of-the-art on computer vision tasks

(Sankaranarayanan et al., 2018) and some natural language processing tasks (Moon and Car-

bonell, 2017). However, none of these techniques are speci�cally designed to tackle the problem

of negative transfer.

Negative transferEarly work that noted negative transfer (Rosenstein et al., 2005) was tar-

geted at simple classi�ers such as hierarchical Naive Bayes. Later, similar negative effects have

also been observed in various settings including multi-source transfer learning (Duan et al.,

2012), imbalanced distributions (Ge et al., 2014) and partial transfer learning (Cao et al., 2018a).

While the importance of detecting and avoiding negative transfer has raised increasing attention

(Weiss et al., 2016), the literature lacks in-depth analysis.

3.7 Summary

In this chapter, we analyze the problem of negative transfer in domain adaptation and propose a

novel discriminator gate technique to avoid it. We show that negative transfer directly relates to

speci�c algorithms, domain divergence and target data. Experiments demonstrate these factors

and the ef�cacy of our method. Our method consistently improves the performance of base

methods and largely avoids negative transfer. However, we focus on feature matching methods

in this chapter and our results may not generalize to other transfer learning methods, which we

are looking forward to study in a future work. Understanding negative transfer in more complex

transfer tasks and settings is an important direction, which we study in the next chapter.
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Chapter 4

Negative Interference in Multilingual

Unsupervised Representation Learning

In the previous chapter, we have analyzed negative transfer in domain adaptation with one single

source and target. This chapter explores a more complex setting of transferring among multiple

tasks where each task is a language. Modern multilingual models are trained on concatenated

text from multiple languages in hopes of conferring bene�ts to each (positive transfer), with

the most pronounced bene�ts accruing to low-resource languages. However, recent work has

shown that this approach can degrade performance on high-resource languages, a form of nega-

tive transfer among multiple tasks known asnegative interference. In this chapter, we present the

�rst systematic study of negative interference. We show that, contrary to previous belief, nega-

tive interference also impacts low-resource languages. While parameters are maximally shared

to learn language-universal structures, we demonstrate that language-speci�c parameters do ex-

ist in multilingual models and they are a potential cause of negative interference. Motivated by

these observations, we also present a meta-learning algorithm that obtains better cross-lingual

transferability and alleviates negative interference, by adding language-speci�c layers as meta-

parameters and training them in a manner that explicitly improves shared layers' generalization

on all languages. Overall, our results show that negative interference is more common than

previously known, suggesting new directions for improving multilingual representations.

4.1 Introduction

Advances in pretraining language models (Devlin et al., 2018; Liu et al., 2019; Yang et al.,

2019) as general-purpose representations have pushed the state of the art on a variety of natu-
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ral language tasks. However, not all languages enjoy large public datasets for pretraining and/or

downstream tasks. Multilingual language models such as mBERT (Devlin et al., 2018) and XLM

(Lample and Conneau, 2019) have been proven effective for cross-lingual transfer learning by

pretraining a single shared Transformer model (Vaswani et al., 2017) jointly on multiple lan-

guages. The goals of multilingual modeling are not limited to improving language modeling in

low-resource languages (Lample and Conneau, 2019), but also include zero-shot cross-lingual

transfer on downstream tasks—it has been shown that multilingual models can generalize to tar-

get languages even when labeled training data is only available in the source language (typically

English) on a wide range of tasks (Hu et al., 2020; Pires et al., 2019; Wu and Dredze, 2019).

However, multilingual models are not equally bene�cial for all languages. Conneau et al.

(2020) demonstrated that including more languages in a single model can improve performance

for low-resource languages but hurt performance for high-resource languages, while Neubig and

Hu (2018) found more source language pairs can hurt transfer into low-resource languages. Sim-

ilarly, recent work (Aharoni et al., 2019; Arivazhagan et al., 2019; Johnson et al., 2017; Tan

et al., 2019) in multilingual neural machine translation (NMT) also observed performance degra-

dation on high-resource language pairs. In multi-task learning (Ruder, 2017), this phenomenon is

known asnegative interferenceor negative transfer(Wang et al., 2019b), where training multiple

tasks jointly hinders the performance on individual tasks.

Despite these empirical observations, little prior work analyzed or showed how to mitigate

negative interference in multilingual language models. Particularly, it is natural to ask: (1) Can

negative interference occur for low-resource languages also? (2) What factors play an important

role in causing it? (3) Can we mitigate negative interference to improve the model's cross-lingual

transferability?

In this chapter, we take a step towards addressing these questions. We pretrain a set of

monolingual and bilingual models and evaluate them on a range of downstream tasks to analyze

negative interference. We seek to individually characterize the underlying factors of negative

interference through a set of ablation studies and glean insights on its causes. Speci�cally, we

examine if training corpus size and language similarity affect negative interference, and also

measure gradient and parameter similarities between languages.

Our results show that negative interference can occur in both high-resource and low-resource

languages. In particular, we observe that neither subsampling the training corpus nor adding

typologically similar languages substantially impacts negative interference. On the other hand,

we show that gradient con�icts and language-speci�c parameters do exist in multilingual models,

suggesting that languages are �ghting for model capacity, which potentially causes negative
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interference. We further test whether explicitly assigning language-speci�c modules to each

language can alleviate negative interference, and �nd that the resulting model performs better

within each individual language but worse on zero-shot cross-lingual tasks.

Motivated by these observations, we further propose to meta-learn these language-speci�c

parameters to explicitly improve generalization of shared parameters on all languages. Empiri-

cally, our method improves not only within-language performance on monolingual tasks but also

cross-lingual transferability on zero-shot transfer benchmarks. To the best of our knowledge,

this is the �rst effort to systematically study and remedy negative interference in multilingual

language models.

4.2 Motivation

Multilingual transfer learning aims at utilizing knowledge transfer across languages to boost per-

formance on low-resource languages. State-of-the-art multilingual language models are trained

on multiple languages jointly to enable cross-lingual transfer through parameter sharing. How-

ever, languages are heterogeneous, with different vocabularies, morphosyntactic rules, and dif-

ferent pragmatics across cultures. It is therefore natural to ask,is knowledge transfer bene�cial

for all languages in a multilingual model?To analyze the effect of knowledge transfer from other

languages on a speci�c languagelg, we can compare multilingual models with the monolingual

model trained onlg. For example, in Figure 4.1, we compare the performance on a named entity

recognition (NER) task of monolingually-trained models vs. bilingual models (trained onlg and

English, details shown later) vs. state-of-the-art XLM(Conneau et al., 2020). We can see that

monolingual models outperform multilingual models on four out of six languages (See Section

4.3.3 for details). This shows that language con�icts may induce negative impacts on certain lan-

guages, which we refer to asnegative interference. Here, we investigate the causes of negative

interference (Section 4.3.3) and methods to overcome it (Section 4.4).
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Figure 4.1: Comparing monolingual vs multilingual models on NER. Lower performance of

multilingual models is likely an indicator of negative interference.

4.3 Investigating the Sources of Negative Interference in Mul-

tilingual Models

4.3.1 Methodology

To study negative interference, we compare multilingual models with monolingual baselines.

Without loss of generality, we focus on analyzing bilingual models to minimize confounding

factors. For two languageslg1 andlg2, we pretrain a single bilingual model and two monolingual

models. We then assess their performance on downstream tasks using two different settings. To

examine negative interference, we evaluate both monolingual and multilingual models using the

within-language monolingualsetting, such that the pretrained model is �netuned and tested on

the same language. For instance, if the monolingual model oflg1 outperforms the bilingual model

on lg1, we know thatlg2 induces negative impact onlg1 in the bilingual model. Besides, since

multilingual models are trained to enable cross-lingual transfer, we also report their performance

on thezero-shot cross-lingual transfersetting, where the model is only �netuned on the source

language, saylg1, and tested on the target languagelg2.

We hypothesize that the following factors play important roles in causing negative interfer-

ence and study each individually:

Training Corpus Size While prior work mostly report negative interference for high-resource

languages (Arivazhagan et al., 2019; Conneau et al., 2020), we hypothesize that it can also occur
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for languages with fewer resources. We study the impact of training data size per language on

negative interference. We subsample a high-resource language, saylg1, to create a “low-resource

version”. We then retrain the monolingual and bilingual models and compare with the results of

their high-source counterparts. Particularly, we test if reducinglg1's training size also reduces

negative interference onlg2.

Language Similarity Language similarity has been shown important for effective transfer

in multilingual models. Wu et al. (2020) shows that bilingual models trained on more similar

language pairs result in better zero-shot transfer performance. We thus expect it to play a critical

role in negative interference as well. For a speci�c languagelg1, we pair it with languages that

are closely and distantly related. We then compare these bilingual models' performance onlg1 to

investigate if more similar languages cause less severe interference. In addition, we further add

a third languagelg3 that is similar tolg1 and train a trilingual model onlg1-lg2-lg3. We compare

the trilingual model with the bilingual model to examine if addinglg3 can mitigate negative

interference onlg1.

Gradient Con�ict Recent work (Yu et al., 2020) shows that gradient con�ict between dis-

similar tasks, de�ned as negative cosine similarity between gradients, is predictive of negative

interference in multi-task learning. Therefore, we study whether gradient con�icts exist between

languages in multilingual models. In particular, we sample one batch for each language in the

model and compute the corresponding gradients' cosine similarity for every 10 steps during pre-

training.

Parameter Sharing State-of-the-art multilingual models aim to share as many parameters

as possible in the hope of learning a language-universal model for all languages (Wu et al.,

2020). While prior studies measure the latent embedding similarity between languages, we in-

stead examine model parameters directly. The idea is to test whether model parameters are

language-universal1 or language-speci�c. To achieve this, we prune multilingual models for

each language using relaxedL0 norm regularization (Louizos et al., 2017), and compare param-

eter similarities between languages. Formally, for a modelf (�; � ) parameterized by� = f � i gn
i =1

where each� i represents an individual parameter or a group of parameters, the method introduces

a set of binary masksz, drawn from some distributionq(zj� ) parametrized by� , and learns a

1Ideally, we would like to call a parameter shared among many languages to be universal. Here, we only focus

on two languages and we use the same term for consistency.
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en ar fr ru hi sw te

corpus size 44.6 8.7 16.2 13.1 0.5 0.2 0.3

NER X X X X X X X

POS X X X X X X

QA X X X X X

XNLI X X X X X X

Table 4.1: Language training corpra statitstics and downstream tasks availability. Corpus size

measured in millions of sentences.

sparse modelf (�; � � z) by optimizing:

min
�

Eq(zj� )

"
1
N

NX

i =1

L (f (x i ; ~� ); yi ) + � k ~� k0

#

s.t. ~� = � � z;

(4.1)

where � is the Hadamard (elementwise) product,L (�) is some task loss and� is a hyper-

parameter. We follow the work of (Louizos et al., 2017) and use the Hard Concrete distribu-

tion for the binary maskz, such that the above objective is fully differentiable. Then, for each

bilingual model, we freeze its pretrained parameter weights and learn binary masksz for each

language independently. As a result, we obtain two independent sets of mask parameters�

which can be used to determine parameter importance. Intuitively, for each parameter group, it

is language-universal if both languages consider it important (positive� values). On the other

hand, if one language assigns a positive value while the other assigns a negative, it shows that the

parameter group is language-speci�c. We compare them across languages and layers to analyze

parameter similarity in multilingual models.

4.3.2 Experimental Setup

We focus on standard multilingual masked language modeling (MLM) used in mBERT and

XLM. We �rst pretrain models and then evaluate their performance on four NLP benchmarks.

For pretraining, we mainly follow the setup and implementation of XLM(Lample and Con-

neau, 2019)2. We focus on monolingual and bilingual models for a more controllable compar-

ison, which we refer to asMono andJointPair respectively. In particular, we always include

2We only focus on pretraining on monolingual corpus while XLM uses resources beyond that. For our study

purpose, we utilize its settings on monolingual data only.
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English (En) in bilingual models to compare on zero-shot transfer settings with prior work. Be-

sides, we consider three high-resource languages {Arabic (Ar), French (Fr), Russian (Ru)} and

three low-resource languages {Hindi (Hi), Swahili (Sw), Telugu (Te)} (see Table 4.1 for their

statistics). We chose these six languages based their data availability in downstream tasks. We

use Wikipedia as training data with statistics shown in Table 4.1. For each model, we use BPE

(Sennrich et al., 2016) to learn 32k subword vocabulary shared between languages. For multi-

lingual models, we sample language proportionally toPi = ( L iP
j L j

)
1
T , whereL i is the size of

the training corpus fori -th language pair and T is the temperature. Each model is a standard

Transformer (Vaswani et al., 2017) with 8 layers, 12 heads, 512 embedding size and 2048 hid-

den dimension for the feedforward layer. Notice that we speci�cally consider a smaller model

capacity to be comparable with existing models with larger capacity but also include much more

(over 100) languages. We use the Adam optimizer (Kingma and Ba, 2014) and exploit the same

learning rate schedule as Lample and Conneau (2019). We train each model with 4 NVIDIA

V100 GPUs with 32GB of memory. Using mixed precision, we �t a batch of 128 for each GPU

and the total batch size is 512. Each epoch contains 10k steps and we train for 50 epochs.

For evaluation, we consider four downstream tasks: named entity recognition (NER), part-of-

speech tagging (POS), question answering (QA), and natural language inference (NLI). Notice

that XNLI only has training data in available in English so we only evaluate zero-shot cross-

lingual performance on it. Following (Hu et al., 2020), we �netune the model for 10 epochs

for NER and POS, 2 epochs for QA and 200 epochs for XNLI. For NER, POS and QA, we

search the following hyperparameters: batch size {16, 32}; learning rate {2e-5, 3e-5, 5e-5}.

We use English dev set for zero-shot cross-lingual setting and the target language dev set for

within-language monolingual setting. For XNLI, we search for: batch size {4, 8}; encoder

learning rate {1e-6, 5e-6, 2e-5}; classi�er learning rate {5e-6, 2e-5, 5e-5}. For models with

language-speci�c components, we test freezing these components or �netuning them together.

We discover that �netuning the whole network always yields better results. For all experiments,

we save checkpoints after each epoch.

NER We use the WikiAnn (Pan et al., 2017) dataset, which is a sequence labelling task built

automatically from Wikipedia. A linear layer with softmax classi�er is added on top of pretrained

models to predict the label for each word based on its �rst subword. We report the F1 score.

POS Similar to NER, POS is also a sequence labelling task but with a focus on synthetic

knowledge. In particular, we use the Universal Dependencies treebanks (Nivre et al., 2018).

Task-speci�c layers are the same and we report F1, as in NER.

QA We choose to use the TyDiQA-GoldP dataset (Clark et al., 2020) that covers typologically
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Model
NER (F1) POS (F1)

ar fr ru hi sw te avg ar fr ru hi te avg

Within-language Monolingual

Mono 89.2 88.0 87.8 89.1 85.1 82.1 86.9 92.7 76.2 96.7 97.0 94.5 91.4

JointPair 86.9 86.5 84.2 88.3 86.1 76.2 84.7 89.2 75.8 93.2 95.2 88.7 88.4

+ ffn 88.2 88.4 86.6 88.9 85.4 81.2 86.5 92.4 76.1 95.6 96.1 92.4 90.5

+ attn 87.3 86.8 84.1 88.5 84.9 77.4 84.8 91.8 75.4 94.4 95.3 90.9 89.6

+ adpt 87.8 86.8 84.5 87.7 86.3 77.0 85.0 91.7 75.6 94.0 95.2 91.5 89.6

+ share adpt 86.8 86.7 84.3 88.6 86.1 76.0 84.8 89.3 76.4 93.5 95.2 88.2 88.5

+ meta adpt 88.9 88.3 85.1 88.4 86.5 79.5 86.1 92.4 75.9 95.1 95.8 92.2 90.3

XLM 89.4 87.5 85.5 88.5 86.3 80.5 86.3 94.5 72.9 96.6 97.1 92.2 90.7

Zero-shot Cross-lingual

JointPair 38.1 77.5 57.5 61.4 64.8 45.2 57.4 58.5 44.2 80.1 58.9 72.8 62.9

+ ffn 8.9 35.2 5.8 10.5 9.7 12.5 13.8 5.4 8.1 4.5 3.3 7.7 5.8

+ attn 15.4 39.4 10.2 9.9 13.4 11.6 16.7 6.2 4.5 7.5 4.8 6.9 6.0

+ adpt 37.2 75.5 59.2 61.0 64.4 44.7 57.0 57.0 43.5 81.6 58.2 73.5 62.8

+ share adpt 38.5 77.8 58.4 62.0 65.4 44.5 57.8 58.7 43.8 82.5 59.7 71.8 63.3

+ meta adpt 44.4 78.5 62.4 66.0 67.3 50.1 61.5 63.5 44.6 84.9 62.7 78.5 66.8

XLM 44.8 78.3 63.6 65.8 68.4 49.3 61.7 62.8 42.4 86.3 65.7 76.9 66.8

Table 4.2: NER and POS results. We observe negative interference when monolingual models

outperform multilingual models. Besides, adding language-speci�c layers (e.g. ffn) mitigates

interference but sacri�ces transferability.

diverse languages. Similar to popular QA datasets such as SQuAD (Rajpurkar et al., 2018), this is

a span prediction task where task-speci�c linear classi�ers are used to predict start/end positions

of the answer. Standard metrics of F1 and Exact Match (EM) are reported.

NLI XNLI (Conneau et al., 2018b) is probably the most popular cross-lingual benchmark.

Notice that the original dataset only contains training data for English. Consequently, we only

evaluate this task on the zero-shot transfer setting while we consider both settings for the rest of

other tasks.
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Model ar ru sw te avg

Within-language Monolingual

Mono 74.2/62.5 63.1/49.2 52.5/37.4 58.2/41.0 62.0/47.5

JointPair 71.3/58.1 58.2/43.1 52.8/39.0 52.2/36.4 58.6/44.2

+ ffn 73.4/61.2 61.2/45.8 51.4/34.3 57.5/40.5 60.9/45.5

+ attn 72.8/61.0 60.8/45.4 51.2/34.0 52.8/36.8 59.4/44.3

+ adpt 71.5/58.7 59.4/44.8 52.1/38.7 55.5/38.9 59.6/45.3

+ share adpt 71.0/57.8 58.5/43.2 52.8/39.0 53.9/37.2 59.1/44.3

+ meta adpt 73.0/61.4 61.8/46.7 54.5/40.0 56.2/39.5 61.4/36.4

XLM 74.3/63.2 62.5/48.7 58.7/40.4 55.4/38.3 62.7/47.7

Zero-shot Cross-lingual

JointPair 54.1/39.5 43.2/27.5 41.5/22.2 21.5/14.7 40.1/26.0

+ ffn 2.2/1.5 0.0/0.0 4.4/3.7 0.0/0.0 1.7/1.3

+ attn 3.7/2.0 2.1/1.2 0.7/1.0 0.0/0.0 1.6/1.1

+ adpt 53.4/39.1 44.7/27.9 41.2/21.8 20.4/13.8 39.9/25.7

+ share adpt 54.3/39.6 44.8/27.8 42.2/22.9 22.7/15.6 41.0/26.5

+ meta adpt 57.5/40.8 45.8/28.8 43.0/24.2 23.1/17.7 42.4/27.9

XLM 59.4/41.2 47.3/29.8 42.3/22.0 16.3/7.2 41.3/25.1

Table 4.3: TyDiQA-GoldP results (F1/EM).

4.3.3 Results and Analysis

In Table 4.2 and 4.3, we report our results on NER, POS and QA together with XLM-100,

which is trained on 100 languages and contains 827M parameters. In particular, we observe that

monolingual models outperform bilingual models for all languages except Swahili on all three

tasks. In fact, monolingual models even perform better than XLM on four out of six languages

including hi and te, despite that XLM is much larger in model sizes and trained with much

more resources. This shows that negative interferencecanoccur on low-resource languages as

well. While the negative impact is expected to be more prominent on high-resource languages,

we demonstrate that it may occur for languages with resources fewer than commonly believed.

The existence of negative interference con�rms that state-of-the-art multilingual models cannot
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((a)) hi ((b)) sw

Figure 4.2: Validation perplexity during pretraining.

generalize equally well on all languages, and there is still a gap compared to monolingual models

on certain languages.

We next turn to dissect negative interference by studying the four factors described in Section

4.3.1.

Training Corpus Size By comparing the validation perplexity on Swahili and Telugu in

Figure 4.2, we �nd that while both monolingual models outperform bilingual models in the

�rst few epochs, the Swahili model's perplexity starts toincreaseand is eventually surpassed

by the bilingual model in later epochs. This matches the intuition that monolingual models

may over�t when training data size is small. To verify this, we subsample French and Russian

to 100k sentences to create a “low-resource version" of them (denoted as frl /rul ). As shown

in Table 4.4, while the performance for both models drop compared to their “high-resource"

counterparts, bilingual models indeed outperform monolingual models for frl /rul , in contrast for

fr/ru. This suggests that multilingual models can stimulate positive transfer for low-resource

languages when monolingual models over�t. On the other hand, when we compare bilingual

models on English, models trained using different sizes of fr/ru data obtain similar performance,

indicating that the training size of the source language has little impact on negative interference

on the target language (English in this case). While more training data usually implies larger

vocabulary and more diverse linguistic phenomena, negative interference seems to arise from

more fundamental con�icts contained in even small training corpus.

Language Similarity As illustrated by Table 4.4, the in-language performance on English

drops as the paired language becomes more distantly related (French vs Russian). This veri�es

that transferring from more distant languages results in more severe negative interference.

It is therefore natural to ask if adding more similar languages can mitigate negative inter-

ference, especially for low-resource languages. We then train two trilingual models, adding

Marathi to English-Hindi, and Kannada to English-Telugu. Compared to their bilingual counter-
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Model
NER (F1) POS (F1) QA (F1/EM)

fr fr l ru rul fr fr l ru rul ru rul

Within-language Performance on fr/ru

Mono 88.0 81.7 87.8 82.4 76.2 68.5 96.7 88.7 63.1/49.2 47.2/29.5

JointPair 86.5 83.2 84.2 82.7 75.8 71.4 93.2 89.5 58.2/43.1 49.5/30.4

Within-language Performance on en

JointPair 78.6 78.4 75.8 75.9 94.5 94.5 92.7 92.3 61.7/49.8 62.1/50.2

Table 4.4: Evaluating effects of training corpus sizes on negative interference.

parts (Table 4.5), trilingual models obtain similar within-language performance, which indicates

that adding similar languagescannotmitigate negative interference among existing languages

in the model. However, they do improve zero-shot cross-lingual performance. One possible

explanation is that even similar languages can �ght for language-speci�c capacity but they may

nevertheless bene�t the generalization of the shared knowledge. Notice that prior work (Lin

et al., 2019b) has found language similarity to be crucial for better transfer, we emphasize that

our results are conditioned on unsupervised representation learning in multilingual models and

should be veri�ed for broader multilingual learning settings in future.

Gradient Con�ict In Figure 4.3, we plot the gradient cosine similarity between Arabic-

English and French-English in their corresponding bilingual models over the �rst 25 epochs.

We also plot the similarity within English, measured using two independently sampled batches3.

Speci�cally, gradients between two different languages are indeed less similar than those within

the same language. The gap is more evident in the early few epochs, where we observe negative

gradient similarities for Ar-En and Fr-En while those for En-En are positive. In addition, gradi-

ents in Ar-En are less similar than those in Fr-En, indicating that distant language pair can cause

more severe gradient con�icts. These results con�rm that gradient con�ict exists in multilingual

models and is correlated to per language performance, suggesting it may introduce optimization

challenge that results in negative interference.

Parameter Sharing The existence of gradient con�icts may imply that languages are �ghting

for capacity. Thus, we next study how language-universal these multilingual parameters are. Fig-

ure 4.4(a) shows the cosine similarity of mask parameters� across different layers. We observe

that within-language similarity (En-En) is near perfect, which validates the pruning method's

robustness. The trend shows that model parameters are better shared in the bottom layers than

3Notice that we use gradient accumulation to sample an effectively larger batch of 4096 sentences to calculate

the gradient similarity.
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Figure 4.3: Gradients similarity throughout training. “En-En” refers to gradients of two English

batches within the Ar-En model, while “Ar-En” and “Fr-En” refer to gradients of two batches,

one from each language, within Ar-En and Fr-En models respectively.

Model
NER (F1) POS (F1)

hi te hi te

Within-language Monolingual

JointPair 88.3 76.2 95.2 88.7

JointTri 87.8 76.4 95.3 88.7

Zero-shot Cross-lingual

JointPair 61.4 45.2 58.9 72.8

JointTri 63.5 47.6 59.5 74.4

Table 4.5: Comparing trilingual models with bilingual models. This shows the effect of adding

a third similar language to bilingual models.

the upper ones. Besides, it also demonstrates that parameters in multi-head attention layers ob-

tain higher similarities than those in feedforward layers, suggesting that the attention mechanism

might be more language-universal. We additionally inspect� parameters with the highest abso-

lute values and plot those values for Ar (Figure 4.4(b)), together with their En counterparts. A

more negative value indicates that the parameter is more likely to be pruned for that language and

vice versa. Interestingly, while many parameters with positive values (on the right) are language-

universal as both languages assign very positive values, parameters with negative values (on the

left) are mostly language-speci�c for Ar as En assigns positive values. We observe similar pat-

terns for other languages as well. These results demonstrate that language-speci�c parameters

do exist in multilingual models.

Having language-speci�c capacity in shared parameters is sub-optimal. It is less transfer-

able and thus can hinder cross-lingual performance. Moreover, it may also take over capacity
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((a)) ((b)) ((c))

Figure 4.4:Left: Parameter similarity across layers.Middle: Normalized pruning variables of

highest absolute values for Ar in Ar-En model. 10 parameter groups with most negative values

are shown on the left and 10 with most positive values are shown on the right.Right: Average

MLM training loss after the warm-up stage.

budgets for other languages and degrade their within-language performance, i.e., causing neg-

ative interference. A natural next question is whether explicitly adding language-speci�c ca-

pacity into multilingual models can alleviate negative interference. We thus train variants of

bilingual models that contain language-speci�c components for each language. Particularly, we

consider adding language-speci�c feedforward layers, attention layers, and residual adapter lay-

ers (Houlsby et al., 2019; Rebuf� et al., 2017), denoted as ffn, attn and adpt respectively. For

each type of component, we create two separate copies in each Transformer layer, one desig-

nated for each language, while the rest of the network remains unchanged. As shown in Table

4.2 and 4.3, adding language-speci�c capacity does mitigate negative interference and improve

monolingual performance. We also �nd that language-speci�c feedforward layers obtain larger

performance gains compared to attention layers, consistent with our prior analysis. However,

these gains come at a cost of cross-lingual transferability, such that their zero-shot performance

drops tremendously. Our results suggest a tension between addressing interference versus im-

proving transferability. In the next section, we investigate how to address negative interference in

a manner that can improve performance onbothwithin-language tasks and cross-lingual bench-

marks.
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Algorithm 1 Training XLM with Meta Language-speci�c Layers

1: Input: Training data

2: Output: The converged model {� � ; � � }

3: Initialize model parameters {� (0) ; � (0) }

4: while not convergeddo

5: Sample languagei

6: Update language-speci�c parameters as:

� (t+1)
i  GradientUpdate(� (t )

i ; r � ( t )
i

1
L

P L
j =1 L j

val(�
(t )
i � � r � ( t ) L i

train(�
(t ) ; � (t )

i ); � (t )
j ))

7: Update shared parameters as:

� (t+1)  GradientUpdate(� (t ) ; r � ( t ) L train(� (t ) ; � (t+1) ))

8: end while=0

4.4 Mitigating Negative Interference via Meta Learning

4.4.1 Proposed Method

In the previous section, we demonstrated that while explicitly adding language-speci�c com-

ponents can alleviate negative interference, it can also hinder cross-lingual transferability. We

notice that a critical shortcoming of language-speci�c capacity is that they areagnosticof the

rest of other languages, since by design they are trained on the designated language only. They

are thus more likely to over�t and can induce optimization challenges for shared capacity as well.

Inspired by recent work in meta learning (Flennerhag et al., 2019) that utilizes meta parameters

to improve gradient geometry of the base network, we propose a novel meta-learning formulation

of multilingual models that exploits language-speci�c parameters to improve the generalization

of shared parameters.

For a model with some prede�ned language-speci�c parameters� = f � i gL
i =1 , where� i is

designated for the i-th language, and shared parameters� , our solution is to treat� as meta

parameters and� as base parameters. Ideally, we want� to store non-transferable language-

speci�c knowledge to resolve con�icts and improve generalization of� in all languages (a.k.a.

mitigate negative interference and improve cross-lingual transferability). Therefore, we train�

based on the following principle:if � follows the gradients on training data for a given� , the

resulting� should obtain a good validation performance on all languages. This implies a bilevel
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optimization problem (Colson et al., 2007) formally written as:

min
�

1
L

LX

i =1

L i
val(�

� ; � i )

s.t. � � = arg min
�

1
L

LX

i =1

L i
train(� ; � i );

(4.2)

whereL i
val and L i

train denote the training and the validation MLM loss for the i-th language.

Since directly solving this problem can be prohibitive due to the expensive inner optimization,

we approximate� � by adapting the current� (t ) using a single gradient step, similar to techniques

used in prior meta-learning methods (Finn et al., 2017). This results in a two-phase iterative

training process shown in Algorithm 1.

To be speci�c, at each training stept on the i-th language during pretraining, we �rst adapt a

gradient step on� to obtain a new� 0and update� i based on the� 0's validation MLM loss:

� (t+1)
i = � (t )

i � � r � ( t )
i

1
L

LX

j =1

L j
val(�

0; � (t )
j )

� 0 = � (t ) � � r � ( t ) L i
train(�

(t ) ; � (t )
i );

(4.3)

where� and� are learning rates. Notice that� 0 is a function of� (t )
i and thus this optimization

requires computing the gradient of gradient. Particularly, by applying chain rule to the gradient

of � (t )
i , we can observe that it contains a higher-order term:

h
r 2

� ( t )
i ;� ( t ) L

i
train(�

(t ) ; � (t )
i )

i
�

"

r � 0
1
L

LX

j =1

L j
val(�

0; � (t )
j )

#

(4.4)

This is important, since it shows that� i can obtain information from other languages through

higher-order gradients. In other words, language-speci�c parameters arenot agnostic of other

languages anymore without violating the language-speci�c requirement. This is because, in

Eq. 4.3, whiler � ( t ) is based on thei -th language only, the validation loss is computed for all

languages. Finally, in the second phase, we update� based on the new� (t+1) :

� (t+1) = � (t ) � � r � ( t ) L train(� (t ) ; � (t+1) ) (4.5)

4.4.2 Evaluation

While our method is generic, we evaluate it applied on bilingual models with adapter networks.

Adapters have been effectively utilized in multilingual models (Bapna et al., 2019), and we
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choose them for practical consideration of limiting per-language capacity. Unlike prior works

that �netune adapters for adaptation, we train them jointly with shared parameters during pre-

training. We follow Houlsby et al. (2019) and insert language-speci�c adapters after attention

and feedforward layers. We leave a more thorough investigation of how to better pick language-

speci�c structures for future work. For downstream task evaluation, we �netune all layers. Notice

that computing the gradient of gradient in Eq. 4.3 doubles the memory requirement. In practice,

we utilize the �nite difference approximation as follows.

Let zi be the output of thei -th layer of dimensiond. The residual adapter network (Bapna

et al., 2019; Houlsby et al., 2019; Rebuf� et al., 2017) is a bottleneck layer that �rst projectszi

to an inner layer with dimensionb:

hi = g(W z
i zi ) (4.6)

whereW z
i 2 Rd� b andg is some activation function such asrelu. It is then projected back to the

original input dimensiond with a residual connection:

oi = W h
i hi + zi (4.7)

whereW h
i 2 Rb� d. In our experiments, we �xb = 1

4d. For a bilingual model oflg1 and

lg2, we inject two langauge-speci�c adapters after each attention and feedforward layer, one for

each language. For example, if the input text is in lg1, the network will be routed to adapters

designated for lg1. The rest of the network and training protocol remain unchanged.

The injected adapter layers mimic the warp layers interleaved between base network layers

in Flennerhag et al. (2019). Warp layers are meta parameters that aim to improve the perfor-

mance of the base network. They precondition base network gradients to obtain better gradient

geometry. In our experiments, we treat language-speci�c adapters as meta parameters to im-

prove generalization of the shared network. The adapters are updated according to Eq 4.3, which

doubles the memory requirement. In particular, the high-order term in Eq 4.4 requires comput-

ing the gradient of gradient. In practice, we approximate this term using the �nite difference

approximation as:
r � ( t )

i
L i

train(�
+ ; � (t )

i ) � r � ( t )
i

L i
train(�

� ; � (t )
i )

2�
(4.8)

where� � = � (t ) � � r � 0
1
L

P L
j =1 L j

val(�
0; � (t )

j ) and� is a small scalar. We use the same value for

learning rates� and� in Eq 4.3, to be consistent with standard learning rate schedule used in

XLM (Lample and Conneau, 2019).

By evaluating their performance on the zero-shot transfer settings (Table 4.2, 4.3 and 4.6),

we observe that our method, denoted as meta adpt, consistently improves the performance over
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Model ar fr ru hi sw avg

JointPair 67.1 73.5 69.2 61.5 62.3 66.7

+ ffn 42.5 51.4 40.7 36.2 34.8 41.1

+ attn 48.5 50.7 41.2 33.3 35.1 41.8

+ adpt 67.8 73.7 69.5 62.2 59.7 66.6

+ share adpt 67.9 73.4 70.0 61.8 62.2 67.1

+ meta adpt 68.5 74.8 70.2 64.5 61.5 67.9

XLM 68.2 75.2 72.3 65.4 58.1 67.8

Table 4.6: XNLI results (Accuracy).

JointPair baselines, while ordinary adapters (adpt) perform worse than JointPair. This shows

that, the proposed method can effectively utilize the added language-speci�c adapters to im-

prove generalization of shared parameters across languages. At the same time, our method also

mitigates negative interference and outperforms JointPair on within-language performance, clos-

ing the gap with monolingual models. In particular, it performs better than ordinary adapters in

both settings. We hypothesize that this is because it alleviates language con�icts during training

and thus converges more robustly. For example, we plot training loss in the early stage in Figure

4.4(c), which shows that ordinary adapters converge slower than JointPair due to over�tting of

language-speci�c adapters while meta adapters converge much faster. For ablation studies, we

also report results for JointPair trained with adapters shared between two languages, denoted

as share adpt. Unlike language-speci�c adapters that can hinder transferability, shared adapters

improve both within-language and cross-lingual performance with the extra capacity. However,

meta adapters still obtain better performance. These results show that mitigating negative inter-

ference can improve multilingual representations.

4.5 Related Work

Unsupervised multilingual language models such as mBERT (Devlin et al., 2018) and XLM

(Conneau et al., 2020; Lample and Conneau, 2019) work surprisingly well on many NLP tasks

without parallel training signals (Pires et al., 2019; Wu and Dredze, 2019). A line of follow-up

work (Artetxe et al., 2019b; Karthikeyan et al., 2020; Wu et al., 2020) study what contributes to

the cross-lingual ability of these models. They show that vocabulary overlap is not required for
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multilingual models, and suggest that abstractions shared across languages emerge automatically

during pretraining. Another line of research investigate how to further improve these shared

knowledge, such as applying post-hoc alignment (Cao et al., 2020; Wang et al., 2020d) and

utilizing better calibrated training signal (Huang et al., 2019a; Mulcaire et al., 2019). While

prior work emphasize how to share to improve transferability, we study multilingual models

from a different perspective of how to unshare to resolve language con�icts.

Our work is also related to transfer learning (Pan and Yang, 2010) and multi-task learning

(Ruder, 2017). In particular, prior work have observed (Rosenstein et al., 2005) and studied

(Wang et al., 2019b) negative transfer, such that transferring knowledge from source tasks can

degrade the performance in the target task. Others show it is important to remedy negative

transfer in multi-source settings (Ge et al., 2014; Wang and Carbonell, 2018). In this chapter,

we study negative transfer in multilingual models, where languages contain heavily unbalanced

training data and exhibit complex inter-task relatedness.

In addition, our work is related to methods that measure the similarity between cross-lingual

representations. For example, existing methods utilize statistical metrics to examine cross-

lingual embeddings such as singular vector canonical correlation analysis (Kudugunta et al.,

2019; Raghu et al., 2017), eigenvector similarity (Søgaard et al., 2018), and centered kernel

alignment (Kornblith et al., 2019; Wu et al., 2020). While these methods focus on testing latent

representations, we directly compare similarity of neural network structures through network

pruning. Finally, our work is related to meta learning, which sets a meta task to learn model

initialization for fast adaptation (Finn et al., 2017; Flennerhag et al., 2019; Gu et al., 2018), data

selection (Wang et al., 2020b), and hyperparameters (Baydin et al., 2018). In our case, the meta

task is to mitigate negative interference.

4.6 Summary

In this chapter, we present the �rst systematic study of negative interference in multilingual

models and shed light on its causes. We further propose a method and show it can improve

cross-lingual transferability by mitigating negative interference. While prior efforts focus on im-

proving sharing and cross-lingual alignment, we provide new insights and a different perspective

on unsharing and resolving language con�icts. This concludes the �rst part of this thesis on

understanding negative transfer. In the next part, we turn to improve model generalization by

addressing task con�icts and mitigating negative transfer.
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Part II

Enhancing Transfer Generalization by

Addressing Task Con�icts
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Chapter 5

Representation Alignment

The previous part of this thesis dissects negative transfer and demonstrates task con�ict to be

the root of it. As a result, this part tries to resolve task con�ict by explicitly aligning tasks

through representation and gradient, with the goal of improving the model's generalization. In

this chapter, we �rst align representation learned for each individual language thereby leading to

improved cross-lingual transferability. Learning multilingual representations of text has proven a

successful method for many cross-lingual transfer learning tasks. There are two main paradigms

for learning such representations: (1) alignment, which maps different independently trained

monolingual representations into a shared space, and (2) joint training, which directly learns

uni�ed multilingual representations using monolingual and cross-lingual objectives jointly. We

�rst conduct direct comparisons of representations learned using both of these methods across

diverse cross-lingual tasks. Our empirical results reveal a set of pros and cons for both meth-

ods, and show that the relative performance of alignment versus joint training is task-dependent.

Stemming from this analysis, we propose a simple and novel framework that combines these

two previously mutually-exclusive approaches. Extensive experiments demonstrate that our pro-

posed framework alleviates limitations of both approaches, and outperforms existing methods on

the MUSE bilingual lexicon induction (BLI) benchmark. We further show that this framework

can generalize to contextualized representations such as Multilingual BERT, and produces strong

results on the CoNLL cross-lingual NER benchmark.

5.1 Introduction

Continuous word representations (Bojanowski et al., 2017; Mikolov et al., 2013a; Pennington

et al., 2014) have become ubiquitous across a wide range of NLP tasks. In particular, meth-
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ods forcross-lingual word embeddings(CLWE) have proven a powerful tool for cross-lingual

transfer for downstream tasks, such as text classi�cation (Klementiev et al., 2012), dependency

parsing (Ahmad et al., 2019), named entity recognition (NER) (Chen et al., 2019; Xie et al.,

2018), natural language inference (Conneau et al., 2018b), language modeling (Adams et al.,

2017), and machine translation (MT) (Artetxe et al., 2018b; Lample et al., 2018a,b; Zou et al.,

2013). The goal of these CLWE methods is to learn embeddings in ashared vector spacefor two

or more languages. There are two main paradigms for learning CLWE:cross-lingual alignment

andjoint training.

The most successful approach has been the cross-lingual embedding alignment method (Mikolov

et al., 2013b), which relies on the assumption that monolingually-trained continuous word em-

bedding spaces share similar structures across different languages. The underlying idea is to �rst

independently train embeddings in different languages using monolingual corpora alone, and

then learn a mapping to align them to a shared vector space. Such a mapping can be trained in

a supervised fashion using parallel resources such as bilingual lexicons (Jawanpuria et al., 2019;

Joulin et al., 2018; Smith et al., 2017; Xing et al., 2015), or even in an unsupervised ( “super-

vision” refers to that provided by a parallel corpus or bilingual dictionaries). manner based on

distribution matching (Artetxe et al., 2018a; Conneau et al., 2018a; Zhang et al., 2017b; Zhou

et al., 2019). Recently, it has been shown that alignment methods can also be effectively applied

to contextualized word representations (Aldarmaki and Diab, 2019; Schuster et al., 2019).

Another successful line of research for CLWE considers joint training methods, which op-

timize a monolingual objective predicting the context of a word in a monolingual corpus along

with either a hard or soft cross-lingual constraint. Similar to alignment methods, some early

works rely on bilingual dictionaries (Ammar et al., 2016; Duong et al., 2016) or parallel corpora

(Gouws et al., 2015; Luong et al., 2015) for direct supervision. More recently, a seemingly naive

unsupervisedjoint training approach has received growing attention due to its simplicity and ef-

fectiveness. In particular, Lample et al. (2018b) reports that simply training embeddings on con-

catenated monolingual corpora of two related languages using a shared vocabulary without any

cross-lingual resources is able to produce higher accuracy than the more sophisticated alignment

methods on unsupervised MT tasks. Besides, for contextualized representations, unsupervised

multilingual language model pretraining using a shared vocabulary has produced state-of-the-art

results on multiple benchmarks.

Despite a large amount of research on both alignment and joint training, previous work has

neither performed a systematic comparison between the two, analyzed their pros and cons, nor

elucidated when we may prefer one method over the other. Particularly, it's natural to ask: (1)
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Does the phenomenon reported in Lample et al. (2018b) extend to other cross-lingual tasks? (2)

Can we employ alignment methods to further improve unsupervised joint training? (3) If so,

how would such a framework compare to supervised joint training methods that exploit equiv-

alent resources, i.e., bilingual dictionaries? (4) And lastly, can this framework generalize to

contextualized representations?

In this chapter, we attempt to address these questions. Speci�cally, we �rst evaluate and

compare alignment versus joint training methods across three diverse tasks: BLI, cross-lingual

NER, and unsupervised MT. We seek to characterize the conditions under which one approach

outperforms the other, and glean insight on the reasons behind these differences. Based on our

analysis, we further propose a simple, novel, and highly generic framework that uses unsuper-

vised joint training as initialization and alignment as a re�nement to combine both paradigms.

Our experiments demonstrate that our framework improves over both alignment and joint train-

ing baselines, and outperforms existing methods on the MUSE BLI benchmark. Moreover, we

show that our framework can generalize to contextualized representations such as Multilingual

BERT, producing state-of-the-art results on the CoNLL cross-lingual NER benchmark. To the

best of our knowledge, this is the �rst framework that combines previously mutually-exclusive

alignment and joint training methods.

5.2 Background: Cross-lingual Representations

Notation. We assume we have two different languagesf L1; L2gand access to their correspond-

ing training corpora. We useVL i = f wj
L i

g
nL i
j =1 to denote the vocabulary set of thei th language

where eachwj
L i

represents a unique token, such as a word or subword. The goal is to learn a set

of embeddingsE = f x j gm
j =1 , with x j 2 Rd, in a sharedvector space, where each tokenwj

L i
is

mapped to a vector inE. Ideally, these vectorial representations should have similar values for

tokens with similar meanings or syntactic properties, so they can better facilitate cross-lingual

transfer.

5.2.1 Alignment Methods

Given the notation, alignment methods consist of the following steps:

Step 1: Train an embedding setE0 = EL 1 [ EL 2 , where each subsetEL i = f x j
L i

g
nL i
j =1 is trained

independently using thei th language corpus and contains an embeddingx j
L i

for each tokenwj
L i

.

Step 2: Obtain a seed dictionaryD = f (wi
L 1

; wj
L 2

)gK
k=1 , either provided or learnt unsupervised.
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Step 3: Learn a projection matrixW 2 Rd� d based onD, resulting in a �nal embedding set

EA = ( W � EL 1 ) [ EL 2 in a shared vector space.

To �nd the optimal projection matrixW, Mikolov et al. (2013b) proposed to solve the fol-

lowing optimization problem:

min
W 2 Rd� d

kWX L 1 � X L 2 kF (5.1)

whereX L 1 and X L 2 are matrices of sized � K containing embeddings of the words inD.

Xing et al. (2015) later showed further improvement could be achieved by restrictingW to an

orthogonal matrix, which turns the Eq.(5.1) into the Procrustes problem with the following closed

form solution:

W � = UVT ; (5.2)

with U� V T = SVD(X L 2 X T
L 1

) (5.3)

whereW � denotes the optimal solution and SVD(�) stands for the singular value decomposition.

As surveyed in Section 5.5, different methods (Artetxe et al., 2018a; Conneau et al., 2018a;

Joulin et al., 2018; Smith et al., 2017) differ in the way how they obtain the dictionaryD and

how they solve forW in step 3. However, most of them still involve solving the Eq.(5.2) as a

crucial step.

5.2.2 Joint Training Methods

Joint training methods in general have the following objective:

L J = L 1 + L 2 + R(L1; L2) (5.4)

whereL 1 and L 2 are monolingual objectives andR(L1; L2) is a cross-lingual regulariza-

tion term. For example, Klementiev et al. (2012) use language modeling objectives forL 1 and

L 2. The termR(L1; L2) encourages alignment of representations of words that are translations.

Training an embedding setEJ = EL 1 [ EL 2 is usually done by directly optimizingL J .

While supervised joint training requires access to parallel resources, recent studies (Artetxe

and Schwenk, 2019; Devlin et al., 2018; Lample and Conneau, 2019; Lample et al., 2018b)

have suggested that unsupervised joint training without such resources is also effective. Specif-

ically, they show that the cross-lingual regularization termR(L1; L2) does not require direct

cross-lingual supervision to achieve highly competitive results. This is because the shared words

betweenL 1 andL 2 can serve implicitly as anchors by sharing their embeddings to ensure that

representations of different languages lie in a shared space. Using our notation, the unsupervised
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joint training approach takes the following steps:

Step 1: Construct a joint vocabularyVJ = VL 1 [ VL 2 that issharedacross two languages.

Step 2: Concatenate the two training corpora and learn an embedding setEJ corresponding to

VJ .

The joint vocabulary is composed of three disjoint sets:V 1
J ; V 2

J ; V s
J , whereV s

J = VL 1 \ VL 2 is

the shared vocabulary set andV i
J is the set of tokens that appear in thei th language only. Note that

a key difference of existing supervised joint training methods is that embeddings corresponding

to V s
J are not shared betweenEL 1 and EL 2 , meaning that they are disjoint, as in alignment

methods.

5.2.3 Discussion

While alignment methods have had great success, there are still some critical downsides, among

which we stress the following points:

1. While recent studies in unsupervised joint training have suggested the potential bene�ts

of word sharing, alignment methods rely on two disjoint sets of embeddings. Along with

some possible loss of information due to no sharing, one consequence is that �netuning

the aligned embeddings on downstream tasks may be sub-optimal due to the lack of cross-

lingual constraints at the �netuning stage, whereas shared words can ful�ll this role in

jointly trained models.

2. A key assumption of alignment methods is the isomorphism of monolingual embedding

spaces. However, some recent papers have challenged this assumption, showing that it

does not hold for many language pairs (Patra et al., 2019; Søgaard et al., 2018). Also

notably, Ormazabal et al. (2019) suggests that this limitation results from the fact that the

two sets of monolingual embeddings are independently trained.

On the other hand, theunsupervisedjoint training method is much simpler and doesn't share

these disadvantages with the alignment methods, but there are also some key limitations:

1. It assumes that all shared words across two languages serve implicitly as anchors and

thus need not be aligned to other words. Nonetheless, this assumption is not always true,

leading to misalignment. For example, the English word “the” will most likely also appear

in the training corpus of Spanish, but preferably it should be paired with Spanish words

such as “el” and “la” instead of itself. We refer to this problem as oversharing.

2. It does not utilize any explicit form of seed dictionary as in alignment methods, resulting

in potentially less accurate alignments, especially for words that are not shared.
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