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RÉSUMÉ

Récemment, les “Masked Language Models” (MLMs) entrainés sur une large base de données
non étiquetées ont généré des résultats de pointe pour plusieurs tâches dans le domaine du
Traitement de Langage Naturel (NLP). Un grand nombre des soumissions les mieux classées
au benchmark “General Language Understanding Evaluation” (GLUE) utilisent un modèle
basé sur l’architecture “Bidirectional Encoder Representations from Transformers” (BERT).
La formule “BERT + “fine tuning” par tâche individuelle” demeure prévalente dans la re-
cherche ; cet outil permet en effet à plusieurs chercheurs d’aboutir à des résultats de pointe.
Cependant, la méthode du “fine-tuning” manque d’efficacité quant à la quantité de para-
mètres utilisés, puisqu’il est probable qu’elle requière un nouveau modèle pour chaque tâche.
De plus, cette méthode est susceptible d’entraîner la perte des connaissances acquises durant
l’étape riche en données du pré-entraînement, ce qui pourrait affecter la performance de gé-
néralisation du modèle. L’Apprentissage Multi-Tâche (MTL) est une approche efficace par
transfert inductif inspirée par les modes d’apprentissage de l’humain qui s’avère prometteuse
dans le domaine du Traitement de Langage Naturel. Pourtant, le MTL n’atteint pas le même
niveau de performance que l’approche du “fine-tuning” qui est encore appliquée après l’étape
de l’Apprentissage Multi-Tâche dans plusieurs études. Ce manque de performance est dû aux
difficultés additionnelles telles que le transfert négatif, le sur-apprentissage de tâches pauvres
en données et la perte de connaissances.

Cette thèse a pour objectif d’explorer la possibilité de surpasser la performance de la méthode
de “fine-tuning” en utilisant exclusivement l’Apprentissage Multi-Tâche. Cette recherche
prendra en compte les défis d’optimisation connus de l’Apprentissage Multi-Tâche et des
problèmes communs relatifs aux données. De plus, elle doit limiter du mieux possible la
perte de connaissances acquises à l’étape du pré-entrainement, doit s’adapter facilement aux
nouvelles tâches et être compatible avec tous les types de “Transformer”. Nous partons sur
l’hypothèse qu’une architecture conditionnée par tâche est capable de gérer une configuration
de MTL à grande échelle afin de maximiser le transfert entre toutes les tâches. L’utilisation
d’une méthode d’échantillonnage basée sur la difficulté de chaque tâche pourrait gérer les
différents niveaux de difficulté des tâches, ainsi que minimiser l’interférence et la perte de
connaissances.

Nous proposons un modèle innovateur basé sur l’architecture “Transformer” que nous nom-
mons "Conditional Adaptive Multitask Learning" (CA-MTL). Cette approche consiste en un
nouveau mécanisme d’attention conditionnelle et un ensemble de modules conditionnés par



vi

tâche facilitant le partage de paramètres. Par le biais de ce modèle nous atteignons un partage
de paramètres plus efficace et limitons la perte de connaissances en fixant les paramètres du
modèle pré-entraîné.

En utilisant CA-MTL, nous obtenons une meilleure performance que la méthode du “fine
tuning” par tâche individuelle, tout en optimisant les données et les paramètres. Notre petit
modèle a de ce fait obtenu une performance 2.2% supérieure à celle d’un grand modèle BERT
pour le benchmark GLUE ; ces résultats ont été atteints en utilisant uniquement 64.6% des
données et en ajoutant 5.6% de paramètres entraînables additionnels par tâche. Il est à
noter ici qu’une méthode de “fine tuning” naïve peut ajouter jusqu’à 100% de paramètres
entraînables. Notre approche s’est par ailleurs démontrée concurrentielle pour 26 tâches de
Traitement de Langage Naturel, parvenant à des résultats novateurs sur plusieurs ensembles
de test et de développement.



vii

ABSTRACT

Recently, deep contextualized Masked Language Models (MLMs) trained on massive amount
of unlabeled data pushed state-of-the-art (SOTA) results in many Natural Language Pro-
cessing (NLP) tasks. Many leading submissions on the well-known General Language Un-
derstanding Evaluation (GLUE) benchmark are based on the Bidirectional Encoder Rep-
resentations from Transformers (BERT) architecture. The formula "BERT + single task
fine-tuning" continues to stay popular in many recent studies, constantly pushing SOTA re-
sults. However, fine-tuning is parameter inefficient since it may require a new model for
each task. Moreover, it might overwrite the knowledge acquired during the data extensive
pretraining, potentially hurting the generalization performance. Inspired by human ability
to apply knowledge across tasks, multitask learning (MTL) is a powerful inductive transfer
learning approach that showed promising in many NLP tasks. However, MTL alone doesn’t
reach the performance of fine-tuning approach and many studies still apply fine-tuning af-
ter the MTL step. This lack of performance is attributed to the additional challenges like
negative transfer, overfitting of low resource tasks and catastrophic forgetting.

The goal of this thesis is to study the possibility of using MTL alone to outperform single
task fine-tuning. This approach should address known MTL optimization challenges and
data-related issues. It should limit pretraining knowledge loss and adapt to new tasks.
Furthermore, the approach should be compatible with any Transformer architecture. We
hypothesize that a task-conditioned pretrained architecture can handle a large-scale MTL
setup, increasing the inductive transfer between tasks and leading to a better performance.
Also, using a method to schedule task sampling based on its difficulty should help with
varying task difficulties, task interference and avoid catastrophic forgetting.

We propose a novel Transformer based architecture named Conditional Adaptive Multitask
Learning (CA-MTL) consisting of a new conditional attention mechanism and a set of task-
conditioned modules facilitating weight sharing. Through this construction, we achieve more
efficient parameter sharing and mitigate forgetting by keeping half of the weights of a pre-
trained model fixed. Using CA-MTL, we outperform single task fine-tuning while being, data
and parameter efficient. Using only 64.6% of the data and adding only 5.6% more trainable
parameters per task (a naive fine-tuning can add 100% of trainable parameters), our base
model achieved 2.2% higher performance compared to a fine-tuned BERT large model on
the GLUE benchmark. Our approach showed competitive on 26 NLP tasks achieving SOTA
results on many test and development sets.



viii

TABLE OF CONTENTS

DEDICATION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

ACKNOWLEDGEMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv

RÉSUMÉ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

TABLE OF CONTENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xi

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiii

LIST OF SYMBOLS AND ACRONYMS . . . . . . . . . . . . . . . . . . . . . . . . . xv

CHAPTER 1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Research Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 Contribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.4 Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

CHAPTER 2 LITERATURE REVIEW . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.1 Transfer Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.1.1 Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.1.2 Taxonomy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.1.3 Transfer Techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.1.4 Negative Transfer Learning . . . . . . . . . . . . . . . . . . . . . . . 13

2.2 Multitask Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.2.1 Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.2.2 Multitask Learning Techniques . . . . . . . . . . . . . . . . . . . . . 15
2.2.3 Limitations of Multitask Learning . . . . . . . . . . . . . . . . . . . . 19

2.3 Active Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.3.1 Membership Query Learning . . . . . . . . . . . . . . . . . . . . . . . 20
2.3.2 Pool-Based Sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.3.3 Stream-Based Selective Sampling . . . . . . . . . . . . . . . . . . . . 21



ix

2.3.4 Query Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.3.5 Active Learning and Multitask Learning . . . . . . . . . . . . . . . . 22
2.3.6 Limitations of Active Learning . . . . . . . . . . . . . . . . . . . . . . 24

2.4 Transformers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.4.1 Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
2.4.2 Transformer Modes . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
2.4.3 Adapters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

CHAPTER 3 ARTICLE 1: CONDITIONALLY ADAPTIVE MULTI-TASK LEARN-
ING: IMPROVING TRANSFER LEARNING IN NLP USING FEWER PARAME-
TERS & LESS DATA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.1 Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.3.1 Task Conditioned Transformer . . . . . . . . . . . . . . . . . . . . . . 33
3.3.2 Multi-Task Uncertainty Sampling . . . . . . . . . . . . . . . . . . . . 36

3.4 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
3.5 Experiments and Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.5.1 Multi-Task Uncertainty Sampling . . . . . . . . . . . . . . . . . . . . 38
3.5.2 Ablation and Module Analysis . . . . . . . . . . . . . . . . . . . . . . 39
3.5.3 Jointly training on 8 tasks: GLUE . . . . . . . . . . . . . . . . . . . 40
3.5.4 Transfer to New Tasks . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.5.5 Jointly training on 24 tasks: GLUE/Super-GLUE, MRQA andWNUT2017 42

3.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
3.7 Appendix from ICLR 2021 Paper . . . . . . . . . . . . . . . . . . . . . . . . 46

3.7.1 Summary of Acronyms . . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.7.2 Uncertainty Sampling: Algorithm and Additional Results . . . . . . . 46
3.7.3 Other Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.7.4 Zero-Shot Results on SciTail and SNLI . . . . . . . . . . . . . . . . . 48
3.7.5 More Experimental Details . . . . . . . . . . . . . . . . . . . . . . . . 48
3.7.6 The Direct Sum Operator . . . . . . . . . . . . . . . . . . . . . . . . 49
3.7.7 Baselines and Other Experimental Results . . . . . . . . . . . . . . . 50
3.7.8 Some Results on layer Freezing and with Full Block Attention. . . . . 50
3.7.9 Dataset Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

CHAPTER 4 GENERAL DISCUSSION . . . . . . . . . . . . . . . . . . . . . . . . 53



x

CHAPTER 5 CONCLUSION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
5.1 Summary of Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
5.2 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
5.3 Future Research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57



xi

LIST OF TABLES

Table 3.1 Model ablation studya on the GLUE dev set. All models have the bottom
half layers frozen. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

Table 3.2 Adapters with layer freezing vs. ST/MT on GLUE test set. F1 scores are
reported for QQP/MRPC, Spearman’s correlation for STS-B, accuracy on
the matched/mismatch sets for MNLI, Matthew’s correlation for CoLA and
accuracy for other tasks. * Individual scores not available. ST=Single Task,
MTL=Multitask, g.e.= greater or equal to. Results from: 1 [1] 2 [2]. 3 [3] . 41

Table 3.3 Domain adaptation results on dev. sets for BASE models. 1 [4], 2 [5] . . . 41
Table 3.4 24-task CA-MTL vs. ST and vs. 24-task MTL with frozen layers on GLUE, Su-

perGLUE, MRQA and NER development sets. ST=Single Task, MTL=Multitask,

g.e.= greater or equal to. Details in section 3.7.5. . . . . . . . . . . . . . . . 42
Table 3.5 Our 24-task CA-MTL vs. other large models on GLUE. F1 is reported for QQP/MRPC,

Spearman’s corr. for STS-B, Matthew’s corr. for CoLA and accuracy for other

tasks. *Split not available. **Uses intermediate task fine-tuning + ST. . . . . . 43
Table 3.6 CA-MTL test performance vs. SOTA. . . . . . . . . . . . . . . . . . . . 44
Table 3.7 List of acronyms used in this paper. . . . . . . . . . . . . . . . . . . . . 46
Table 3.8 CA-MTL is flexible and extensible to new tasks. However, CA-MTL is

sensitive to the new task’s embedding. We tested multiple task embeddings
that worked best on either SciTail or SNLI by checking performance in a
zero shot setting or using 0% of the data. . . . . . . . . . . . . . . . . . 49

Table 3.9 F1 scores are reported for QQP/MRPC, Spearman’s correlation for STS-B,
accuracy on the matched/mismatch sets for MNLI, Matthew’s correlation
for CoLA and accuracy for other tasks. ST=Single Task, MTL=Multitask.
*QNLI v1 (we report v2) **F1 score or Spearman’s correlation is not re-
ported. ***Unknown random seeds. Results from: 1 [2] 2 [4] 3 [6] 4 [7].
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

Table 3.10 8-task CA-MTLBERT-LARGE (see section 3.5.3) for various layer freez-
ing configurations. F1 scores are reported for QQP/MRPC, Spearman’s
correlation for STS-B, accuracy on the matched/mismatch sets for MNLI,
Matthew’s correlation for CoLA and accuracy for other tasks. FBA = Full
Block Attention . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

Table 3.11 GLUE [8] dataset description. References: 1 [9], 2 [10], 3 [11], 4 [12], 5 [13],
6 [8], 7 [14] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51



xii

Table 3.12 Super-GLUE [15] dataset description. References: 1 [16], 2 [17], 3 [18], 4 [19],
5 [20], 6 [15], 7 [21], 8 [14] . . . . . . . . . . . . . . . . . . . . . . . . . 52

Table 3.13 MRQA [22] dataset description. References: 1 [23], 2 [24], 3 [25], 4 [26],
5 [27], 6 [28] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

Table 3.14 SNLI [29] and SciTail [30] datasets description. . . . . . . . . . . . . . . 52



xiii

LIST OF FIGURES

Figure 2.1 Difference between traditional machine learning (ML) and transfer
learning as presented in [31] . . . . . . . . . . . . . . . . . . . . . . . 7

Figure 2.2 Different transfer learning scenarios as presented in [31] . . . . . . . . 8
Figure 2.3 Different transfer learning scenarios as presented in [32] . . . . . . . . 10
Figure 2.4 Hard parameter sharing for MTL in neural networks as presented in [33] 16
Figure 2.5 Multi-Task Deep Neural Networks (MT-DNN) architecture as pre-

sented in [4] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
Figure 2.6 Multitask bidirectional Long Short-Term Memory (bi-LSTM) architec-

ture as presented in [34]. Solid lines represent the main task, while the
dashed lines represent the auxiliary tasks (for clarity, only auxiliary
task one is shown) . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

Figure 2.7 Soft parameter sharing for MTL in neural networks as presented in [33] 18
Figure 2.8 Soft parameter sharing for language parser, as presented in [35] . . . 19
Figure 2.9 Entropy for a Binary Classification . . . . . . . . . . . . . . . . . . . 23
Figure 2.10 Transformer architecture as presented in [36] . . . . . . . . . . . . . . 25
Figure 2.11 Scaled Dot-Product Attention (left) and Multi-Head Attention (right)

as presented in [36] . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
Figure 2.12 Adapter architecture as presented in [37] . . . . . . . . . . . . . . . . 29
Figure 2.13 Projected Attention Layers’ layout as presented in [38] . . . . . . . . 29
Figure 3.1 CA-MTL base architecture with our uncertainty-based sampling algorithm.

Each task has its own decoder. The input embedding layer and the lower
Transformer layers are frozen. The upper Transformer layer and Conditional
Alignment module are modulated with the task embedding. . . . . . . . . 31

Figure 3.2 Conditional Attention Module . . . . . . . . . . . . . . . . . . . . . . . 34
Figure 3.3 a) Conditional Bottleneck for CA-MTLBASE. b) Conditional Bottleneck for

CA-MTLLARGE. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
Figure 3.4 MT-Uncertainty vs. other task sampling strategies: median dev set scores

on 8 GLUE tasks and using BERTBASE. Data for the Counterfactual and
Task Size policy π|task| (eq. 3.6) is from [39]. . . . . . . . . . . . . . . . . 38

Figure 3.5 CoLA/MNLI Dev set scores and Entropy for πrand (left) and MT-Uncertainty
(right). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

Figure 3.6 Task performance vs. avg. covariance similarity scores (eq. 3.7) for MTL
and CA-MTL. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39



xiv

Figure 3.7 Effects of adding more datasets on avg GLUE scores. Experiments con-
ducted on 3 epochs. When 23 tasks are trained jointly, performance of
CA-MTLBERT-BASE continues to improve. . . . . . . . . . . . . . . . . . 42

Figure 3.8 Task composition of MT-Uncertainty sampling and estimated task difficulty
using EDM: number of training samples per task at each iteration for batch
size of 32. The occurrence of first peaks and estimated difficulty follow the
same order: From highest to lowest: MNLI > CoLA > RTE > QQP =
MRPC > SST-2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47



xv

LIST OF SYMBOLS AND ACRONYMS

BERT Bidirectional Encoder Representations from Transformers
bi-LSTM bidirectional Long Short-Term Memory
CA-MTL Conditional Adaptive Multitask Learning
CRF Conditional Random Fields
EGL Expected Gradient Lenght
EM expectation maximization
ER Entity Recognition
GLUE General Language Understanding Evaluation
GPT Generative Pretrained Transformer
ICLR International Conference on Learning Representations
LM language model
ML machine learning
MLM Masked Language Model
MLN Markov logic network
MT-DNN Multi-Task Deep Neural Networks
MTAL multitask active learning
MTL multitask learning
NER Named Entity Recognition
NLI natural language inference
NLP Natural Language Processing
PAL Projected Attention Layer
POS part-of-speech tagging
QBC query-by-committee
SAN Stochastic Answer Network
SNLI Stanford Natural Language Inference
SOTA state-of-the-art
SRL Semantic Role Labeling
STL single task learning
VSM vector space model



1

CHAPTER 1 INTRODUCTION

1.1 Motivation

The use of pretrained contextualized language models (LMs) has shown a substantial per-
formance improvement in various NLP tasks. Both in sentence-level tasks such as text
classification [40], question answering [41] and natural language inference (NLI) [42], and
token-level tasks such as Named Entity Recognition (NER), chunking [43], Semantic Role
Labeling (SRL) [41] and constituency parsing [44].

With the introduction of the Transformer architecture [45], large-scale MLMs can learn
general-purpose language representations in an unsupervised learning setup using the mas-
sive amount of unlabeled text data in multiple languages publicly available on the web.
These models pushed SOTA results on multiple downstream NLP tasks [1, 46, 47] using
fine-tuning. Specifically, these advances can be credited to the well known BERT [1] and
its variants [48–50]. Recently, the formula “Bert-variant + single task fine-tuning” became
popular in many studies, constantly pushing previous SOTA results on the GLUE bench-
mark1. Proving that fine-tuning large-scale MLMs is a powerful inductive transfer technique
for NLP. The fine-tuning process might imply, creating a task-specific model by adding a
few task-specific parameters generally in the form of a decoder head on the top of a BERT
encoder [1]. Or, adding and training task-specific model components [37].

Fine-tuning can be parameter inefficient when training multiple downstream tasks. Since
each task requires training an entire new model. Moreover, a recent study [51] showed that
fine-tuning causes catastrophic forgetting of the knowledge acquired during the MLM pre-
training phase. Thus, conserving this knowledge can improve the generalization performance
of these models. Therefore, it’s important to understand how this knowledge is stored.
Multiple studies focused on analyzing the features that these models learn and their inter-
nal representations. [52] explored BERT’s attention maps and showed that attention heads
specialize in precise aspects of syntax and attributed BERT’s success to its syntax aware at-
tention. Another study [53] examined the captured linguistic information in a BERT model
and discovered that its layers follow the traditional NLP pipeline, such that the syntactic
information appears earlier in the network, while the semantic information appears at higher
layers. The study also shows that the model can adjust this pipeline dynamically to enhance
higher-level representations by updating lower-level decisions. [54] showed that the attention

1https://gluebenchmark.com

https://gluebenchmark.com
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matrices encapsulate the grammatical representations and that the semantic information is
encoded in low-dimensional subspace.

Motivated by humans’ ability to use knowledge acquired from learning one task and apply
it to a new task, MTL shows that the knowledge learned from each task can improve the
performance on other related tasks. MTL has shown successful in multiple applications like
NLP [55, 56], computer vision [57], speech recognition [58] and drug discovery [59]. MTL is
an effective form of inductive transfer. It aims to improve the generalization of the represen-
tations by using domain-specific signals from related tasks trained in parallel while using a
shared representation [60]. Inductive transfer uses domain-specific inductive bias introduced
by the auxiliary tasks, which forces the model to select hypotheses that explain multiple
tasks [33], that results in a better generalization. Moreover, adding new learning signals that
introduce inductive biases can be less expensive than finding biases extracted from humans
expertise [61].

However, MTL adds many optimization challenges such as different types of loss functions
making it harder to achieve single task learning (STL) performance. MTL is also a balancing
act when the dataset sizes and task difficulties differ. Too much sharing leads to negative
transfer or destructive interference. While too little sharing, limits the possible cross knowl-
edge.
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1.2 Research Objectives

The objective of this thesis is to study the possibility of using MTL alone to outperform STL
fine-tuning on various NLP tasks. Towards this end, we seek to build an approach that:

1. Improves pretraining knowledge retention: The approach should be able to retain
as much pretraining knowledge as possible to retain and improve the generalization
performance.

2. Limits negative transfer and task interference: The approach should limit neg-
ative transfer and task interference while maximizing the multitask inductive transfer.
Also, it needs to deal with task difficulties imbalances.

3. Is parameter efficient: The approach should promote parameter sharing across all
tasks while ensuring that adding a new task is dynamic (doesn’t require an architecture
change).

4. Is data efficient: The approach should use as much less data as possible to reduce the
storage capacity and training time. It should also mitigate the data imbalance effect
across tasks to avoid overfitting of low resource tasks.

5. Adapts to new tasks: The model should adapt well to new unseen tasks, since
domain adaptation is a good indicator of the generalization performance.

6. Adapts to new model architectures: The approach shouldn’t be tied to a specific
model architecture.

1.3 Contribution

The contribution of this thesis consists of proposing and exploring the novel conditionally
adaptive multi-task learning ( CA-MTL) approach shown in Figure 3.1. To the best of our
knowledge, our work is the first to:

1. To condition a pretrained MLM using a latent representation of tasks.

2. Apply uncertainty sampling for large scale MTL in NLP

Our CA-MTL approach consists of:
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1. A novel multitask Transformer Attention Module using block-diagonal Conditional At-
tention (Section 3.3.1) that allows the Transformer original query-key attention to
account for task-specific biases.

2. A novel set of conditional modules to adapt a pretrained MLM to new tasks:

• A Conditional Alignment method that aligns the data of diverse tasks (Section
3.3.1).

• A Conditional Layer Normalization module that adapts layer normalization statis-
tics to each task (Section 3.3.1).

• A Conditional Adapter that promotes weight sharing and task-specific signal flow
from lower layers (Section 3.3.1).

3. A novel multitask sampling method to prioritize task selection using uncertainty to
avoid uncertainty (Section 3.3.2).

We measure the efficacy of CA-MTL using 26 NLP tasks from various domains. We show
that our approach achieves SOTA on multiple test and development sets.

This research was in collaboration with another researcher. However, with the help of my
research director I initiated this project well before he joined. In this initial phase, I did an
extensive literature review for the NLP tasks that we could use (60 tasks in total). I imple-
mented all the MTL experimentation setup, including all the pre-processing code required.
I also, ran multiple experiments that were used as a baseline for the research article.

The key idea behind this collaboration, was to join forces to produce best-in-class research, as
illustrated by the acceptance of the paper on this research at the International Conference
on Learning Representations (ICLR) 2021 [62]. Also, it is worth mentioning that the
order of first joint authors was randomly selected (coin flip) in the camera-ready version of
the article.

During the collaboration, I was in charge of implementing the novel MTL sampling strategy
and the novel conditional attention module. I contributed equally to the conditional layer
normalization and participated in the discussions and refinement of all the other modules.
On the experimentation side, I was in charge for running and analyzing the experimentation
results of the MTL sampling strategy, the domain adaptation and the large-scale MTL ex-
periment that achieved SOTA results. Moreover, I was in charge of the camera-ready version
of our source code2.

2https://github.com/CAMTL/CA-MTL

https://github.com/CAMTL/CA-MTL
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1.4 Thesis Outline

In Chapter 2, we provide relevant literature to understand the content of this thesis. In this
overview, we mainly focus on the application of the discussed ML techniques in the context
of NLP. First, we review transfer learning and MTL. Then active learning. After that, the
transformers architecture. Finally, we review adapter architectures applied to transformers.

In Chapter 3, we present the camera-ready version of the research article accepted
in ICLR 2021 [62]. In this chapter, we detail the methodology we followed to build our ap-
proach (CA-MTL). Moreover, we show the detailed experimentation we performed to prove
the efficacy of our method, including an ablation study for each on the novel components.
Finally, in the appendix from the ICLR Paper, we present more experimental details and all
the datasets used.

In Chapter 4, we review the thesis objectives and evaluate the extent to which our results
achieved them.

Chapter 5 contains our conclusion summarizing the research, the known limitations of our
proposed approach and our outlook for future work.
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CHAPTER 2 LITERATURE REVIEW

2.1 Transfer Learning

In a traditional supervised ML setup, it’s assumed that labeled data from a task and domain
A is available to train a model for the same task and domain. In this setup, a new task
and domain B require that labeled data be available to train the new model from scratch as
shown in Figure 2.1 (a). However, supervised learning falls short when labeled data for a new
task is missing, scarce, easily outdated or expensive to gather. Inspired by human ability to
transfer previously learned knowledge to solve new tasks, transfer learning is a ML technique
that aims to use knowledge acquired from a task and domain defined respectively as the
source task and source domain to help learn a new task and domain defined respectively as
the target task and the target domain, as shown in Figure 2.1 (b).

2.1.1 Definition

We provide a definition of transfer learning following the work of [31]. Transfer learning
relies on the concepts of a domain and a task. A domain D = {X , P (X)} consists of a
feature space X and a marginal probability distribution P (X) over the feature space, where
X = {x1, ..., xn} ∈ X and xi is the feature representation of the i-th sample. X is a random
variable that represents the training samples.

Given a domain D = {X , P (X)}, a task T = {Y , P (Y |X)} consists of a label space Y and an
objective predictive function f(.). The function f(.) represents the conditional probability
distribution P (Y |X). Once f(.) is learned from a set of training samples pairs {xi, yi |xi ∈
X, yi ∈ Y}, it can predict the label f(x) of an unseen instance x.

Definition 1 Transfer learning is a ML technique that aims to improve the learning of the
target conditional probability distribution PT (YT |XT ) for a target task TT = {YT , P (YT |XT )}
and a target domain DT = {XT , P (XT )} using knowledge learned from a source task TS =
{YS , P (YS|XS)} and a source domain DS = {XS, P (XS)}, where DT 6= DS, or TT 6= TS.

In the above definition, DT 6= DS implies that either XT 6= XS or P (XT ) 6= P (XS) and
TT 6= TS implies that either YT 6= YS or P (YT |XT ) 6= P (YS|XS). In the following section, we
describe each scenario in more details.

1. XT 6= XS : The feature space between the target domain DT and source domain DS
are different.
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Figure 2.1 Difference between traditional ML and transfer learning as presented in [31]

2. P (XT ) 6= P (XS): The marginal probability distributions of the target domain DT and
source domain DS are different, where XSi

∈ XS and XTi
∈ XT , but the feature spaces

are the same. This scenario corresponds to domain adaptation [63].

3. YT 6= YS: The label space between the target task TT and source task TT are different.
In this case we can make two distinctions. Either multitask learning [60], where we
learn tasks simultaneously, or sequentially as described in [6,64], where the source task
is also referred to as an intermediate task.

4. P (YT |XT ) 6= P (YS|XS): The conditional probability distributions between the target
task TT and source task TT are different, where YSi

∈ YS and TTi
∈ YT .

2.1.2 Taxonomy

Based on the above definition and the different scenarios between the target and source
tasks and domains, transfer learning consists of three categories, as shown in Figure 2.2.
(1) Inductive transfer learning (TT 6= TS) is where the target and source tasks are different,
regardless the relationship between the target and source domains. (2) Transductive transfer
learning, where the target and source domains are different but the target and source tasks
are the same (DT 6= DS and TT = TS). (3) Unsupervised transfer learning where the target
and source task are different but related. The following section describes each category in
more details.
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Figure 2.2 Different transfer learning scenarios as presented in [31]

Inductive Transfer Learning

In this setting, inducing the target objective predictive function requires some target domain
labeled data. The case where labeled source domain data is available is like a multitask
learning setup. However, a multitask learning setup aims to achieve a good performance on
all tasks learned simultaneously, while the inductive transfer learning aims to improve the
learning of the target task regardless of the performance of the source task. The case where
only unlabeled data is available in the source domain is like self-taught learning [65]. In a
self-taught learning setup, the target and source data aren’t assumed to have the same class
labels or label distribution, making use of data from any source to improve the performance
on the target task.

Definition 2 Inductive transfer learning is a ML technique that aims to improve the learning
of the target conditional probability distribution PT (YT |XT ) in the target domain DT using
knowledge learned from a source task TS and domain DS, where TT 6= TS.

Transductive Transfer Learning

In this setting, a lot of labeled source domain data is available while labeled target domain
data isn’t available. Depending on the differences between the target and source domains,
the transductive transfer learning consists of two sub-cases. (1) Case where the feature
spaces between the target and source domains are different (XT 6= XS) . (2) Case where the
marginal probability distribution of the input data is different, but the feature spaces between
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the target and source domains are the same (P (XT ) 6= P (XS) and XT = XS). Example, for
this case are sample selection bias [66] or co-variate shift [67] and domain adaptation for text
classification tasks [68].

In the ML literature, the term transductive has several definitions. [69] Introduced the term
transductive transfer learning, where it required that the target task and the source task are
the same regardless of the domains. Also, requires all the test data at training time. But the
definition provided in [31] only requires part of the unlabeled data at training time with the
assumption that is enough to estimate the marginal probability for the target data.

Definition 3 Transductive transfer learning is a ML technique that aims to improve the
learning of the target conditional probability distribution PT (YT |XT ) in the target domain DT
using knowledge learned from a source task TS and domain DS, where DT 6= DS and TT = TS.
Moreover, it requires some unlabeled target domain data during training.

Unsupervised Transfer Learning

In the unsupervised transfer learning, only unlabeled data is available for training for both
the target and source domains. The unsupervised transfer learning focuses on unsupervised
tasks like density estimation , clustering [65] and dimensionality reduction [70].

Definition 4 Unsupervised transfer learning is a ML technique that aims to improve the
learning of the target conditional probability distribution PT (YT |XT ) in the target domain DT
using knowledge learned from a source task TS and domain DS, where TT = TS and YT YS
aren’t observable.

Taxonomy for Natural Language Processing

In Figure 2.3 we show a summarized transfer learning taxonomy applied to NLP as presented
in [32]. This summary is based on the one presented in [31] with the following adjustments:

• In the context of NLP, cross-lingual learning (or cross-lingual adaptation) [71] is when
the feature space between the target and source domains are different. In this case the
samples from the domains are in two languages.

• The sample selection bias and co-variate shift fall in the domain adaptation case.

• To make a clear separation from MTL, sequential transfer learning includes the self-
taught and unsupervised transfer learning.
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Figure 2.3 Different transfer learning scenarios as presented in [32]

2.1.3 Transfer Techniques

The categories above describes the techniques on "How to transfer." This section we will go
over the techniques to transfer knowledge across tasks and domains, answering the question
"What to transfer" as described in [31].

Instance Transfer

Instance transfer (or instance-based transfer) technique uses some source domain data to
aid learning the target task. Instance transfer relies on two main approaches (1) Instance
re-weighting and (2) importance sampling.

Instance re-weighting is a mechanism alters the weights of training samples to adjust
their impact, used when labeled data from a different but related source domain is available
while labeled data from the target domain is scarce. An example of this technique is the
Transfer AdaBoost (TrAdaBoost) [72] which is an application of AdaBoost [73] to transfer
learning. TrAdaBoost "aims to boost the accuracy of a weak learning by carefully adjusting
the weights of training instances and learn a classifier accordingly" [72]. This framework
divides the training data into two sets. (1) Same-distribution training data that have the
same distribution as the test data and is assumed not enough to train the model and (2)
diff-distribution training data that have a different distribution than the test data and is



11

assumed to be abundantly available. The framework uses AdaBoost for the same-distribution
data. However, when the diff-distribution training data is wrongly predicted, TrAdaBoost
has a mechanism that "decreases the weights of these instances in order to weaken their
impacts" [72].

Importance sampling is an approximation method used instead of sampling. Equation 2.1
describes the expectation of a target objective predictive function fT (x), where x follows the
distribution pT (x).

E[fT (x)] =
∫
fT (x)pT (x)dx ≈ 1

n

∑
i

fT (xi) (2.1)

In the case where, enough labeled data from the target domain is available, the Monte Carlo
sampling method [74] to calculate the expectation of the objective predictive function fT (x)
by sampling x from pT (x). However, when target domain labeled data is scarce or hard to
sample from, importance sampling can estimate the expectation using the source domain
distribution pS(x) where enough labeled data is available as shown in equation 2.2, where
pS(x) is the source domain distribution.

E[fT (x)] =
∫
fT (x)pT (x)dx =

∫
fT (x)pT (x)

pS(x)pS(x)dx ≈ 1
n

∑
i

fT (xi)
pT (xi)
pS(xi)

(2.2)

In equation 2.2, pT (x)
pS(x) is known as the sampling ratio (or sampling weight) and acts as a

correction ratio that corrects the offset introduced by sampling from a different distribution.
The importance sampling estimation method can suffer from a large variance when the target
and source domain are very different. Equation 2.3 is the variance of estimation, where
X = fT (x)pT (x)

pS(x) . Thus, a large pT (x)
pS(x) leads to a large variance.

V ar(X) = E[X2]− E[X]2 (2.3)

Feature Representation Transfer

The feature representation is a knowledge transfer method that maps the feature represen-
tation from the source domain to the target domain [75]. The main difference between other
transfer methods is that it uses both the feature-based method and the case-based method
to achieve the knowledge transfer for text classification tasks. The method has three steps.
(1) Using the feature-based method, create a feature representation subspace common to
both the target and source domains. The idea is to find the shared components between the
domains that doesn’t affect the distribution across domains and "capture the structure of the
original data well" [75]. Example, two text classification datasets can have different domains.
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However they share many features (words). (2) Using the case-based method, learn a feature
representation mapping function in the new feature subspace. To minimize the distance be-
tween the two distributions, the source and domain data are re-weighted. After that, create
a vector space model (VSM) using the mapping function to fit the distribution in the target
domain. (3) Use any traditional ML algorithm to train a text classifier in the source domain
and apply it for the target domain.

Parameter Transfer

In the parameter transfer approach, it’s assumed that a parametric model exists in both the
target and source domains and that, parameters embed the transferred knowledge. These
parameters are estimates using samples from the source domain. However, techniques like
self-taught learning [65] is applied when labeled data isn’t available. These techniques yield
good performance when unlabeled data is abundantly available. Recently, fine-tuning deep
neural networks trained on source domains started using the parameter transfer approach.
The approach can also be used to multiple kernel learning [76] and sparse coding [77].

Relational Knowledge Transfer

The relational knowledge transfer [78] is a technique used for relational domains. The main
assumption is that there exists a relationship between the target and source domains. This
approach uses Markov logic network (MLN) for learning relational domains. The transfer
technique has two steps. (1) predicate mapping: create the best mapping between the target
domain data and the source domain data. Example, a predicate mapping between a book
dataset and a research paper dataset might learn that book authors are like students and that
books are like research papers. There exist two general approaches to create this mapping.
(a) A global mapping, where the entire source MLN is translated using a mapping created
for each source predicate to a target predicate. (b) A local mapping that finds the best
mapping for each source clause by creating a mapping for the predicated in each clause.
The relational knowledge transfer uses the local mapping method since the global mapping
method isn’t easily scalable for large numbers of predicates. Using the mapping, clauses
from the source domain are translated to the target domain. However, the translation can
introduce erroneous clauses, thus requiring a refinement. (2) theory refinement: The newly
translated clauses are revisited and re-weighted to properly model the target domain data.
This step follows the theory refinement method [79], except that the framework learns the
revised theory instead of receiving it from a human expert.
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2.1.4 Negative Transfer Learning

As seen in the previous sections, transfer learning is a powerful ML technique that has shown
effective, especially when labeled data is scarce for a desired target task. Negative transfer
is the phenomenon that arises when applying transfer learning hurts the performance of the
target task. Multiple works studied how to avoid and detect this phenomenon without any
external input. Using a "transfer-aware" naive Bayes classification algorithm, [80] conducted
an empirical study to show the existence of negative transfer when the target domain isn’t
sufficiently related to the target domain. Formally, the lack of “relatedness” happens when
the joint distribution of the source domain PS(X, Y ) diverges from the target domains distri-
bution PT (X, Y ), where X is the input random variable and Y is output [81]. The situation
when the marginal probability of the source and target domain are equal (PS(X) = PT (X))
and PS(Y |x) is uniform for any x, represents a case where no meaningful knowledge can be
extracted from PS(X, Y ). In this case applying transfer learning will surely introduce nega-
tive transfer unless PT (Y |X) it’s also uniform. [82] offered a formal framework for measuring
task relatedness. This framework derives a strong generalization bounds and provides the
general conditions that guarantees the generalization compared to the bounds of single task
learning method. In [83], the tasks are grouped by either a task clustering or a task gating
method. Using the task clustering method, it’s assumed that there exists multiple clusters
that group-related tasks instead of a single cluster. This method relies on estimating the pos-
terior data likelihood to assign tasks to the most compatible cluster and use the expectation
maximization (EM) algorithm to optimize the likelihood of the shared parameters. The task
gating technique adds a task-dependent feature. This addition removes the disadvantage of
using the task clustering technique where all tasks are assigned with the same probability to
each cluster. Thus, making the assignment of a task to a cluster task-dependent. The task
gating method represents a generalization of the task clustering in the case where all tasks
share the same feature. Even if transfer learning is a widely used technique. It’s still a hard
to detect, understand or avoid negative transfer especially when the target domain data is
tiny.

2.2 Multitask Learning

Standard ML setup consists of learning a new model for each single task of interest, referred
to as STL. In a STL setup, the optimization usually involves a single loss function. Moreover,
large tasks are divided into multiple sub-tasks and are learned separately. For example, a
chatbot system will have a separate model for each task (intent classification, NER, ...)
trained separately. However, STL can benefit from the knowledge learned from other related
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tasks. Thus, when training all tasks in parallel, each task should benefit from the knowledge
of other related tasks. This setup is MTL [61].

In the ML literature, the term MTL is used for multiple settings. However, we don’t consider
the learning with auxiliary tasks setting nor the setting where the number of tasks changes
during training. Instead, we focus our review to the setting in which a fixed set of tasks is
learned jointly and all the tasks are treated equally. Moreover, MTL can be used with other
learning approaches like semi-supervised learning, unsupervised learning, Active Learning
(AL) and Reinforcement Learning (RL). However, we focus on the supervised learning setup,
following most of MTL work.

MTL is also referred to as learning to learn and joint learning. MTL is a form of induc-
tive transfer that aims to improve the generalization performance by using domain-specific
knowledge extracted from the training signals of related tasks drawn from the same domain.
Inductive transfer enhances the generalization performance and the learning speed. This
form of transfer provides an inductive bias (training signals) extracted from other tasks. An
inductive bias helps an inductive learner to favor hypotheses that explains multiple objec-
tives. The training signals from other tasks represents a bias since "when the training signals
are for tasks other than the main task, it is easy to see that, from the point of view of the
main task, the other tasks may serve as a bias" [84]. MTL trains all the tasks in parallel
that share a hidden layer. The shared representation helps learning features that describe
multiple tasks at the same time. MTL is inspired by the human learning behavior where
we (humans) often use previously acquired knowledge to enhance learning a novel task. For
example, the case where a person is learning Portuguese and Spanish (two Latin languages)
at the same time. Knowledge acquired while learning Portuguese can be used to enhance
and accelerate learning Spanish and vice versa.

As seen in the previous sections, MTL is similar to transfer learning. However, there is a
significant difference. Transfer learning aims to improve the performance of the target task
regardless of the performance of the source task. The source task is seen as a helper task.
In the other hand, MTL aims to improve the performance of all tasks jointly. However, [85]
introduced the asymmetric MTL that aims to improve the performance of a target task using
multiple source tasks that were trained jointly beforehand. The symmetric MTL is closer to
transfer learning, however, the source tasks are still learned simultaneously.

2.2.1 Definition

We provide a formal definition of MTL following the work of [86].
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Definition 5 Given T learning tasks over an input space Xand a set of task spaces {Y t}t∈[T ],
such that a training dataset of i.i.d data points Di = {xtj, ytj}nt

j=1 for each task t ∈ [T ], where
xtj is the jth training sample, ytj is its label and nt is the amount of training samples. Each
task has an objective predictive function f t(x; θshared, θt) : X → Y t, where θshared are the
shared parameters between all tasks, while θt are task-specific parameters. And Lt(., .) :
Y t × Y t → R+ is the task-specific loss function. MTL aims to improve learning each task
using knowledge from all or some of the tasks with the objective in Equation 2.4, where ct is
a per-task weight either learned or provided as a hyper parameter and L̂t is the empirical loss
of a task t as defined in Equation 2.5

min
θshared,θ1,...,θT

T∑
t=1

ctL̂t(θshared, θt) (2.4)

L̂t(θshared, θt) , 1∑T
t=1 nt

∑
i

L(f t(xi; θshared, θt), yti) (2.5)

2.2.2 Multitask Learning Techniques

There are two main techniques used for MTL in the context of neural networks: hard param-
eter sharing or soft parameter sharing. In both cases, the model tries to lean a shared or a
similar hidden representation for all tasks based on some constraint or relationship regular-
ization between tasks. The following section will describe each one these techniques in more
details.

Hard Parameter Sharing

Hard parameter sharing is the most widely used technique and the easiest to implement for
MTL in the context of neural networks. First introduced in [61], each task has it own task
specific output layers, however, all tasks share the same hidden layers, as shown in Figure
2.4. In this setup, the model tries to learn a shared feature presentation that models all the
tasks. [87] showed that hard parameter sharing reduces the risk of overfitting by "an order T
smaller than overfitting the task-specific output layers where T is the number of tasks" [32].

In the context of NLP, MT-DNN [4] achieved SOTA results (at the moment of its publication)
on the GLUE benchmark [88], Stanford Natural Language Inference (SNLI) [89] and SciTail
[90] by using the hard parameter sharing technique. MT-DNN architecture as shown in
Figure 2.5 shares the lower layers between all tasks which consist of a BERT encoder and
the task-specific top layers.
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Figure 2.4 Hard parameter sharing for MTL in neural networks as presented in [33]

For single-sentence classification, The probability that X belongs to class c is predicted by a
logistic regression with softmax (Equation 2.6), where WSST is the task-specific matrix.

P (c|X) = softmax(W T
SST · x) (2.6)

For text similarity tasks, The similarity of two sentences is calculated based on the semantic
representation of the sentence pair (Equation 2.7) , where WSTS is the task-specific matrix
and Sim(X1, X2) ∈ R.

Sim(X1, X2) = W T
STS · x (2.7)

For relevance ranking tasks, The relevance is calculated using the semantic representation of
the question Q and candidate answer A pair (Equation 2.8), where WR is the task-specific
matrix. For a given Q the answer with the best relevant score is selected.

Rel(Q,A) = g(W T
R · x) (2.8)

For pairwise text classification tasks, Stochastic Answer Network (SAN) [91] is used to predict
the relation between the premise and hypothesis.

[34] also used hard parameter sharing to jointly train a main semantic sequence labeling task
with multiple auxiliary tasks. They used an off-the-shelf bi-LSTM model [92]. The model is
shown in Figure 2.6. However, only the lower stacked bi-LSTM are shared between all tasks
and output layers for each one of the tasks is added using a softmax.
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Figure 2.5 MT-DNN architecture as presented in [4]

Soft Parameter Sharing

Soft parameter sharing implies that each task has its own model. In this setup, we learn a
model of each task while aiming to reduce the distance between the parameters of each model
using a regularization method, as shown in Figure 2.7. In this setup the shared feature space
representation is loosely coupled.

As a realization mechanism, [35] augmented the learning objective to include a regularization
coefficient to impose the similarities between the corresponding parameters in a cross-lingual
parameter sharing setting, as shown in Figure 2.8 . The following is a simplified version where
only two tasks (A and B) are in the MTL setup. Equation 2.9 represents the augmented loss
function, where L′ is the original multitask loss function (e.g., the sum of losses), N is the
total amount of training samples, W (t)

i denotes the ith layer parameter of tasks t, ‖ · ‖2
F is

the squared Frobenius norm and λ is a sensitivity hyper-parameter.

L = L′ −
N∑
i=1

λ‖W (A)
i −W (B)

i ‖2
F (2.9)

[93] regularised the parameters for all models using the tensor trace norm, to promote
parameter reuse between all models in a MTL setup. Initially, this method was used to
replace rank constraints in Reduced Rank Regression [94]. The framework doesn’t impose a
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Figure 2.6 Multitask bi-LSTM architecture as presented in [34]. Solid lines represent the
main task, while the dashed lines represent the auxiliary tasks (for clarity, only auxiliary
task one is shown)

Figure 2.7 Soft parameter sharing for MTL in neural networks as presented in [33]

parameter sharing strategy (which layers should be tied), instead it uses a tensor norm on
the parameters of each layer so that the sharing strategy is learned from the training data.
The trace norm is the sum of singular values of a matrix ‖X‖ = ∑

i=1 σi . Minimizing the
trace norm (or nuclear norm) replaces the need to finding a minimum rank solution when
it is hard to calculate [95]. [93] presented two methods to define the tensor rank. (1) Using
the Tucker decomposition [96] as defined in Equation 2.10, where W(i) is the mode-i tensor
flattening [97] and (2) using the Tensor Train decomposition [98] as defined in Equation 2.11,
where W[i] is another flattening method.

‖W‖∗ =
N∑
i=1

γi‖W(i)‖∗ (2.10)

‖W‖∗ =
N−1∑
i=1

γi‖W[i]‖∗ (2.11)
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Figure 2.8 Soft parameter sharing for language parser, as presented in [35]

2.2.3 Limitations of Multitask Learning

Compared to STL, MTL adds a number of optimization challenges, making it harder to
achieve STL performance. MTL is a balancing act when dealing with the amount of knowl-
edge to be shared between tasks. Too much sharing leads to negative transfer (or destructive
interference) which hurts the performance of one or all tasks. While too little sharing limit
the possible cross knowledge. A good MTL model is the one that finds that fine balance.
Recent work studied how to detect and how to avoid negative transfer in a MTL setup. How-
ever little work has proposed in NLP. [99] showed that conflicting gradient between tasks is
predictive of negative interference. Also, proposed a model-agnostic algorithm (PCGrad). In
this algorithm, two gradients gi and gjand are said to be conflicting if the cosine similarity
between the two gradients is negative. If the cosine similarity is positive, the gradients are
left untouched. Else gi is projected onto the normal plane of gj.

2.3 Active Learning

The core idea behind Active Learning is that an algorithm can achieve better performance
using less labeled data if it’s able to selects its training data, thus reducing labeled data and
compute requirements. AL (or query learning) is well suited when labeled data is hard or
expensive to gather while unlabeled data is abundantly available (e.g., NLP where unlabeled
text data is massively available1).

An active learner queries an oracle (e.g., a human annotator or automated process) to label
some of the unlabeled data to help its learning. There are three major approaches to AL
in the ML literature. (1) membership query learning, and (2) Pool-based sampling and (3)
stream-based selective sampling.

1Recently a 10 TB text dataset was made public at https://github.com/EleutherAI/The-Pile
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2.3.1 Membership Query Learning

Membership queries [100] is one of the first Active Learning techniques. The learner can
query labels for any unlabeled data instance, even those that are already seen instead of
sampling from the input underlying distribution. Once selected an oracle provides the label.
It is easy to see that such technique is very demanding when the oracle is a human annotator.
For fields like scientific discovery membership query , is a promising technique for fields like if
the oracle is an automated process this. [101] used a "robot-scientist" as the oracle to perform
the experiments queried by the model. This yield to a big decrease of experimental cost.

2.3.2 Pool-Based Sampling

In pool-based sampling [102], the training dataset is composed by an initial small set of
labeled data I and a large set of unlabeled data U . Queries are selected from the unlabeled
instances using an informativeness metric. The metric helps selecting the unlabeled training
samples worth labeling.

Most pool-based sampling variations fit a common algorithm shown in Algorithm 1. The
informativeness and ranking function (h) is the main difference between pool-based sampling
methods. Some variations do not require training the classifier on the initial labeled set.
Also, the training ends either the labeled set reached a desired size or no unlabeled data is
left. Moreover, adding one sample at each round it most widely used approach (n = 1).

Algorithm 1: General Pool-Based Active Learning Algorithm
Input: Initial training set I, Unlabeled data set U , Informativeness and ranking

function h, labeled samples per round n
D ← I // Initialize the training data with the initial labeled data;
Train the classifier on D;
while Train stopping requirement not met do

Select S random samples from U ;
Sn−top = h(S, n) //Calculate informativeness value and return n-top ranked
samples;
Use oracle to label Sn−top samples;
U ← U \ Sn−top// Remove labeled samples from U ;
D ← D ∪ Sn−top // Append labeled samples to D;

end
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2.3.3 Stream-Based Selective Sampling

In Stream-bases selective sampling [103] the learner draw unlabeled samples from the actual
underlying input space distribution, then decided whether to discard or ask for their labels.
It is also called sequential AL since the instances are sampled individually. This technique
is similar to membership query learning when the input space distribution is uniform.

There are several methods to decide whether to keep a drawn sample or not. A naive
approach is to set a minimum threshold on an informativeness metric. Another way is to use
an informativeness metric so that samples with higher informativeness value are more likely
to be kept (biased decision) [104]. Another approach is to find the regions where the model is
uncertain [105]. An unlabeled sample is from an uncertainty region if two different classifiers
with the same model class agree on all the labeled samples but disagree on this sample.
Multiple approximation approaches [106, 107] were introduced to calculate the uncertainty
region since the verification between the two models needs to be recalculated after labeling
each new sample which can be very expensive.

2.3.4 Query Strategies

A measure of informativeness (or query strategy) is required for all AL approaches described
above. Multiple strategies were proposed in the ML literature like uncertainty sampling
[102], query-by-committee (QBC) [108], Expected Gradient Lenght (EGL) [109], expected
error reduction [110], variance reduction and information density [111]. However, we focus
uncertainty sampling since its most related to our work.

Uncertainty Sampling

[102] introduced the term uncertainty sampling. Uncertainty sampling is a heuristic used
with probabilistic classifiers to help selecting the least certain samples. It’s similar to in-
cremental training [112] where a classifier is retrained on misclassified samples. However,
uncertainty sampling uses a classifier trained on an initial pool of labeled data to calculate
the uncertainty of the unlabeled data with the intuition that a high uncertainty indicates a
decision boundary, and learning a classifier aim to clarify the position of the decision bound-
ary.

Uncertainty sampling increases the cost of sampling by O(TD), where T is the number of
candidates, D the number of predictors.

There are multiple ways to calculating uncertainty. We will present two variants: entropy
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sampling and margin sampling.

Entropy sampling selects the samples with highest Shannon entropy [113] value following
Equation 2.12, where qc is the probability of an instance to belong to class c. Here, Algorithm
1 would rank the samples with the highest values on top.

H(X) = −
∑
c

qc log qc (2.12)

For a binary classification, entropy sampling aims to selects the samples with highest entropy.
Specifically, instances with class posterior closest to 0.5, where entropy is at its highest
value as shown in Figure 2.9. Entropy sampling is easily applied to probabilistic multi-class
classifiers, sequences [111] and trees [114].

Margin sampling [115] selects the samples with the lowest margin between the most prob-
able classes as shown in Equation 2.13, where c1 and c2 are the most probable classes for
the sample xi. Intuitively, the margin value is small when the classifier is able to make a
clear separation between the classes. In contrast, when the margin value is large the classi-
fier would benefit from knowing the true class in order to better discriminate between these
classes. However, this method ignores the remaining classes (classes not used to calculate
the margin value) when the number of classes is big. Here, 1 would rank the samples with
the lowest values on top.

Mi = |P (c1|xi)− P (c2|xi)| (2.13)

Both entropy and margin sampling select samples where the posterior distribution is most
uniform. However, they differ in the probability space. Entropy sampling doesn’t favor
samples where one of the labels is very unlikely, since the classifier is certain that it’s not the
true class. Instead, it considered useful when using margin sampling when the classifier is
not able to differentiate between the remaining classes. Selecting the right sampling method
is rather application dependent [111, 116]. However, it is easy to say that it is easy to use
the entropy sampling method when minimizing a log-loss while margin sampling should be
used when aiming to reduce classification error.

2.3.5 Active Learning and Multitask Learning

[117] applied AL to MTL for solving linguistic annotations tasks and introduced multitask
active learning (MTAL), a framework for multitask and AL. The proposed framework, pro-
vides samples to the oracle that are informative for multiple classifiers in the MTL setup
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Figure 2.9 Entropy for a Binary Classification
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instead of a single one in a traditional AL setup. Thus, creating a corpus labeled in re-
spect to multiple tasks while minimizing the labeling effort provided by AL. The authors
used syntactic parsing and NER (highly dissimilar tasks) to test the performance of MTAL
and showed that it outperformed random selection and one-sided example selection, where
selected samples using AL on one task are used for all other tasks.

MTAL proposed alternating selection and rank combination as sample selection meta-protocols.
The alternating selection protocol alternates the task that AL is using. Meaning, a task Ti
is used in si consecutive AL rounds. Then, another task Tj is selected for sj rounds and
so on. This technique allows to weight annotation coming for each task in the MTL setup.
However, [117] only experiment with si = 1 making this bound to the task sampling method.
The rank combination protocol is based on the idea to combine a single task AL selection of
all the tasks in the MTL setup. Thus, favoring samples that are informative for all tasks. For
each round a informativeness score is calculated for each unlabeled sample x with respect to
each task Ti, then converted into a ranking metric rT i(x), where higher informativeness score
mean lower rank value. After that, the rank values from each task are summed to provide a
combined rank (Equation 2.14, where it n is the number of tasks).

r(x) =
n∑
i=1

rT i(x) (2.14)

[118] proposed a MTAL framework for SRL following the work of [117]. The framework
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uses an Entity Recognition (ER) task as an auxiliary task to reduce the need for extensive
training data. The framework uses rank combination as described in Equation 2.14 and the
Viterbi decoding (Equation 2.15) to calculate the uncertainty (xV E) in Conditional Random
Fields (CRFs) [119] by selecting unlabeled samples with maximum pψ(y|x) as defined in
Equation 2.16, where x is a sequence of observed vectors, y its corresponding label vectors
and ψ(yt−1, yt, xt) is the joint log-likelihood function of unary and transition parameters.

pψ(y|x) =
∏T
t=1 ψ(yt−1, yt, xt)∑

y∈Y
∏T
t=1 ψ(yt−1, yt, xt)

(2.15)

xV E = arg min
x
pψ(y|x) (2.16)

The proposed framework outperformed both single task AL and standard MTL using 12%
of data.

2.3.6 Limitations of Active Learning

Most of AL work is conducted in a simulated setup and assume that the oracle is always
right, and that labeling queries in not expensive or uniformly expensive which is not always
true. [120] studied the lack of a clear stopping criterion since in a real-world application it
is hard to monitor the performance at run-time of a classifier trained interactively. Without
a performance metric, we are not able to measure the cost induced by labeling (oracle) and
misclassification (classifier) costs. Moreover depending on the query strategy calculating the
informativeness metric can add computational overhead to the learning algorithm.

An active learner is ultimately a semi-supervised learner so it’s prone to harmful biases
derived from patterns learned from a small initial labeled dataset.

2.4 Transformers

Transformer architectures [36] have gained popularity due to their effectiveness in multiple
fields like NLP [121,122] and computer vision [121,123]. Many recent studies focused either on
making fundamental architectural changes [124,125] or improving the efficiency of the initial
implementation [126–128] making Transformer based architectures even more competitive.
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2.4.1 Architecture

Transformers are formed by stacking multiple identical Transformer blocks. Each block
contains an embedding layer, multi-head self-attentions, position-wise fully connected feed-
forward networks, layer normalization and residual connectors, for both the encoder and
decoder as shown in Figure 2.10. The next sections describe each of these modules following
the notation of [36].

Figure 2.10 Transformer architecture as presented in [36]

Encoder

Each encoder block contains two sub-modules, a multi-head self-attention mechanism and a
position-wise fully connected feed-forward network, as shown in the left side of Figure 2.10.
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A residual connection followed by layer normalization connects the input and output of each
sub-module as shown below, where Sublayer(x) is the sub-module function.

LayerNorm(x+ Sublayer(x)) (2.17)

Decoder

The decoder block contains the same sub-modules as the encoder, plus a third multi-head
attention sub-module connecting the encoder block as shown in the right side of Figure
2.10. The self-attention sub-module is modified and the output embeddings are offset by one
position to guarantee that the prediction of a token depends only on preceding tokens.

Figure 2.11 Scaled Dot-Product Attention (left) and Multi-Head Attention (right) as pre-
sented in [36]

Scaled Dot-Product Attention

[36] introduced the scaled dot-product attention mechanism. This attention function calcu-
lates the dot products of the query with all the keys similar to dot-product attention, but
the result is divided by a scaling factor

√
dk. In practice, the attention function is calculated

in parallel using matrix notation as shown below, where Q (vector representations of each
token in the sequence) K (vector representations of all tokens in the sequence) and V are
respectively the queries, keys and values matrices.

Attention(Q,K, V ) = softmax(QK
T

√
dk

)V (2.18)
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The weight w = softmax(QKT
√
dk

) describes how each token (Q) attends to all the other tokens
K in the sequence. The softmax is used so that the weight value is between 0 and 1.

Multi-Head Self-Attention

The goal of a multi-head self-attention module is to allow the model to attend to different
representations of Q, K and V at different positions. The attention function is duplicated
with linear projections of Q, K and V . A multi-head attention module can be defined as
follows.

MutliHead(Q,K, V ) = Concat(head1, ..., headh)WO (2.19)

Where headi = Attention(QWQ
i , KW

k
i , V W

V
i ). QWQ

i , KW
k
i and VW V

i are linear projections
for Q, K and V respectively, where WQ

i ,W
k
i and W V

i are learned weight matrices.

Position-Wise Fully Connected Feed-Forward Networks

The multi-head attention output is fed to a two-layer position-wise feed-forward network
with ReLU activations. It is applied to each position independently. This identical linear
transformation can be expressed as follows.

FFN(x) = max(0, xW1 + b1)W2 + b2 (2.20)

Where Wi and bi are the weight matrix and bias for layer i respectively.

Positional Encoding

The positional encoder injects the token position in the sequence, and it is required since the
Transformer architecture doesn’t contain recurrence nor convolution. [36] used a sinusoidal
input, however, the embeddings can be learned.

2.4.2 Transformer Modes

The Transformer is used in three main ways, correlated to the self-attention usage. (1)
Encoder only mode for tasks like classification. In this mode the self-attention modules
can attend to any position in the sentence. (2) Decoder only mode for tasks like language
modeling. In this mode the self-attention modules can only attend to current and previous
positions only in the sentence. (3) Encoder-decoder mode for tasks like machine translation.
Like the decode mode, the self-attention modules need to be causal (attending to previous
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and present tokens only). This mode also allows the decoder to use information from the
input sequence.

2.4.3 Adapters

Adapters are another form of transfer. They’re most effective with MLMs that stores rich
linguistic information [129–131]. An adapter consists of one or more modules added to a
pretrained model. For each task, an adapter adds a few trainable parameters. To maximize
the parameter sharing, an adapter architecture usually keeps the adapted model parameters
unchanged. Using an adapter, adding a new task doesn’t affect previously added tasks.

[37] adapted the BERT Transformer model, showing that an adapter architecture can
achieve near SOTA results on 26 NLP tasks, only adding 3.6% parameters per task. Their
approach consists of adding a serial adapter after each Transformer sub-module (multi-
head self-attention mechanism and the position-wise fully connected feed-forward network).
Also, following the work on conditional batch normalization [132], FiLM [133] and self-
modulation [134], they trained a different layer normalization for each task. This adapter is
connected to the output of each sub-module before the skip connection back. The output
of the adapter feeds the next layer normalization. The adapter module follows a bottleneck
architecture. First, it projects its d-dimensional features input into m-dimensional features,
apply a nonlinearity then projects back to the input dimensions (d), where m� d . A bot-
tleneck architecture balances between performance and number of added parameters. The
module also has a skip-connection. Figure 2.12 shows the architecture proposed by [37].

[38] introduced the Projected Attention Layer (PAL), an adaptation module to a BERT
model in a MTL setup and was able to match the performance of fine-tuned models on the
GLUE benchmark adding only 1.13x trainable parameters. PAL is a low-dimensional multi-
head attention module, with the goal of adapting BERT’s original self-attention mechanism
to each task. Each PAL is added in parallel to the BERT layers as shown in Figure 2.12,
where SA is a self-attention module and LN is a layer-norm in a BERT model.
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Figure 2.12 Adapter architecture as presented in [37]

Figure 2.13 Projected Attention Layers’ layout as presented in [38]
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CHAPTER 3 ARTICLE 1: CONDITIONALLY ADAPTIVE MULTI-TASK
LEARNING: IMPROVING TRANSFER LEARNING IN NLP USING

FEWER PARAMETERS & LESS DATA

3.1 Abstract

Multi-Task Learning (MTL) networks have emerged as a promising method for transferring
learned knowledge across different tasks. However, MTL must deal with challenges such
as: overfitting to low resource tasks, catastrophic forgetting, and negative task transfer,
or learning interference. Often, in Natural Language Processing (NLP), a separate model
per task is needed to obtain the best performance. However, many fine-tuning approaches
are both parameter inefficient, i.e., potentially involving one new model per task, and highly
susceptible to losing knowledge acquired during pretraining. We propose a novel Transformer
based Adapter consisting of a new conditional attention mechanism as well as a set of task-
conditioned modules that facilitate weight sharing. Through this construction, we achieve
more efficient parameter sharing and mitigate forgetting by keeping half of the weights of a
pretrained model fixed. We also use a new multi-task data sampling strategy to mitigate the
negative effects of data imbalance across tasks. Using this approach, we are able to surpass
single task fine-tuning methods while being parameter and data efficient (using around 66%
of the data for weight updates). Compared to other BERT Large methods on GLUE, our
8-task model surpasses other Adapter methods by 2.8% and our 24-task model outperforms
by 0.7-1.0% models that use MTL and single task fine-tuning. We show that a larger variant
of our single multi-task model approach performs competitively across 26 NLP tasks and
yields state-of-the-art results on a number of test and development sets. Our code is publicly
available at https://github.com/CAMTL/CA-MTL.

3.2 Introduction

The introduction of deep, contextualized Masked Language Models (MLM)1 trained on mas-
sive amounts of unlabeled data has led to significant advances across many different Natural
Language Processing (NLP) tasks [135,136]. Much of these recent advances can be attributed
to the now well-known BERT approach [1]. Substantial improvements over previous state-
of-the-art results on the GLUE benchmark [8] have been obtained by multiple groups using
BERT models with task specific fine-tuning. The “BERT-variant + fine-tuning” formula

1For reader convenience, all acronyms in this paper are summarized in section 3.7.1 of the Appendix.

ICLR 2021
Jonathan Pilault, Christopher Pal

https://github.com/CAMTL/CA-MTL
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has continued to improve over time with newer work constantly pushing the state-of-the-art
forward on the GLUE benchmark. The use of a single neural architecture for multiple NLP
tasks has shown promise long before the current wave of BERT inspired methods [137] and
recent work has argued that autoregressive language models (ARLMs) trained on large-scale
datasets – such as the GPT family of models [138], are in practice multi-task learners [139].
However, even with MLMs and ARLMs trained for multi-tasking, single task fine-tuning is
usually also employed to achieve state-of-the-art performance on specific tasks of interest.
Typically this fine-tuning process may entail: creating a task-specific fine-tuned model [1],
training specialized model components for task-specific predictions [3] or fine-tuning a single
multi-task architecture [4].

Figure 3.1 CA-MTL base architecture with
our uncertainty-based sampling algorithm.
Each task has its own decoder. The input em-
bedding layer and the lower Transformer layers
are frozen. The upper Transformer layer and
Conditional Alignment module are modulated
with the task embedding.

Single-task fine-tuning overall pretrained model
parameters may have other issues. Recent anal-
yses of such MLM have shed light on the lin-
guistic knowledge that is captured in the hidden
states and attention maps [52, 53, 140]. Par-
ticularly, BERT has middle Transformer [45]
layers that are typically the most transferable
to a downstream task [136]. The model prox-
ies the steps of the traditional NLP pipeline in
a localizable way [53] — with basic syntactic
information appearing earlier in the network,
while high-level semantic information appear-
ing in higher-level layers. Since pretraining is
usually done on large-scale datasets, it may be
useful, for a variety of downstream tasks, to
conserve that knowledge. However, single task
fine-tuning causes catastrophic forgetting of the
knowledge learned during MLM [40]. To pre-
serve knowledge, freezing part of a pretrained network and using Adapters for new tasks
have shown promising results [3].

Inspired by the human ability to transfer learned knowledge from one task to another new
task, Multi-Task Learning (MTL) in a general sense [33, 60, 141] has been applied in many
fields outside of NLP. [61] showed that a model trained in a multi-task manner can take
advantage of the inductive transfer between tasks, achieving a better generalization per-
formance. MTL has the advantage of computational/storage efficiency [142], but training
models in a multi-task setting is a balancing act; particularly with datasets that have dif-
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ferent: (a) dataset sizes, (b) task difficulty levels, and (c) different types of loss functions.
In practice, learning multiple tasks at once is challenging since negative transfer [143], task
interference [144, 145] and catastrophic forgetting [146] can lead to worse data efficiency,
training stability and generalization compared to single task fine-tuning.

Using Conditionally Adaptive Learning, we seek to improve pretraining knowledge retention
and multi-task inductive knowledge transfer. Our contributions are the following:

• A new task conditioned Transformer that adapts and modulates pretrained weights (Sec-
tion 3.3.1).
• A novel way to prioritize tasks with an uncertainty based multi-task data sampling method

that helps balance the sampling of tasks to avoid catastrophic forgetting (Section 3.3.2).

Our Conditionally Adaptive Multi-Task Learning (CA-MTL) approach is illustrated in Fig-
ure 3.1. To the best of our knowledge, our work is the first to explore the use of a latent
representation of tasks to modularize and adapt pretrained architectures. Further, we believe
our work is also the first to examine uncertainty sampling for large-scale multi-task learning in
NLP. We show the efficacy of CA-MTL by: (a) testing on 26 different tasks and (b) present-
ing state-of-the-art results on a number of test sets as well as superior performance against
both single-task and MTL baselines. Moreover, we further demonstrate that our method has
advantages over (c) other adapter networks, and (d) other MTL sampling methods. Finally,
we provide ablations and separate analysis of the MT-Uncertainty Sampling technique in
section 3.5.1 and of each component of the adapter in 3.5.2.

3.3 Methodology

This section is organized according to the two main MTL problems that we will tackle:
(1) How to modularize a pretrained network with latent task representations? (2) How to
balance different tasks in MTL? We define each task as: Ti , {pi(yi|xi, zi),Li, p̃i(xi)}, where
zi is task i’s learnable shallow embedding, Li is the task loss, and p̃i(xi) is the empirical
distribution of the training data pair {xi,yi}, for i ∈ {1, . . . , T} and T the number of
supervised tasks. The MTL objective is:

min
φ(z),θ1,...,θT

T∑
i=1

Li(fφ(zi),θi
(xi),yi) (3.1)

where f is the predictor function (includes encoder model and decoder heads), φ(z) are
learnable generated weights conditioned on z, and θi are task-specific parameters for the
output decoder heads. z is constructed using an embedding lookup table.
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3.3.1 Task Conditioned Transformer

Our task conditioned Transformer architecture is based on one simple concept. We either
add conditional layers or modulate existing pretrained weights using a task representation
by extending Feature Wise Linear Modulation [147] functions in several ways depending on
the Transformer layer. We define our framework below.

Definition 6 (Conditional Weight Transformations) Given a neural network weight ma-
trix W, we compute transformations of the form φ(W|zi) = γi(zi)W + βi(zi), where γi and
βi are learned functions that transform the weights based on a learned vector embedding zi,
for task i.

Definition 7 (Conditionally Adaptive Learning) In our setting, Conditionally Adap-
tive Learning is the process of learning a set of φs for the conditionally adaptive modules
presented below along with a set of task embedding vectors zi for T tasks, using a multi-task
loss (see equation 3.1).

In the subsections that follow: We introduce a new Transformer Attention Module using
block-diagonal Conditional Attention that allows the original query-key based attention to
account for task-specific biases (section 3.3.1). We propose a new Conditional Alignment
method that aligns the data of diverse tasks and that performs better than its unconditioned
and higher capacity predecessor (section 3.3.1). We adapt layer normalization statistics to
specific tasks using a new Conditional Layer Normalization module (section 3.3.1). We add
a Conditional Bottleneck that facilitates weight sharing and task-specific information flow
from lower layers (section 3.3.1). In our experiments we provide an ablation study of these
components (Table 3.1) examining performance in terms of GLUE scores.

Conditional Attention

Given d, the input dimensions, the query Q, the key K, and the value V as defined in [45],
we redefine the attention operation:

Attention(Q,K,V, zi)) = softmax
M(zi) + QKT

√
d

V
M(zi) =

N⊕
n=1

A′n(zi), A′n(zi) = Anγi(zi) + βi(zi)
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Figure 3.2 Conditional Attention
Module

where ⊕ is the direct sum operator (see section 3.7.6), N is
the number of block matrices An ∈ R(L/N)×(L/N) along the
diagonal of the attention matrix, L is the input sequence,
M(zi) = diag(A′1, . . . , A′N) is a block diagonal conditional
matrix. Note that An is constructed using L/N trainable
and randomly initialized L/N dimensional vectors. While
the original attention matrix depends on the hidden states
h, M(zi) is a learnable weight matrix that only depends
on the task embedding zi ∈ Rd. γi, βi : Rd 7→ RL2/N2

are Feature Wise Linear Modulation [147] functions. We
also experimented with full-block Conditional Attention
∈ RL×L. Not only did it have N2 more parameters com-
pared to the block-diagonal variant, but it also performed
significantly worse on the GLUE development set (see FBA variant in Table 3.10). It is pos-
sible that GLUE tasks derive a certain benefit from localized attention that is a consequence
of M(zi). With M(zi), each element in a sequence can only attend to other elements in its
subsequence of length L/N . In our experiments we used N = d/L. The full Conditional
Attention mechanism used in our experiments is illustrated in Figure 3.2.

Conditional Alignment

[144] showed that in MTL having T separate alignment modules R1, . . . , RT increases
BERTLARGE avg. scores on five GLUE tasks (CoLA, MRPC, QNLI, RTE, SST-2) by 2.35%.
Inspired by this work, we found that adding a task conditioned alignment layer between
the input embedding layer and the first BERT Transformer layer improved multi-task model
performance. However, instead of having T separate alignment matrices Ri for each T task,
one alignment matrix R̂ is generated as a function of the task embedding zi. As in [144],
we tested this module on the same five GLUE tasks and with BERTLARGE. Enabling task
conditioned weight sharing across covariance alignment modules allows us to outperforms
BERTLARGE by 3.61%. This is 1.26 % higher than having T separate alignment matrices.
Inserting R̂ into BERT, yields the following encoder function f̂ :

f̂ =
T∑
t=1

gθi
(E(xi)R̂(zi)B), R̂(zi) = Rγi(zi) + βi(zi) (3.2)

where xi ∈ Rd is the layer input, gθi
is the decoder head function for task i with weights

θi, E the frozen BERT embedding layer, B the BERT Transformer layers and R the linear
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weight matrix of a single task conditioned alignment matrix. γi, βi : Rd 7→ Rd are Feature
Wise Linear Modulation functions.

Conditional Layer Normalization (CLN)

We extend the Conditional Batch Normalization idea from [148] to Layer Normalization [149].
For task Ti, i ∈ {1, . . . , T}:

hi = 1
σ
� (ai − µ) ∗ γ̂i(zi) + βi(zi), γ̂i(zi) = γ ′γi(zi) + β′ (3.3)

where hi is the CLN output vector, ai are the preceding layer activations associated with task
i, µ and σ are the mean and the variance of the summed inputs within each layer as defined
in [149]. Conditional Layer Normalization is initialized with BERT’s Layer Normalization
affine transformation weights and bias γ ′ and β′ from the original formulation: h = 1

σ
� (a−

µ) ∗ γ ′ + β′. During training, the weight and bias functions of γi(∗) and βi(∗) are always
trained, while the original Layer Normalization weight may be kept fixed. This module was
added to account for task specific rescaling of individual training cases. Layer Normalization
normalizes the inputs across features. The conditioning introduced in equation 3.3.1 allows
us to modulate the normalization’s output based on a task’s latent representation.

Conditional Bottleneck

Figure 3.3 a) Conditional Bottleneck
for CA-MTLBASE. b) Conditional Bot-
tleneck for CA-MTLLARGE.

We created a task conditioned two layer feed-forward
bottleneck layer (CFF up/down in Figure 3.3). The
conditional bottleneck layer follows the same trans-
formation as in equation 3.2. The module in Figure
3.3a is added to the top most Transformer layers of
CA-MTLBASE and uses a CLN. For CA-MTLLARGE

this module is the main building block of the skip con-
nection added alongside all Transformer layers seen in
Figure 3.3b. The connection at layer j takes in the
matrix sum of the Transformer layer output at j and
the previous connection’s output at j − 1. The Con-
ditional bottleneck allows lower layer information to
flow upwards depending on the task. Our intuition
for introducing this component is related to recent studies [53] that showed that the “most
important layers for a given task appear at specific positions”. As with the other modules
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described so far, each task adaptation is created from the weights of a single shared adapter
that is modulated by the task embedding.

3.3.2 Multi-Task Uncertainty Sampling

MT-Uncertainty Sampling is a task selection strategy that is inspired by Active Learning
techniques. Our algorithm 2 is outlined in the Appendix, Section 3.7.2. Similar to Active
Learning, our algorithm first evaluates the model uncertainty. MT-Uncertainty Sampling
uses Shannon Entropy, an uncertainty measure, to choose training examples by first doing
forward pass through the model with b × T input samples. For an output classification
prediction with Ci possible classes and probabilities (pi,1, . . . , pi,Ci

), the Shannon Entropy
Hi, for task Ti and i ∈ {1, . . . , T}, our uncertainty measure U (x) are given by:

Hi = Hi(fφ(zi),θi
(x)) = −

Ci∑
c=1

pc log pc, U (xi) = Hi(fφ(zi),θi
(x))

Ĥ ×H ′i
(3.4)

Ĥ = max
i∈{1,...,T}

H̄i = max
1
b

∑
x∈xi

Hi

, H ′i = −
Ci∑
c=1

1
Ci

log
 1
Ci

 (3.5)

where H̄i is the average Shannon Entropy across b samples of task t, H ′i, the Shannon
entropy of choosing classes with uniform distribution and Ĥ, the maximum of each task’s
average entropy over b samples. H ′i is normalizing factor that accounts for differing number
of prediction classes (without the normalizing factor H ′i, tasks with a binary classification
Ci = 1 were rarely chosen). Further, to limit high entropy outliers and to favor tasks with
highest uncertainty, we normalize with Ĥ. The measure in eq. 3.4 allows Algorithm 2 to
choose b samples from b× T candidates to train the model.

3.4 Related Work

Multi-Tasking in NLP. To take advantage of the potential positive transfer of knowledge
from one task to another, several works have proposed carefully choosing which tasks to
train as an intermediate step in NLP before single task fine-tuning [6, 143, 150–153]. The
intermediate tasks are not required to perform well and are not typically evaluated jointly.
In this work, all tasks are trained jointly and all tasks used are evaluated from a single
model. In Natural Language Understanding (NLU), it is still the case that to get the best
task performance one often needs a separate model per task [154,155]. At scale, Multilingual
NMT systems [156] have also found that MTL model performance degrades as the number of
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tasks increases. We notice a similar trend in NLU with our baseline MTL model. Recently,
approaches in MTL have tackled the problem by designing task specific decoders on top
of a shared model [4] or distilling multiple single-task models into one [154]. Nonetheless,
such MTL approaches still involves single task fine-tuning. In this paper, we show that it is
possible to achieve high performance in NLU without single task fine-tuning.

Adapters. Adapters are trainable modules that are attached in specific locations of a pre-
trained network. They provide another promising avenue to limit the number of parameters
needed when confronted with a large number of tasks. This approach is useful with pretrained
MLM models that have rich linguistic information [52, 53, 136, 157]. Recently, [3] added an
adapter to a pretrained BERT model by fine-tuning the layer norms and adding feed forward
bottlenecks in every Transformer layer. However, such methods adapt each task individually
during the fine-tuning process. Unlike prior work, our method harnesses the vectorized rep-
resentations of tasks to modularize a single pretrained model across all tasks. [2] and [158]
also mix both MTL and adapters with BERT and T5 encoder-decoder [159] respectively by
creating local task modules that are controlled by a global task agnostic module. The main
drawback is that a new set of non-shared parameters must be added when a new task is
introduced. CA-MTL shares all parameters and is able to re-modulate existing weights with
a new task embedding vector.

Active Learning, Task Selection and Sampling. Our sampling technique is similar to
the ones found in several active learning algorithms [160] that are based on Shannon entropy
estimations. [161] and [162] examined Multi-Task Active Learning (MTAL), a technique that
chooses one informative sample for T different learners (or models) for each T tasks. Instead
we choose T tasks samples for one model. Moreover, the algorithm weights each sample by
the corresponding task score, and the Shannon entropy is normalized to account for various
losses (see equation 3.5). Also, our algorithm is used in a large scale MTL setup (� 2 tasks).
Recently, [39] explored task selection in MTL using learning policies based on counterfactual
estimations [163]. However, such method considers only fixed stochastic parameterized poli-
cies while our method adapts its selection criterion based on model uncertainty throughout
the training process.

3.5 Experiments and Results

We show that our adapter of section 3.3 achieve parameter efficient transfer for 26 NLP tasks.
Our implementation of CA-MTL is based on HuggingFace [164]. Hyperparameters and our
experimental set-up are outlined in 3.7.5. To preserve the weights of the pretrained model,
CA-MTL’s bottom half Transformer layers are frozen in all experiments (except in section
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3.5.4). We also tested different layer freezing configurations and found that freezing half the
layers worked best on average (see Section 3.7.8).

3.5.1 Multi-Task Uncertainty Sampling
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Figure 3.4 MT-Uncertainty vs. other task sampling
strategies: median dev set scores on 8 GLUE tasks
and using BERTBASE. Data for the Counterfactual
and Task Size policy π|task| (eq. 3.6) is from [39].

Our MT-Uncertainty sampling strategy,
from section 3.3.2, is compared to 3
other task selection schemes: a) Coun-
terfactual b) Task size c) Random. We
used a BERTBASE (no adapters) on 200k
iterations and with the same hyperpa-
rameters as in [39]. For more informa-
tion on Counterfactual task selection,
we invite the reader to consult the full
explanation in [39]. For T tasks and the
dataset Di for tasks i ∈ {1, . . . , T}, we
rewrite the definitions of Random πrand

and Task size π|task| sampling:

πrand = 1/T, π|task| = |Di|

 T∑
i=1
|Di|

−1

(3.6)
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Figure 3.5 CoLA/MNLI Dev set scores and Entropy
for πrand (left) and MT-Uncertainty (right).

In Figure 3.4, we see from the results
that MT-Uncertainty converges faster
by reaching the 80% average GLUE
score line before other task sampling
methods. Further, MT-Uncertainty
maximum score on 200k iterations is at
82.2, which is 1.7% higher than Coun-
terfactual sampling. The datasets in the
GLUE benchmark offers a wide range
of dataset sizes. This is useful to test
how MT-Uncertainty manages a jointly
trained low resource task (CoLA) and
high resource task (MNLI). Figure 3.5 explains how catastrophic forgetting is curtailed by
sampling tasks before performance drops. With πrand, all of CoLA’s tasks are sampled by
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iteration 500, at which point the larger MNLI dataset overtakes the learning process and
CoLA’s dev set performance starts to diminish. On the other hand, with MT-Uncertainty
sampling, CoLA is sampled whenever Shannon entropy is higher than MNLI’s. The model
first assesses uncertain samples using Shannon Entropy then decides what data is necessary
to train on. This process allows lower resource tasks to keep performance steady. We provide
evidence in Figure 3.8 of 3.7.2 that MT-Uncertainty is able to manage task difficulty — by
choosing the most difficult tasks first.

3.5.2 Ablation and Module Analysis

Table 3.1 Model ablation studya on the GLUE dev set.
All models have the bottom half layers frozen.

Model changes
Avg Task σ % data

GLUE GLUE used
BERTBASE MTL (πrand) 80.61 14.41 100
+ Conditional Attention 82.41 10.67 100
+ Conditional Adapter 82.90 11.27 100
+ CA and CLN 83.12 10.91 100
+ MT-Uncertainty

84.03 10.02 66.3
(CA-MTLBERT-BASE)

aCA=Conditional Alignment, CLN=Conditional Layer Normaliza-
tion, Task σ=scores standard deviation across tasks.

In Table 3.1, we present the results
of an ablation study to determine
which elements of CA-MTLBERT-BASE

had the largest positive gain on aver-
age GLUE scores. Starting from a MTL
BERTBASE baseline trained using ran-
dom task sampling (πrand). Apart for
the Conditional Adapter, each module
as well as MT-Uncertainty lift overall
performance and reduce variance across
tasks. Please note that we also included
accuracy/F1 scores for QQP, MRPC
and Pearson/ Spearman correlation for STS-B to calculate score standard deviation Task
σ. Intuitively, when negative task transfer occurs between two tasks, either (1) task interfer-
ence is bidirectional and scores are both impacted, or (2) interference is unidirectional and
only one score is impacted.

Figure 3.6 Task performance vs. avg. covariance sim-
ilarity scores (eq. 3.7) for MTL and CA-MTL.

We calculate Task σ to characterize
changes in the dynamic range of per-
formance across multiple tasks. We do
this to asses the degree to which per-
formance improvements are distributed
across all tasks or only subsets of tasks.
As we can see from Table 3.1, Con-
ditional Attention, Conditional Align-
ment, Conditional Layer Normalization,
MT-Uncertainty play roles in reducing
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Task σ and increasing performance across tasks. This provides partial evidence of CA-
MTL’s ability to mitigating negative task transfer. We show that Conditional Alignment
can learn to capture covariate distribution differences with task embeddings co-learned from
other adapter components of CA-MTL. In Figure 3.6, we arrive at similar conclusions as [144],
who proved that negative task transfer is reduced when task covariances are aligned. The
authors provided a “covariance similarity score” to gauge covariance alignment. For task
i and j with mi and mj data samples respectively, and given d dimensional inputs to the
first Transformer layer Xi ∈ Rmi×d and Xj ∈ Rmj×d, we rewrite the steps to calculate the
covariance similarity score between task i and j: (a) Take the covariance matrix X>i Xi, (b)
Find its best rank-ri approximation Ui,ri

Di,ri
U>i,ri

, where ri is chosen to contain 99% of the
singular values. (c) Apply steps (a), (b) to Xj, and compute the covariance similarity score
CovSimi,j:

CovSimi,j :=
‖(Ui,ri

D
1/2
i,ri

)>Uj,rj
D

1/2
j,rj
‖

F

‖Ui,ri
D

1/2
i,ri
‖

F
· ‖Uj,rj

D
1/2
j,rj
‖

F

. CovSimi = 1
T − 1

∑
j 6=i

CovSimi,j (3.7)

Since we are training models with T tasks, we take the average covariance similarity score
CovSimi between task i and all other tasks. We measure CovSimi using equation 3.7
between 9 single-task models trained on individual GLUE tasks. For each task in Figure 3.6,
we measure the similarity score on the MTL trained BERTBASE baseline, e.g., CoLA (MTL),
or CA-MTLBERT-BASE model, e.g., MNLI (CA-MTL). Our score improvement measure is the
% difference between a single task model and MTL or CA-MTL on the particular task. We
find that covariance similarity increases for 9 tasks and that performance increases for 7 out
9 tasks. These measurements confirm that the Conditional Alignment is able to align task
covariance, thereby helping alleviate task interference.

3.5.3 Jointly training on 8 tasks: GLUE

In Table 3.2, we evaluate the performance of CA-MTL against single task fine-tuned models,
MTL as well as the other BERT-based adapters on GLUE. As in [3], MNLIm and MNLImm

are treated as separate tasks. Our results indicate that CA-MTL outperforms both the BASE
adapter, PALS+Anneal Sampling [2], and the LARGE adapter, Adapters-256 [3]. Against
single task (ST) models, CA-MTL is 1.3% higher than BERTBASE, with 5 out 9 tasks equal or
greater performance, and 0.7% higher than BERTLARGE, with 3 out 9 tasks equal or greater
performance. ST models, however, need 9 models or close to 9× more parameters for all 9
tasks. We noted that CA-MTLBERT-LARGE’s average score is driven by strong RTE scores.
While RTE benefits from MTL, this behavior may also be a side effect of layer freezing. In
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Table 3.2 Adapters with layer freezing vs. ST/MT on GLUE test set. F1 scores are reported for
QQP/MRPC, Spearman’s correlation for STS-B, accuracy on the matched/mismatch sets for MNLI,
Matthew’s correlation for CoLA and accuracy for other tasks. * Individual scores not available.
ST=Single Task, MTL=Multitask, g.e.= greater or equal to. Results from: 1 [1] 2 [2]. 3 [3] .

Method Type Total Trained # tasks GLUE
params params/task g.e. ST CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B Avg

Base Models — Test Server Results
BERTBASE

1 ST 9.0× 100% — 52.1 84.6/83.4 88.9 90.5 71.2 66.4 93.5 85.8 79.6
BERTBASE

2 MTL 1.0× 11.1% 2 51.2 84.0/83.4 86.7 89.3 70.8 76.6 93.4 83.6 79.9
PALs+Anneal Samp.2 MTL 1.13× 12.5% 4 51.2 84.3/83.5 88.7 90.0 71.5 76.0 92.6 85.8 80.4

CA-MTLBERT-BASE (ours) MTL 1.12× 5.6 % 5 53.1 85.9/85.8 88.6 90.5 69.2 76.4 93.2 85.3 80.9
Large Models — Test Server Results

BERTLARGE
1 ST 9.0× 100% — 60.5 86.7/85.9 89.3 92.7 72.1 70.1 94.9 86.5 82.1

Adapters-2563 ST 1.3× 3.6% 3 59.5 84.9/85.1 89.5 90.7 71.8 71.5 94.0 86.9 80.0
CA-MTLBERT-LARGE (ours) MTL 1.12× 5.6% 3 59.5 85.9/85.4 89.3 92.6 71.4 79.0 94.7 87.7 82.8

Table 3.10, we see that CA-MTL has gains over ST on more and more tasks as we gradually
unfreeze layers.

3.5.4 Transfer to New Tasks

Table 3.3 Domain adaptation results on dev. sets for
BASE models. 1 [4], 2 [5]

% data used
SciTail SNLI

0.1% 1% 10% 100% 0.1% 1% 10% 100%
BERTBASE

1 51.2 82.2 90.5 94.3 52.5 78.1 86.7 91.0
MT-DNN1 81.9 88.3 91.1 95.7 81.9 88.3 91.1 95.7
MT-DNNSMART

2 82.3 88.6 91.3 96.1 82.7 86.0 88.7 91.6
CA-MTLBERT 83.2 88.7 91.4 95.6 82.8 86.2 88.0 91.5

In Table 3.3 we examine the ability of
our method to quickly adapt to new
tasks. We performed domain adap-
tation on SciTail [30] and SNLI [29]
datasets, using a CA-MTLBASE model
trained on GLUE and a new linear de-
coder head. We tested several pre-
trained and randomly initialized task embeddings in a zero-shot setting. The complete set of
experiments with all task embeddings can be found in the Appendix, Section 3.7.4. We then
selected the best task embedding for our results in Table 3.3. STS-B and MRPCMTL-trained
task embeddings performed best on SciTail and SNLI respectively. CA-MTLBERT-BASE has
faster adaptation than MT-DNNSMART [5] as evidenced by higher performances in low-
resource regimes (0.1% and 1% of the data). When trained on the complete dataset,
CA-MTLBERT-BASE is on par with MT-DNNSMART. Unlike MT-DNNSMART however, we do
not add context from a semantic similarity model – MT-DNNSMART is built off HNN [165].
Nonetheless, with a larger model, CA-MTL surpasses MT-DNNSMART on the full SNLI and
SciTail datasets in Table 3.6.
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3.5.5 Jointly training on 24 tasks: GLUE/Super-GLUE, MRQA andWNUT2017

Effects of Scaling Task Count. In Figure 3.7 we continue to test if CA-MTL mitigates task
interference by measuring GLUE average scores when progressively adding 9 GLUE tasks, 8
Super-GLUE tasks [15], 6 MRQA tasks [22]. Tasks are described in Appendix section 3.7.9.
The results show that adding 23 tasks drops the performance of our baseline MTL BERTBASE

(πrand).

Figure 3.7 Effects of adding more datasets on
avg GLUE scores. Experiments conducted on 3
epochs. When 23 tasks are trained jointly, per-
formance of CA-MTLBERT-BASE continues to im-
prove.

MTL BERT increases by 4.3% when adding
MRQA but, with 23 tasks, the model per-
formance drops by 1.8%. The opposite is
true when CA-MTL modules are integrated
into the model. CA-MTL continues to show
gains with a large number of tasks and sur-
passes the baseline MTL model by close to
4% when trained on 23 tasks.

24-task CA-MTL. We jointly trained
large MTL baselines and CA-MTL models
on GLUE/Super-GLUE/MRQA and Named
Entity Recognition (NER) WNUT2017
[166]. Since some dev. set scores
are not provided and since RoBERTa re-
sults were reported with a median score over 5 random seeds, we ran our
own single seed ST/MTL baselines (marked “ReImp”) for a fair comparison.

Table 3.4 24-task CA-MTL vs. ST and vs. 24-task MTL
with frozen layers on GLUE, SuperGLUE, MRQA and NER
development sets. ST=Single Task, MTL=Multitask, g.e.=
greater or equal to. Details in section 3.7.5.

Model
Task Grouping

Avg
# tasks Total

GLUE SuperGLUE MRQA NER e.g. ST Params
BERT-LARGE models
STReImp 84.5 68.9 79.7 54.1 76.8 — 24×
MTLReImp 83.2 72.1 77.8 42.2 76.4 9/24 1×
CA-MTL 86.6 74.1 79.5 49.0 79.1 17/24 1.12×
RoBERTa-LARGE models
STReImp 88.2 76.5 83.6 57.8 81.9 — 24×
MTLReImp 86.0 78.6 80.7 49.3 80.7 7/24 1×
CA-MTL 89.4 80.0 82.4 55.2 83.1 15/24 1.12×

The dev. set numbers reported in [7]
are displayed with our baselines in
Table 3.9. Results are presented in
Table 3.4. We notice in Table 3.4
that even for large models, CA-MTL
provides large gains in performance
on average over both ST and MTL
models. For the BERT based mod-
els, CA-MTL provides 2.3% gain over
ST and higher scores on 17 out 24
tasks. For RoBERTa based models,
CA-MTL provides 1.2% gain over ST
and higher scores on 15 out 24 tasks. We remind the reader that this is achieved with a
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single model. Even when trained with 16 other tasks, it is interesting to note that the MTL
baseline perform better than the ST baseline on Super GLUE where most tasks have a small
number of samples. Also, we used NER to test if we could still outperform the ST baseline
on a token-level task, significantly different from other tasks. Unfortunately, while CA-MTL
performs significantly better than the MTL baseline model, CA-MTL had not yet overfit on
this particular task and could have closed the gap with the ST baselines with more training
cycles.

Table 3.5 Our 24-task CA-MTL vs. other large models on GLUE. F1 is
reported for QQP/MRPC, Spearman’s corr. for STS-B, Matthew’s corr.
for CoLA and accuracy for other tasks. *Split not available. **Uses
intermediate task fine-tuning + ST.

Model
GLUE tasks

Avg
CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B

BERT-LARGE based models on Dev set.
MT-DNN 63.5 87.1/86.7 91.0 92.9 89.2 83.4 94.3 90.6 85.6
STILTS ** 62.1 86.1* 92.3 90.5 88.5 83.4 93.2 90.8 85.9
BAM! 61.8 87.0* – 92.5 – 82.8 93.6 89.7 –
24-task CA-MTL 63.8 86.3/86.0 92.9 93.4 88.1 84.5 94.5 90.3 86.6
RoBERTa-LARGE based models on Test set.
RoBERTA** with

67.8 91.0/90.8 91.6 95.4 74.0 87.9 97.5 92.5 87.3
Ensemble
24-task CA-MTL 62.2 89.0/88.4 92.0 94.7 72.3 86.2 96.3 89.8 85.7

Comparisons with other
methods. In Table 3.5,
CA-MTLBERT is compared
to other Large BERT based
methods that either use
MTL + ST, such as MT-
DNN [4], intermediate tasks
+ ST, such as STILTS [6]
or MTL model distillation +
ST, such as BAM! [154]. Our
method scores higher than
MT-DNN on 5 of 9 tasks and
by 1.0 % on avg. Against STILTS, CA-MTL realizes a 0.7 % avg. score gain, surpassing
scores on 6 of 9 tasks. We also show that CA-MTLRoBERTa is within only 1.6 % of a RoBERTa
ensemble of 5 to 7 models per task and that uses intermediate tasks. Using our 24-task CA-
MTL large RoBERTa-based model, we report NER F1 scores on the WNUT2017 test set in
Table 3.6a. We compare our result with RoBERTaLARGE and XLM-RLARGE [167] the cur-
rent state-of-the-art (SOTA). Our model outperforms XLM-RLARGE by 1.6%, reaching a new
state-of-the-art. Using domain adaptation as described in Section 3.5.4, we report results on
the SciTail test set in Table 3.6b and SNLI test set in Table 3.6c. For SciTail, our model
matches the current SOTA2 ALUM [168], a RoBERTa large based model that additionally
uses the SMART [5] fine-tuning method. For SNLI, our model outperforms SemBert, the
current SOTA3.

2https://leaderboard.allenai.org/scitail/submissions/public on 09/27/2020
3https://nlp.stanford.edu/projects/snli/ on 09/27/2020
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Table 3.6 CA-MTL test performance vs. SOTA.

3.6 Conclusion

We believe that our experiments here have helped demonstrate the potential of task condi-
tioned adaptive learning within a single model that performs multiple tasks. In a large-scale
24-task NLP experiment, CA-MTL outperforms fully tuned single task models by 2.3% for
BERT Large and by 1.2% for RoBERTa Large using 1.12 times the number of parameters,
while single task fine-tuning approach requires 24 separately tuned single task models or 24
times the number of parameters. When a BERT vanilla MTL model sees its performance
drop as the number of tasks increases, CA-MTL scores continue to climb. Performance
gains are not driven by a single task as it is often the case in MTL. Each CA-MTL module
that adapts a Transformer model is able to reduce performance variances between tasks, in-
creasing average scores and aligning task covariances. This evidence shows that CA-MTL is
able to mitigate task interference and promote more efficient parameter sharing. We showed
that MT-Uncertainty is able to avoid degrading performances of low resource tasks. Tasks
are sampled whenever the model sees entropy increase, helping avoid catastrophic forgetting.
Overall, CA-MTL offers a promising avenue to dynamically adapt and modularize knowledge
embedded in large monolithic pretrained models. Extending such ideas will be an objective
for future work.
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3.7 Appendix from ICLR 2021 Paper

3.7.1 Summary of Acronyms

Acronyms of datasets and descriptions can be found below in section 3.7.9.

Table 3.7 List of acronyms used in this paper.

Acronym Description
ARLM Autoregressive Language Models
CA-MTL Conditional Adaptive Multi-Task Learning: our architecture
CFF Conditional Feed-Forward: a feed-forward layer modulated by a conditioning vector
CLN Conditional Layer Normalization in section 3.3.1
EDM Evolutionary Data Measures [169]: a task difficulty estimate
GLUE General Language Understanding Evaluation [8]: a benchmark with multiple datasets
QA Question Answering
MT Multi-Task
MTAL Multi-Task Active Learning: finding the most informative instance for multiple learners (or models)
MLM Masked Language Model: BERT [1] is an example of an MLM
MTL Multi-Task Learning: "learning tasks in parallel while using a shared representation" [60]
MRQA Machine Reading for Question Answering [22]: a benchmark with multiple datasets
NER Named Entity Recognition
NLP Natural Language Processing
SOTA State of the art
ST Single Task fine-tuning: all weights are typically updated
ST-A ST with Adapter modules: one adapter per task is trained and pretrained weights are optionally updated

3.7.2 Uncertainty Sampling: Algorithm and Additional Results

Algorithm 2: Multi-task Uncertainty Sampling
Input: Training data Dt for task t ∈ [1, . . . , T ]; batch size b; Ct possible output

classes for task t; f := fφ(zi),θi
our model with weights φ, θi;

Output: B′ - multi-task batch of size b
B ← ∅
for t← 1 to T do

Generate xt := {xt,1, . . . , xt,b} i.i.d.∼ Dt

for i← 1 to b do
Ht,i ← −

∑Ci
c=1 pc(f(xt,i)) log pc(f(xt,i)) . Entropy of each sample

end
Compute H̄t ← 1

b

∑
x∈xi
Ht,i . Average entropy for task t

Compute H ′t ← −
∑Ct
c=1

1
Ct

log
[

1
Ct

]
. Max entropy (uniform distribution)

B ← B ∪ xt and Dt ← Dt \ xt
if Dt = ∅ then

Reload Dt

end
for i← 1 to b do

Compute: Ut,i ← Ht,i/H
′
t . Uncertainty normalized with max entropy

end
end
Compute Ĥ ← maxi∈{1,...,T}[H̄t] . Entropy of task with highest average entropy

Update Ut,i ← Ut,i/Ĥ . Normalize each sample’s uncertainty measure

B′ ← top_b({Ut,i|t ∈ [1, . . . , T ], i ∈ [1, . . . , b]}) . b samples w/ highest uncertainty

Return: With B′, solve eq. 3.1 with gradient descent; updated model f
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An advantage of our MT-Uncertainty Sampling approach is its ability to manage task diffi-
culty. This is highlighted in Figure 3.8. In this experiment, we estimated task difficulty using
the Evolutionary Data Measures (EDM)4 proposed by [169]. The task difficulty estimate re-
lies on multiple dataset statistics such as the data size, class diversity, class balance and class
interference. Interestingly, estimated task difficulty correlates with the first instance that the
selection of a specific task occurs. Supposing that QNLI is an outlier, we notice that peaks in
the data occur whenever tasks are first selected by MT Uncertainty sampling. This process
follows the following order: 1. MNLI 2. CoLA 3. RTE 4. QQP 5. MRPC 6.SST-2, which
is the order from highest task difficulty to lowest task difficulty using EDM. As opposed to
Curriculum Learning [170], MT-Uncertainty dynamically prioritizes the most difficult tasks.
As also discovered in MTL vision work [171], this type of prioritization on more difficult tasks
may explain MT-Uncertainty’s improved performance over other task selection methods. In
MTL, heuristics to balance tasks during training is typically done by weighting each task’s
loss differently. We see here how MT-Uncertainty is able to prioritize task difficulty.
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Figure 3.8 Task composition of MT-Uncertainty sampling and estimated task difficulty using EDM:
number of training samples per task at each iteration for batch size of 32. The occurrence of first
peaks and estimated difficulty follow the same order: From highest to lowest: MNLI > CoLA >
RTE > QQP = MRPC > SST-2.

While the EDM difficulty measure is shown to correlate well with model performance, it lacks
precision. As reported in [169], the average score achieved on the Yahoo Answers dataset is
69.9% and its difficulty is 4.51. The average score achieved on Yelp Full is 56.8%, 13.1% less
than Yahoo Answers and its difficulty is 4.42. The authors mention that “This indicates that
the difficulty measure in its current incarnation may be more effective at assigning a class of
difficulty to datasets, rather than a regression-like value”.

4https://github.com/Wluper/edm
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3.7.3 Other Related Work

Multi-Tasking in NLP and other fields. MTL weight sharing algorithms such as
Mixture-of-Experts (MoE) have found success in NLP [172]. CA-MTL can complement MoE
since the Transformers multi-headed attention can be seen as a form of MoE [173]. In Vision,
MTL can also improve with optimization [174] or gradient-based approaches [145,175].

Active Learning, Task Selection and Sampling. [162] examined multi-task active learn-
ing for neural semantic role labeling in a low resource setting, using entity recognition as the
sole auxiliary task. They used uncertainty sampling for active learning and found that 12%
less data could be used compared to passive learning. [161] has examined different active
learning techniques for the two task annotation scenario, focusing on named entity recogni-
tion and syntactic parse tree annotations. In contrast, here we examine the larger scale data
regime, the modularization of a multi-task neural architecture, and the many task (� 2) set-
ting among other differences. Other than MTAL [161,162], [176] leveraged model uncertainty
to balance MTL losses but not to select tasks as is proposed here.

3.7.4 Zero-Shot Results on SciTail and SNLI

Before testing models on domain adaptation in section 3.5.4, we ran zero-shot evaluations
on the development set of SciTail and SNLI. Table 3.8 outlines 8-task CA-MTLBERT-BASE’s
zero-shot transfer abilities when pretrained on GLUE with our MTL approach. We expand
the task embedding layer to accommodate an extra task and explore various embedding
initialization. We found that reusing STS-B and MRPC task embeddings worked best for
SciTail and SNLI respectively.

3.7.5 More Experimental Details

We used a batch size of 32 and a seed of 12 in all experiments. We used Adam [177] as
the optimizer with a learning rate of 2e-5. We applied a learning rate decay with warm up
over the first 10% of the training steps. Unless otherwise specified, we used 5 epochs, a seed
of 12 and a sequence length of 128. Additional details are outlined in section . Our data
prepossessing and linear decoder heads are the same as in [1]. We used the same dropout
rate of 0.1 in all layers. To run our experiments, we used either four NVIDIA P100 GPU
for base models or four NVIDIA V100 GPU for larger ones. We did not perform parameter
search. We do not use ensemble of models or task-specific tricks [1, 4, 154]. All models are
either 12 Transformer layers for BASE and 24 Transformer layers for LARGE. Apart from
CA-MTL, models trained in multi-task learning (BERT or RoBERTa without adapters) used
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Table 3.8 CA-MTL is flexible and extensible to new tasks. However, CA-MTL is sensitive to the
new task’s embedding. We tested multiple task embeddings that worked best on either SciTail or
SNLI by checking performance in a zero shot setting or using 0% of the data.

Initialization of new SciTail SNLI
task embedding layer 0% of data 0% of data
CoLA’s embeddings 43.0 34.0
MNLI’s embeddings 24.2 33.0
MRPC’s embeddings 34.5 45.5
STS-B’s embeddings 46.9 33.2
SST-2’s embeddings 25.8 34.2
QQP’s embeddings 31.7 37.3
QNLI’s embeddings 32.0 38.0
RTE’s embeddings 32.3 40.6
WNLI’s embeddings 29.0 30.4
Average 28.7 37.7
Random initialization 46.8 34.0
Xavier initialization 29.8 37.6

random task sampling. For Table 3.1 and Figure 3.7, all BERT-based model have half their
layers frozen (untrained) for a fair comparison of ablation results. For the 24-task MTL and
CA-MTL models in Tables 3.4 and 3.5, we increased the input sequence length to 256 and
used 8 epochs.

3.7.6 The Direct Sum Operator

In section 3.3.1, we used the direct sum operator ⊕. This operation allows us to create a
block diagonal matrix. The direct sum of a matrix A ∈ Rn×m and B ∈ Rp×q results in a
matrix of size (m+ p)× (n+ q), defined as:

A⊕B =
A 0

0 B

 =



a11 · · · a1n 0 · · · 0
... . . . ... ... . . . ...
am1 · · · amn 0 · · · 0
0 · · · 0 b11 · · · b1q
... . . . ... ... . . . ...
0 · · · 0 bp1 · · · bpq


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3.7.7 Baselines and Other Experimental Results

In this section, we present our baseline results for BERT, RoBERTa, CA-MTL as well as other
models. Our single task results (ST) that we ran ourselves surpass other paper’s reported
scores in Table 3.9. [7] reports random seed median scores for RoBERTa. However, our
RoBERTa ST baseline matches or surpasses the original paper’s scores 4 out 7 times
on the development set when scores are comparable (QQP F1 and STS-B spearman are not
reported).

Table 3.9 F1 scores are reported for QQP/MRPC, Spearman’s correlation for STS-B, accuracy
on the matched/mismatch sets for MNLI, Matthew’s correlation for CoLA and accuracy for other
tasks. ST=Single Task, MTL=Multitask. *QNLI v1 (we report v2) **F1 score or Spearman’s
correlation is not reported. ***Unknown random seeds. Results from: 1 [2] 2 [4] 3 [6] 4 [7].

Method Total Trained GLUE
params params/task CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B Avg

Base Models — Dev set Results
PALs+Anneal Samp.1 1.13× 12.5% – – – – – – – – 81.70

8-task CA-MTLBERT-BASE (ours) 1.12× 5.6% 60.9 82.7/83.1 88.9 90.7 90.3 79.1 91.9 88.8 84.03
BERT LARGE Models — Dev set Results

ST BERT-LARGE2 9× 100% 60.5 86.7/85.9 89.3 92.7* 89.3 70.1 94.9 86.5 84.0
ST BERT-LARGE3 9× 100% 62.1 86.2/86.2 92.3 89.4 88.5 70.0 92.5 90.1 84.1

ST BERT-LARGE (ours) 9× 100% 63.6 86.5/86.0 91.4 91.0 88.5 70.2 94.7 88.2 84.5
24-task CA-MTLBERT-LARGE (ours) 1.12× 5.6% 63.8 86.3/86.0 92.9 93.4 88.1 84.5 94.5 90.3 86.6

RoBERTa LARGE Models — Dev set Results
RoBERTa-LARGE4

9× 100% 68.0 90.2 90.9 94.7 ** 86.6 96.4 ** –(Median 5 runs)***
ST RoBERTa-LARGE (ours) 9× 100% 68.3 89.2/88.9 92.6 94.8 84.6 87.0 96.4 91.7 88.2

24-task CA-MTLRoBERTa-LARGE (ours) 1.12× 5.6% 69.7 89.4/89.3 93.9 94.9 88.8 91.0 96.2 91.0 89.4

3.7.8 Some Results on layer Freezing and with Full Block Attention.

All experiments in this section were run for only 5 epochs, exclusively on the GLUE dataset
for the large BERT-based 8-task CA-MTL model. Results in Table 3.10 reveal that as we
freeze more layers, performance tends to decrease. However, since we wanted to preserve as
much pretrained knowledge as possible, we chose to keep at least 50% of layers frozen. While
this has slightly lowered our performance on 9 GLUE tasks, we believe that keeping as much
of the original pretrained weights is beneficial when increasing the total number of tasks in
MTL to 24 or more tasks. However, we did not explore this hypothesis more.
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Table 3.10 8-task CA-MTLBERT-LARGE (see section 3.5.3) for various layer freezing configura-
tions. F1 scores are reported for QQP/MRPC, Spearman’s correlation for STS-B, accuracy on the
matched/mismatch sets for MNLI, Matthew’s correlation for CoLA and accuracy for other tasks.
FBA = Full Block Attention

Method % frozen # tasks GLUE
layers g.e ST CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B Avg

LARGE Models — Dev set Results
ST BERT-LARGE (ours) 0% — 63.6 86.5/86.0 91.4 91.0 88.5 70.2 93.1 88.2 84.3

CA-MTL 0% 7 60.2 86.2/86.0 92.0 91.5 88.7 76.3 93.3 89.5 84.9
CA-MTL 25% 6 63.7 86.1/85.8 89.1 91.2 88.6 79.7 92.9 88.5 85.1
CA-MTL 50% 3 63.2 85.5/85.5 91.8 90.9 88.3 81.4 93.0 90.1 85.5

CA-MTL FBA 50% 0 60.2 81.7/81.1 88.0 85.8 85.7 78.7 88.6 87.1 81.8

3.7.9 Dataset Description

The datasets that were used for the domain adaptation experiments were SciTail5 6 and
SNLI7. We jointly trained a CA-MTLRoBERTa-LARGE model on 9 GLUE tasks, 8 Super-GLUE8

tasks, 6 MRQA9 tasks, and on WNUT201710 [166].

Table 3.11 GLUE [8] dataset description. References: 1 [9], 2 [10], 3 [11], 4 [12], 5 [13], 6 [8], 7 [14]

Acronym Corpus |Train| Task Domain
CoLA1 Corpus of Linguistic Acceptability 8.5K acceptability miscellaneous
SST-22 Stanford Sentiment Treebank 67K sentiment detection movie reviews
MRPC3 Microsoft Research Paraphrase Corpus 3.7K paraphrase detection news
STS-B4 Semantic Textual Similarity Benchmark 7K textual similarity miscellaneous
QQP Quora Question Pairs 364K paraphrase detection online QA
MNLI5 Multi-Genre NLI 393K inference miscellaneous
RTE6 Recognition Textual Entailment 2.5K inference/entailment news, Wikipedia
WNLI7 Winograd NLI 634 coreference fiction books

All GLUE tasks are binary classification, except STS-B (regression) and MNLI (three classes).
We used the same GLUE data preprocessing as in [1].

SuperGLUE has a more diverse task format than GLUE, which is mostly limited to sentence
and sentence-pair classification. We follow the same preprocessing procedure as in [15]. All
tasks are binary classification tasks, except CB (three classes). Also, WiC and WSC are span
based classification tasks. We used the same modified MRQA dataset and preprocessing steps

5https://allenai.org/data/scitail
6SciTail Leaderbard: https://leaderboard.allenai.org/scitail/submissions/public
7https://nlp.stanford.edu/projects/snli/
8https://super.gluebenchmark.com/tasks
9https://github.com/mrqa/MRQA-Shared-Task-2019

10https://github.com/leondz/emerging_entities_17



52

Table 3.12 Super-GLUE [15] dataset description. References: 1 [16], 2 [17], 3 [18], 4 [19], 5 [20],
6 [15], 7 [21], 8 [14]

Acronym Corpus |Train| Task Domain
BoolQ1 Boolean Questions 9.4K acceptability Google queries, Wikipedia
CB2 CommitmentBank 250 sentiment detection miscellaneous
COPA3 Choice of Plausible Alternatives 400 paraphrase detection blogs, encyclopedia
MultiRC4 Multi-Sentence Reading Comprehension 5.1K textual similarity miscellaneous
ReCoRD5 Reading Comprehension 101K paraphrase detection news

and Commonsense Reasoning
RTE6 Recognition Textual Entailment 2.5K inference news, Wikipedia
WiC7 Word-in-Context 6K word sense disambiguation WordNet, VerbNet
WSC8 Winograd Schema Challenge 554 coreference resolution fiction books

Table 3.13 MRQA [22] dataset description. References: 1 [23], 2 [24], 3 [25], 4 [26], 5 [27], 6 [28]

Acronym Corpus |Train| Task Domain
SQuAD1 Stanford QA Dataset 86.6K crowdsourced questions Wikipedia
NewsQA2 NewsQA 74.2K crowdsourced questions news
TriviaQA3 TriviaQA 61.7K trivia QA web snippets
SearchQA4 SearchQA 117.4K Jeopardy QA web snippets
HotpotQA5 HotpotQA 72.9K crowdsourced questions Wikipedia
Natural Questions6 Natural Questions 104.7K search logs Wikipedia

that were used in [178]. All MRQA tasks are span prediction tasks which seeks to identify
start and end tokens of an answer span in the input text.

Table 3.14 SNLI [29] and SciTail [30] datasets description.

Acronym Corpus |Train| Task Domain
SNLI1 Stanford Natural Language Inference 550.2k inference human-written English sentence pairs
SciTail2 Science and Entailment 23.5K entailment Science question answering

SNLI is a natural inference task where we predict three classes. Examples of three target la-
bels are: Entailment, Contradiction, and Neutral (irrelevant). SciTail is a textual entailment
dataset. The hypotheses in SciTail are created from multiple-choice science exams and the
answer candidates (premise) are extracted from the web using information retrieval tools.
SciTail is a binary true/false classification tasks that seeks to predict whether the premise
entails the hypothesis. The two datasets are used only for domain adaptation in this study
(see section 3.7.4 for the details of our approach).
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CHAPTER 4 GENERAL DISCUSSION

In this thesis, we achieved all our objectives with some limitations presented in Section 5.2.

The main objective of this thesis was to explore the possibility of using MTL alone to out-
perform STL fine-tuning on various NLP tasks. The results in Section 3.5.3 shows that we
were able to achieve this objective. First, we compared our approach to multiple single task
fine-tuned models and recent BERT-based adapters against the GLUE benchmark. In Ta-
ble 3.2, we show that CA-MTL outperforms all other models on both the development and
test sets. Also, our BERT base variant outperforms a single task fine-tuned BERT large
model. Second, we jointly trained a ROBERTA variant of CA-MTL on 24 NLP tasks from
different domains to validate the scalability of our approach. We compared our results to T5
baseline model for classification tasks (Super-GLUE) and SpanBERT for question answer-
ing tasks (MRQA). Our model outperforms T5 base model by 6 percentage points on the
Super-GLUE development set and performs competitively on the MRQA development set
compared to SpanBERT. We think that our sampling algorithm affected our perfomance on
question answering tasks (more detail in Section 5.2).

Our approach is parameter efficient. The performance of our ROBERTA base variant is 2%
higher than a fine-tuned BERT large model that has almost double the parameters count.
Also, it is important to note that a fine-tuning approach requires n-times the total parameter
count, where n is the number of tasks. For example, The GLUE benchmark contains 9 tasks, a
fine-tuning approach will require 9x the parameter count, while CA-MTL only requires 1.12x
since our approach reuse parameters. In the presence of multiple tasks, the efficiency of our
approach shows very useful. Especially in an environment where access to compute resources
is limited (like an academic environment). We were able to run many of our experiments
using the small NVIDIA P100 GPU.

Our approach is data efficient. Using our sampling technique, CA-MTL uses less training data
to achieve better performance. MT-Uncertainty reduces training time. It manages varying
task difficulties by choosing most difficult tasks first using an uncertainty measure. This task
scheduling mechanism limited task interference. Also, it avoids catastrophic forgetting for
low resource tasks, since a task is sampled when the model becomes uncertain even if dataset
is entirely seen within an epoch. Finally, MT-Uncertainty converges fast.

We believe freezing the first layers of our model, limits the pretraining knowledge loss. Our
domain adaptation experiment where we limited the training data showed that low resource
regimes benefits from this technique. However, this benefit is not fully understood. We think
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that deep analysis of the leaned representations is required, as discussed in Section 5.3.

CA-MTL adapts well to new tasks. We performed domain adaptation on SNLI and SciTail
datasets. Our model achieved SOTA results in both datasets. Also, using small portions
of data, we proved that CA-MTL adapts fast in low resource regimes (0.1% and 1% of the
data) compared to MT-DNN_SMART (the previous SOTA on SciTail dataset). This makes
our model very useful in domain adaptation cases where labeled data is scarce. However,
our task embeddings initialization technique requires more refinement as discussed in Section
5.2.

Finally, CA-MTL is adaptable to any existing Transformer architecture. In our experiments
we were able interchange between BERT and ROBERTA without any architectural change.
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CHAPTER 5 CONCLUSION

5.1 Summary of Works

Our approach (CA-MTL) outperformed fine-tuned STL models, only adding 5.6% more
parameters and only using 64.6% of the training data. We believe, this result is die to
by the cross knowledge between tasks, enhanced by our adaptive modules and the pre-
training knowledge retention achieved by freezing the first layer of the model. Also, our
MT-Uncertainty sampling technique showed very effective in handling low resource data, us-
ing fewer data and managing varying task difficulties during training. Our task conditioning
modules showed very extensible in a large scale MTL setup (using 26 NLP tasks) compared
to a standard MTL setup.

CA-MTL achieved SOTA results on multiple test and development sets showing the efficacy
of our approach.

5.2 Limitations

While we achieved SOTA results on SNLI and SciTail datasets using domain adaptation,
the task embeddings initialization isn’t scalable. We initialized the task embeddings for the
adapted tasks by choosing the best performing one from a previous run MTL experiment or
random embeddings.

Our MT-Uncertainty sampling technique showed very effective. However, it adds a "heavy"
computation cost, increasing the training time by 1.5x. Moreover, this technique only works
for classification tasks. The approach selects regression tasks using proxy tasks that were
deemed related. Further, we noticed a "strange" behavior where some question answering
tasks aren’t sampled for a long period of time. This might explain the lower performance on
some question answering tasks.

5.3 Future Research

Although we can explain some reasons why CA-MTL performs well. A detailed analysis of the
representation learned by our model could provide more insight on the weight sharing between
tasks and knowledge retention. For domain adaptation, future work should focus on finding
a better task embeddings initialization scheme. We also think that our sampling strategy
(MT-Uncertainty) needs more improvement, mainly reducing the added computational cost



56

and better handling regression and question answering tasks.

Our study showed that the more tasks we add, the better the overall performance. While it
would require further computational resources, the following questions are interesting venues
for future work: Is there a limit on how much tasks we can add? Will CA-MTL perform
better with a sequence length of 512 instead of 256 used in our best model? Will CA-MTL
perform even better with a larger model?
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