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Abstract

Multi-task learning is desirable for many applications in natural language processing.

It can reduce the size of the machine learning model and can improve performance

with increased generalisation and regularisation. Recent work on multi-task learning

has focused on creating architectures that can learn where in the network information

should be shared between the tasks. This dissertation presents a simpler approach to

achieve the same goal: Instead of adapting the multi-task architecture, the network

receives access to a task-identifier to learn what information to share between which

tasks. The main findings of this work are that task-identifiers are not necessary when

multi-task learning is combined with input representations from a current state-of-the-

art embedding method, BERT. I show that such embeddings both achieve very high

single-task results that are hard to outperform and that they already encode a great

deal of task-specific information which renders multi-task learning and task-identifiers

less useful. Finally, I argue that the proposed task-identifiers may still have merit in

different multi-task learning scenarios and show that they can outperform standard

multi-task learning when a less expressive input representation is used.

i



Acknowledgements

First of all, I would like to thank my supervisors, Gianluca Corrado and Graham

Ritchie, for their continuous support throughout my work on this dissertation. It was

always a pleasure to meet with you, and I appreciated your valuable feedback and our

interesting discussions.

Many thanks to Anastasiia for her friendship, always taking keen interest in my

project and her helpful insights and comments.

Additionally, I am extremely grateful to my flatmates, Hsiu-Han and Yanxi. Your

company throughout this year was invaluable to me. Thank you for your never-ending

support in hard times and sharing my joy in happy moments.

A heartfelt thank you to my best friends back home for their support from afar. You

never cease to inspire me.

Last but not least, I want to thank my family who have always believed in me. Thank

you for all you taught me and the love you give me.

Without any of you, this work would never have been written. Thank you.

ii



Table of Contents

1 Introduction 1

2 Background 4
2.1 Multi-Task Learning in NLP . . . . . . . . . . . . . . . . . . . . . . 4

2.2 Challenges of Multi-Task Learning . . . . . . . . . . . . . . . . . . . 5

2.3 Learning with Additional Identifiers . . . . . . . . . . . . . . . . . . 7

2.4 Contextual Embeddings . . . . . . . . . . . . . . . . . . . . . . . . . 9

3 Data 11
3.1 GLUE Benchmark Datasets . . . . . . . . . . . . . . . . . . . . . . . 11

4 Methods 14
4.1 Input Representation . . . . . . . . . . . . . . . . . . . . . . . . . . 14

4.2 Multi-Task Learning Architecture . . . . . . . . . . . . . . . . . . . 16

4.3 Multi-Task Learning Training . . . . . . . . . . . . . . . . . . . . . . 17

5 Results 19
5.1 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

5.2 Multi-Task Learning Approaches . . . . . . . . . . . . . . . . . . . . 20

5.3 BERT as Input for Multi-Task Learning . . . . . . . . . . . . . . . . 24

6 Conclusions 30

Bibliography 32

A Fine-Tuning BERT 37

B Tabular Results and Learning Curves 39
B.1 GLUE Benchmark Datasets . . . . . . . . . . . . . . . . . . . . . . . 39

B.2 BERT-Related Experiments . . . . . . . . . . . . . . . . . . . . . . . 43

iii



Chapter 1

Introduction

Over the last few years, deep learning has celebrated massive successes and advance-

ments in many research areas such as computer vision or natural language processing

(NLP). What is common to deep learning models is that they have many more param-

eters that need to be trained compared to previous state-of-the-art approaches. This, in

turn, often requires access to vast collections of labelled data to successfully train such

models in a supervised way. Additionally, it is essential to have extensive computa-

tional resources to train them. This can pose problems when using such models. For

example, when only little labelled training material exists or many different models

need to be deployed at the same time.

Multi-task learning is a subfield of machine learning that has received more and

more attention with the rise of deep learning and has the potential to overcome some

of the issues mentioned in the previous paragraph. The term “multi-task model” is

used to describe a single system that can perform two or more tasks. This is beneficial

considering computational resources as it decreases the number of systems that need

to be trained, deployed and maintained. In industrial settings, this is often crucial to

save costs and time when working with deep learning models. Similarly, it can have

a positive effect on low-resource tasks with little annotated data as more information

can be learned from training on additional tasks.

Other benefits of multi-task learning are increased generalisation, regularisation

and better representation learning [30]. This is useful in many scenarios. For ex-

ample, in a study by Talman and Chatzikyriakidis [35], they find that various natural

language inference (NLI) architectures only perform well on the specific dataset they

were trained on and do not learn how to understand natural language in general. In this

case, training a multi-task model on multiple NLI tasks could help generalise across
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Chapter 1. Introduction 2

different datasets and extract better representations that facilitate natural language un-

derstanding on new data.

These properties make multi-task learning an interesting research area that is worth

exploring in more depth. Previous work mostly applied multi-task learning to a new

set of tasks or investigated on what types of tasks it performs well [7, 33, 17, 18, 27,

1, 21, 25, 2]. The general outcomes of these studies are that multi-task learning does

not always result in improved performance and that its success may depend on many

different factors. For most of these experiments, the multi-task learning architecture is

designed to share some of the lower layers and have one or more task-specific layers

on top. This means that in the shared layers the network cannot distinguish between

different tasks and assumes the input is task-independent. This can work well as a

form of regularisation but the parts of the network that are to be shared are determined

before training. Deciding on the position of shared layers in advance may stem from a

misconceived assumption that this is the best way to learn in a multi-task scenario.

More recent research has focused on developing multi-task networks that can learn

what parts of the network should be shared between tasks [31, 16]. The proposed

architectural solutions have more trainable parameters and are more complicated than

standard multi-task learning architectures. Based on the same idea that the multi-task

network should be able to learn what information can be shared between which tasks,

I propose a simpler strategy to achieve this. Instead of adapting the architecture with

additional parameters that control sharing, I simply give the network access to a task-

identifier as part of the input. Not only will such an approach be much simpler and

have less parameters than previous work, it also does not assume anything about how

the model should be using the information about the tasks. The model has full control

over the task-identifier and can potentially choose to completely ignore it.

The proposed approach is motivated by a recent success in multilingual neural ma-

chine translation: a single encoder-decoder translation model was trained to translate

between multiple source and target languages by using a target language identifier as

part of the input sequence [13]. In this dissertation, I apply the same idea to multi-

task learning and compare the proposed task-identifier model to a standard multi-task

learning approach with fixed shared and task-specific layers. The project investigates

the following two research questions:



Chapter 1. Introduction 3

• Does multi-task learning improve the performance compared to single-task
baselines?
The obtained results suggest that the answer to this question is not straightfor-

ward. Even though in some experiments the multi-task model can improve the

overall performance over the single-task baselines, this is not the case for a state-

of-the-art embeddings method, BERT. I show that such an input representation

results in very high single-task performance and is extremely hard to outperform

with multi-task learning. Furthermore, I present an analysis that links these un-

successful multi-task results to task-specific information that is encoded with

BERT.

• Does multi-task learning with a task-identifier as part of the input outper-
form the standard multi-task learning architecture?
I find that a current state-of-the-art embedding method, BERT, already encodes

a great deal of task- / dataset-specific information in the input representation for

the multi-task learning network. This makes additional task-specific information

less useful and explains why the task-identifier multi-task learning experiment

performs comparatively to the standard multi-task learning approach. However,

I show that a task-identifier has merit when the input representation to the net-

work is less expressive. Nevertheless, the conflicting results make it hard to find

a general answer to this question and more experiments are needed. Thus, I

present ideas for further research on task-identifiers for multi-task learning.

This dissertation is structured as follows: Chapter 2 presents the relevant back-

ground to the project and discusses previous efforts in multi-task learning. It also

introduces the state-of-the-art embeddings method, BERT, that is investigated in this

work. In Chapter 3, I present the datasets used for experiments. Next, Chapter 4 ex-

plains my methodology and discusses the implemented multi-task architecture and the

training process in greater detail. In Chapter 5, I present the results of my experi-

ments and discuss them with respect to the research questions and other work. Finally,

Chapter 6 concludes this dissertation and highlights ideas for future work.



Chapter 2

Background

2.1 Multi-Task Learning in NLP

Multi-task learning is a subfield of machine learning which is motivated by the belief

that humans transfer previous knowledge to any new task they have to solve and that

they never learn in isolation. This same concept can be found in two machine learning

strategies known as transfer learning and multi-task learning. Whenever knowledge,

such as model parameters, is transferred from one task model to another, this is known

as transfer learning. Whenever two or more objective functions are optimised within

the same model, this is considered multi-task learning. Even before neural networks

became increasingly popular due to the growing amount of available training data and

computing resources, Caruana [4] argued that neural networks are particularly suited

for multi-task learning problems. Since they learn hidden representations of the data,

these representations can be shared between multiple tasks. This has a number of pos-

itive effects on the performance of multi-task models such as increased generalisation,

regularisation and better representation learning [30].

One of the first works to apply multi-task learning to NLP in the context of deep

learning was by Collobert and Weston [7]. They argued that, in traditional NLP, outputs

from certain tasks such as part-of-speech tagging and chunking are often given as input

features to downstream tasks such as semantic role labelling. This comes with the

drawback that any errors generated in earlier stages of this “pipeline” are propagated

to later tasks. Their idea was to train a multi-task model which can learn how to solve a

number of NLP tasks at the same time using deep learning. Their application of multi-

task learning improved generalisation and achieved better performance for all involved

tasks; for semantic role labelling it even established a new state-of-the-art result. This
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Chapter 2. Background 5

success sparked further interest in the field.

As deep learning became more prominent in the field of NLP over the years, so did

multi-task learning: Liu et al. [17] proposed three multi-task architectures that can be

used for training recurrent neural networks (RNN). RNNs are well-suited to model se-

quences with neural networks as they have connections to hidden states from previous

time steps [12]. This allows them to take into account the history of a sequence when

making a new prediction, which makes them useful for many NLP tasks [41]. The

proposed multi-task approaches outperformed several baselines on different text clas-

sification tasks. Søgaard and Goldberg [33] showed that task-independent output layers

do not necessarily need to be placed on the same level within the network. Some tasks

can be ordered in a hierarchical way such as part-of-speech tagging before chunking

and chunking before semantic role labelling following an increasing order of difficulty.

In this scenario, the authors show that it is useful to have the task-specific output layers

for lower-order tasks at lower layers in the network whereas the task-specific output

layers for higher-order tasks are placed deeper in the architecture. In this way, the net-

work can mirror the hierarchical order of the tasks. This approach has become known

as low supervision multi-task learning. Other notable works have applied multi-task

learning to NLP tasks including semantic classification and information retrieval [18]

as well as named entity recognition [27].

In general, most of these applications of multi-task learning are cases of hard pa-

rameter sharing [30], i.e. the parameters of the shared layers are shared between all

involved tasks. This is in contrast to soft parameter sharing [30] which means that

parameters are initialised and updated for every task individually but a regularisation

term is used to force parameters to be similar for the involved tasks. Hard-parameter

sharing is simpler to implement and involves less parameters which is why it is often

chosen for multi-task learning applications. However, it does not always prove to be

successful which is discussed in the next section.

2.2 Challenges of Multi-Task Learning

Although multi-task learning has been proposed for a wide range of NLP tasks, it has

had mixed success. While it is interesting to apply multi-task learning to new tasks

and datasets, it is equally important to know under what conditions multi-task learning

performs well. There are a number of studies that investigated this question. Benton et

al. [1] employ a multi-task learning model for predicting suicide risk and mental health
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conditions which shows significant gains over single-task baselines. Two findings are

particularly interesting: First, multi-task learning leads to the largest gains in perfor-

mance for tasks where only little training data is available. Second, it is important to

choose auxiliary tasks carefully in a multi-task setting as this can largely influence the

performance of the model.

Martı́nez and Plank [21] test how information-theoretic measures such as the en-

tropy of a task’s label distribution influence the performance of multi-task learning.

Their findings show that for several sequence labelling tasks multi-task learning with

auxiliary tasks is not always improving over single-task baselines. One visible trend

is that auxiliary tasks with a small number of different classes and uniform label dis-

tributions are more useful in a multi-task learning setting. Similarly, Mou et al. [25]

investigate how transferable neural networks are in various sentence and sentence pair

classification scenarios. They distinguish between transfer learning through param-

eter initialisation and multi-task learning and find that these two methods perform

comparatively. One of their main conclusions is that the semantic relatedness of the

tasks involved is important for the success of multi-task learning: the performance

on datasets from semantically similar or equivalent tasks is improved with multi-task

learning while this is not the case for semantically dissimilar tasks.

Bingel and Søgaard [2] present an interesting experiment to find key factors needed

for successful multi-task learning. First, they train single-task models and multi-task

models for ten different NLP tasks. Next, they train a logistic regression model to pre-

dict the gain of multi-task learning over the single-task model. The logistic regression

model is trained using features extracted from dataset characteristics such as dataset

size or number of labels and from the single-task training behaviour such as gradients

of the learning curve. The results suggest that multi-task learning gains can indeed

be predicted from these features. The most useful features are the single-task learning

curves which suggests that multi-task learning can help tasks that suffer from the local

minima problem. Another helpful feature is the label entropy. Interestingly, the differ-

ence in size between tasks is not a reliable predictor which suggests that the finding of

Benton et al. [1] is not universally true.

In this dissertation, the focus is not on finding tasks on which multi-task learning

performs well but rather on enhancing multi-task learning in a way that allows learning

what information to share between tasks. Ideally, this would make multi-task learn-

ing more beneficial in scenarios where it has previously only shown limited success.

The proposed strategy to achieve this involves passing a task-identifier to the network
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as part of the input representation. Previous research that focused on learning with

additional input information is presented in the next section.

2.3 Learning with Additional Identifiers

The idea of incorporating additional knowledge in deep learning models is very promi-

nent in neural machine translation (NMT). Sennrich et al. [32] use an additional input

token to mark if a translation from English to German should be informal or formal.

They successfully show that this token can control the level of politeness in the output

of the machine translation system. Similarly, Johnson et al. [13] use an additional

input token to train a multilingual NMT system. The token marks the desired target

language of the output translation. This allows the use of a single translation model for

translating between many language pairs and even “zero-shot” pairs which have not

been seen during training. Following this success, Chu et al. [5] use an identifier for

different domains to perform domain adaptation in NMT in a simple way.

Figure 2.1: “A SLUICE NETWORK with one main task A and one auxiliary task B. It consists

of a shared input layer (shown left), two task-specific output layers (right), and three hidden

layers per task, each partitioned into two subspaces. α parameters control which subspaces

are shared between main and auxiliary task, while β parameters control which layer outputs are

used for prediction.” (Figure and description taken from Ruder et al. [31]: Figure 1)

In multi-task learning, the inclusion of additional task information as part of the

input has, to the best of my knowledge, not been explored so far. A related approach

are sluice networks [31]. Based on the finding that multi-task learning is not always

beneficial, Ruder et al. developed a model that learns additional parameters which

control the information that is shared between tasks. By adapting these parameters

during training, the network can learn in what layers and what parts of these layers the
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information should be shared or kept task-specific. Figure 2.1 shows a sluice network

in more detail. The authors evaluate their framework on a broad set of sequence-

tagging tasks and compare it with previous multi-task learning strategies such as hard

parameter-sharing, low supervision [33] and cross-stitching [24]. The sluice network

significantly outperforms all other strategies in almost all tasks. As discussed in earlier

sections hard parameter-sharing and low supervision multi-task learning (which sim-

ulates a hierarchy of tasks) involve setting which parameters are shared before train-

ing the network. In this respect, cross-stitching is more similar to sluice networks

as they also learn which parameters are shared. In fact, sluice networks are a gen-

eralisation of cross-stitch networks which were introduced specifically for multi-task

learning with convolutional neural networks [24]. While sluice networks outperform

other approaches, they are a lot more complex to understand and involve many more

parameters than simpler multi-task learning architectures. It is therefore interesting to

see if simply adding task-related information as part of the input representation can

improve multi-task learning as well.

Another architectural solution for selective sharing is proposed by Liu et al. [16].

Their multi-task learning solution for text classification consists of task-specific lay-

ers with long short-term memory (LSTM) [10] units; a special kind of RNNs which

consists of a memory cell and three trainable gates that control the information flow.

Instead of sharing whole layers of LSTM units, Liu et al. designed task-specific LSTM

units that have access to a shared memory cell. Every LSTM unit can selectively read

from and write to this shared memory cell by controlling a trainable gate. In contrast

to standard multi-task learning architectures, this memory-enhanced LSTM can learn

how much information is shared between tasks. Unlike the approach proposed in this

thesis, there is no distinction between information coming from different tasks in the

shared memory cell. Essentially, the LSTM can “decide” to access the shared memory

but it cannot selectively use the information coming from only one other task.

Most similar to using a task-identifiers in a more constricted multi-task learning

scenario is work by McCann et al. [22]. They train a single system without any

task-specific components that can perform 10 different NLP tasks. To achieve this,

all involved tasks are reformulated as sequence-to-sequence question answering tasks

where the desired task is given as part of the question. For example, for a sentiment

analysis task the question would be “Is this sentence positive or negative?” and the cor-

responding sentence would be given as additional context to the network. The expected

answer would then be either “True” or “‘False”. While such a model is desirable in
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theory, its current performance does not reach single-task baselines. In this disserta-

tion, I explore a more standard multi-task learning setup with task-specific components

and analyse the effect of an additional task-identifier.

2.4 Contextual Embeddings

Word embeddings [23] have become a crucial instrument for NLP over the last years.

They replaced traditional bag-of-word features as the standard input to many NLP

models. Word embeddings encode words into vectors that are closer together in the

vector space if the words commonly appear in similar context. However, they do not

take into account the context of where the word appears in a specific sentence. Ho-

mographs such as “does” (in the sense of multiple female deer) and “does” (in the

sense of the third person singular form of the verb “do”) are assigned the same vector

representation with standard word embeddings. This drawback has sparked interest in

developing models that can learn “contextual” word embeddings.

Figure 2.2: Comparison of BERT, OpenAI GPT and ELMo. (Figure taken from Devlin et al. [8]:

Appendix, Figure 3)

One of the first contextual word embedding models is called ELMo [26]. Figure

2.2 shows the architecture of ELMo on the right. To generate contextual word embed-

dings, ELMo concatenates the output of an independent block of stacked left-to-right

LSTM [10] layers and a block of right-to-left LSTM layers. Shortly after ELMo was

published, two other contextual word embedding models were developed: OpenAI

GPT [28] (in the middle) uses stacked left-to-right Transformer layers to encode the

input instead of LSTM layers. The Transformer [36] is a novel architecture that is

intended to perform better on long-range dependencies where RNNs often struggle.

Transformers allow parallel computation during training since there are no longer any

recurrent structures. Instead, a Transformer layer computes a representation of its
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input only using self-attention [36] and positional encoding. In contrast to OpenAI

GPT, BERT [8] (on the left) is designed to be deeply bidirectional because it is built

with stacked bidirectional Transformer layers. BERT can be seen as a combination of

ELMo with its shallow bidirectionality and OpenAI GPT with its transformer layers.

Despite their differences, all of these contextual word embeddings are a function of the

input sequence. One drawback when using contextual word embeddings is that they

involve more than a simple matrix lookup; all input sequences have to be run through

an encoder to obtain the embeddings.

Contextual word embeddings and their pretraining architectures have since been

used in many NLP applications. Liu et al. [19] argue that unsupervised language model

pretraining used for these embeddings and multi-task learning are complimentary in

most NLP scenarios. They propose a multi-task learning architecture on top of BERT

and fine-tune it for a number of given tasks. The parameters of BERT are shared

between the tasks and each task has an individual output layer on top. This multi-task

setup outperforms fine-tuned single-task models on the same tasks. The success of

this work has inspired the use of BERT in this thesis. Instead of fine-tuning BERT

on multiple tasks, the input sentences will be run through BERT and taken as input

features for the multi-task model. Feature-based BERT representations do not perform

as well as fine-tuning BERT [8] but due to limited computational resources and a short

time frame, fine-tuning BERT for all experiments is not feasible in this dissertation.

Two other important, concurrent works are by Houlsby et al. [11] and Stickland

and Murray [34]. Both propose a similar alternative to standard transfer learning tech-

niques such as fine-tuning or using the output of a contextual word embeddings model

as input features to another model. After an initial model is trained, the adaptation

is done with inserted adaptor modules: Between the layers of the original network,

trainable layers are inserted and trained on the new task while the original parameters

remain frozen. While the implementation of these adaptor modules differs slightly

between the two proposed methods, they achieve the same goal. The number of pa-

rameters that need to be trained in order to use a large pretrained model for a new task

is significantly reduced. Both sets of authors tested this approach with a pretrained

BERT model and found that training only the adaptors on a new task while all BERT

parameters are frozen can bring almost the same performance as fine-tuning all param-

eters of the BERT model. While Houlsby et al. [11] trained their adaptors specifically

for one task, Stickland and Murray [34] reduced the trainable parameters even further

by assuming a multi-task learning scenario and sharing the adaptors between tasks.



Chapter 3

Data

3.1 GLUE Benchmark Datasets

The GLUE benchmark is a collection of “nine sentence or sentence-pair natural lan-

guage understanding tasks, built on established annotated datasets and selected to cover

a diverse range of text genres, dataset sizes, and degrees of difficulty” [37]. For the ex-

periments in this thesis, a subset of four GLUE tasks is selected that represent a diverse

collection of dataset properties as described later in this chapter: MNLI (Multi-Genre

Natural Language Inference), RTE (Recognizing Textual Entailment), QQP (Quora

Question Paraphrases) and MRPC (Microsoft Research Paraphrase Corpus). Since the

original GLUE test sets are provided without labels for fair evaluation, a new random

train, development and test split was created from the original train and development

set. Table 3.1 gives an overview of these splits. For every dataset, roughly 80% of

the available labelled data is used for training, 10% for validation and another 10%

for testing. Two of the chosen tasks are related to natural language inference: MNLI

and RTE are both textual entailment tasks. The other two tasks, QQP and MRPC, are

paraphrase identification tasks.

In terms of size, QQP and MNLI are comparatively high-resource tasks with roughly

300,000 sentence pairs for training. In contrast, RTE and MRPC are low-resource tasks

with about 100 times less training data. While all tasks are classification tasks it is note-

worthy that MNLI is a 3-class problem whereas all other tasks are binary classification

problems. The label distribution in MNLI and RTE is balanced. QQP and MRPC are

unbalanced datasets. There are 63% negative examples and only 37% positive exam-

ples in QQP while in MRPC roughly two thirds are positive and only one third negative

examples. The datasets are described in more detail in the rest of this chapter.

11
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Dataset Task Train Dev Test

MNLI ENT
312,198

80%

40,250

10%

40,250

10%

RTE ENT
2,213

80%

277

10%

277

10%

QQP PI
323,430

80%

40,430

10%

40,430

10%

MRPC PI
3,260

80%

408

10%

408

10%

Table 3.1: Summary of the datasets. Sizes are given as number of sentence pairs. ENT

= entailment task, PI = paraphrase identification task

QQP is a dataset built with question pairs from the question-and-answer website

“Quora1”. The questions are rather short with an average sentence length of 12.76

tokens. For each question pair, it needs to be determined whether they are paraphrases

of each other, i.e. whether they are semantically equivalent. Unfortunately, the labels

are known to be noisy with a small fraction of clear paraphrases being labelled as

no paraphrases and vice versa.2 Given its origin, the language of this dataset is very

conversational. Here are two examples that illustrate the content of this dataset:

(1) QQP - paraphrase example

Do dogs have any sense of what part of the week it is?

Does my dog know what day of the week it is?

QQP - no paraphrase example

How do I unlock my Yahoo Mail account?

How do you disable a Yahoo account?

MRPC [9] is another paraphrase identification dataset. It is constructed with sen-

tences from online news articles.3 As expected for this domain, the average sentence

length is much longer than for QQP with 22.34 tokens per sentence. Again, here are

two sentence pairs along with their labels taken from the dataset:

(2) MRPC - paraphrase example

About 1,557 genes on chromosome 6 are thought to be functional.

1https://www.quora.com
2https://www.quora.com/q/quoradata/First-Quora-Dataset-Release-Question-Pairs
3https://www.microsoft.com/en-us/download/details.aspx?id=52398

https://www.quora.com
https://www.quora.com/q/quoradata/First-Quora-Dataset-Release-Question-Pairs
https://www.microsoft.com/en-us/download/details.aspx?id=52398
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The remaining 1,557 genes are believed to be all functional.

MRPC - no paraphrase example

The blaze was only 5 percent contained early Monday.

The blaze, started by lightning June 6, is considered 95 percent contained.

MNLI [39] is built from ten different domains of spoken and written text. Through

crowd-sourcing, every sentence pair is labelled with information about the textual en-

tailment of the two sentences. The task is to identify whether the second sentence

entails the first one, contradicts it or whether there is a neutral relation. The dataset

has been shown to be more difficult for machine learning models than a similar textual

entailment dataset, SNLI [3]. The average sentence length is 17.01 tokens. Below are

example sentences for every label class:

(3) MNLI - entailment example

The sacred is not mysterious to her.

The woman is familiar with the sacred.

MNLI - contradiction example

But I thought you’d sworn off coffee.

I thought that you vowed to drink more coffee.

MNLI - neutral example

History defies laws.

Laws are weak when talking about the past and the future.

The RTE dataset is another textual entailment identification task. The dataset

was built using multiple smaller datasets from competitions on textual entailment (for

details see [37]). The source texts are a mix of newspaper articles and texts from

Wikipedia4. The average sentence length is 30.43 tokens which is almost twice as long

as MNLI and the highest average sentence length of the four chosen datasets. In con-

trast to MNLI, RTE is a binary classification problem that only distinguishes between

entailment and not entailment. Here is an example sentence pair for every class label:

(4) RTE - entailment example

By clicking here, you can return to the login page.

Click here to go back to the login page.

RTE - not entailment example

The Statue of Liberty is so big it had to be built in 300 sections.

The Statue of Liberty was built in the year 300.

4https://www.wikipedia.org/

https://www.wikipedia.org/
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Methods

4.1 Input Representation

4.1.1 BERT Sentence Encoding

For the experiments described in this thesis, I extract sentence representations using a

pretrained BERT model1. The original output of BERT contains a representation for

a special “CLS” token at the beginning of each sentence. In previous work, this token

was trained to represent the whole sentence for classification tasks by fine-tuning the

pretrained BERT model on a selected dataset [8, 19]. In this dissertation, BERT is

not fine-tuned but rather its output is used as input features for a simple classification

network. Therefore, the “CLS” token cannot be used as a representation of the whole

sentence since the training objective during pretraining is different for this token than

the tasks investigated in this work. To achieve a representation of the whole sentence, I

mean-pool over all BERT-encoded token vectors. For this, I use “bert-as-service” [40]

which offers a fast sentence encoding process using a pretrained BERT model. In early

experiments, I compared the performance of mean-pooled and max-pooled BERT vec-

tors as well as using the “CLS” token as a representation for the whole sentence. I

found that mean-pooled sentence representations worked best which is in line with an

analysis by Xiao who developed “bert-as-service”.2 Here is an example of how a sen-

tence pair is encoded into a vector with a pretrained BERT model:

1https://github.com/google-research/bert#pre-trained-models
2https://github.com/hanxiao/bert-as-service#q-so-which-layer-and-which-

pooling-strategy-is-the-best
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(5) Original Sentence Pair:

How do I unlock my Yahoo Mail account?

How do you disable a Yahoo account?

BERT Input Format:

How do I unlock my Yahoo Mail account? ||| How do you disable a Yahoo

account?

Internal BERT Tokenization:

[’[CLS]’, ’how’, ’do’, ’i’, ’unlock’, ’my’, ’ya’, ’##ho’, ’##o’,

’mail’, ’account’, ’?’, ’[SEP]’, ’how’, ’do’, ’you’, ’di’,

’##sable’, ’a’, ’ya’, ’##ho’, ’##o’, ’account’, ’?’, ’[SEP]’]]

Original BERT Output Token Representation Shape:

(1, 25, 768)

Mean-pooled BERT Output Sentence Representation Shape:

(1, 768)

To use BERT as an encoder, it is important to use the same SentencePiece [15]

model that was used during the pretraining to split the input into smaller subwords.

This effectively makes BERT an open vocabulary approach, meaning that all words

can be encoded and there are no unknown words. Proper names such as “Yahoo”

in the example sentence pair are often split up into smaller units. BERT3 encodes

every one of these subword units into a 768-dimensional vector. Mean-pooling over

all the subword tokens results in one 768-dimensional vector that represents the whole

sentence pair. This is the input representation of the sentence pairs used in all of my

experiments.

4.1.2 Task-Identifier Embedding

This dissertation investigates the benefit of giving a task-identifier as additional infor-

mation to train multi-task learning models. This is very simple in a neural network

model. Either it can be included as an additional input token or it can be represented

as part of the vector representation of the whole input. For my experiments, I decided

on the second option since the pretrained BERT model was not trained to encode a

task-identifier token.

To add the task-identifier to the vector representation of the input, a one-hot vector

task-identifier representation is first passed through an embedding layer. The one-

3I used BERT-Base Cased which has around 110 million parameters.
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hot vector is a vector that has as many dimensions as the total number of involved

tasks. For a specific task, all vector elements will be set to 0 except for the one that

corresponds to the ID of the task. This dimension will be set to one. When multiplied

with the embedding layer weight matrix only the weights for that task will be applied

since all other elements are set to 0. The weights of the embedding layer are trainable

and will be updated with the other components of the network.

The 16-dimensional task-identifier embedding is then concatenated with the 768-

dimensional sentence representation coming from BERT which was described in the

previous section. For the experiments without the task information, the task-identifier

is simply set identical for all the tasks. This concatenated vector of the task-identifier

and the sentence pair is the input to the architecture described in the next section.

4.2 Multi-Task Learning Architecture

Multi-task learning can either be implemented with hard parameter sharing or soft

parameter sharing [30]. In hard parameter sharing, the parameters of lower-level layers

are shared between tasks while higher-level layers have task-specific parameters. In

soft parameter sharing, no parameters are explicitly shared but there is a regularisation

term that ensures that the parameters of the different task-specific models are similar

to each other. In this thesis, I develop a hard parameter sharing architecture. Figure

4.1 shows a schema of the multi-task learning architecture.

Task ID Sentence

BERT
Encoder

Embedding
Layer

Shared Layer(s)

Task 1 Layer(s) Task 2 Layer(s) Task 3 Layer(s)

Output 1 Output 2 Output 3

Figure 4.1: Visualisation of the multi-task learning architecture used in this dissertation.
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As described in the previous section on the input representation, every sentence pair

is encoded with BERT (purple) and the task-identifier is passed through an embedding

layer (green). Then, both are concatenated to form the input representation to the ar-

chitecture (red). This input vector is then passed through a number of fully-connected,

non-linear hidden layers with ReLU activation function that build the shared layer(s)

(yellow). On top of the shared layer(s), for every involved task, there is one or more

fully-connected task-specific layers (blue) with ReLU activation function. The param-

eters of these layers are all task-specific. In the single-task models, the parameters in

the otherwise shared layer(s) are also task-specific. For every task, the last of the task-

specific output layers is a linear feed-forward projection whose output is passed to the

softmax function to obtain probabilities for every possible class. The softmax function

defines the probability for a class c given the output of the network o:

Pr(c|o) = exp(oc)

∑
C
k exp(ok)

(4.1)

4.3 Multi-Task Learning Training

For my experiments, I train my models with task-specific mini-batch training. This

means that task-specific mini-batches for every involved task are created and then ran-

domly shuffled between all tasks. This follows the training procedure by Liu et al.

described in [19]. Algorithm 1 (on the next page) describes the task-specific mini-

batch training in more detail.

Since all involved tasks are classification tasks, I use the cross-entropy loss func-

tion. The formula is shown in Algorithm 1 on line 11, where C is the total number

of output classes for task t, N is the batch size, i is the current example in the batch,

1(Bti,c) is 1 if class label c is the correct classification for Bti or 0 otherwise and

Pr(c|oti) is the softmax probability for class c given network output oti as defined in

Equation 4.1 in the previous section. The losses are renormalised according to the

number of classes to avoid having much higher losses for MNLI which is the only

non-binary problem. All losses are directly applied without accumulating or combin-

ing the losses of different tasks in some way, e.g. by weighting them proportionally to

the training dataset size.
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Algorithm 1 Task-Specific Mini-Batch Training (inspired by [19])

1: Initialise model parameters Θ randomly.

2: Initialise time step counter j = 0 and Adam exponential moving averages m = 0, v = 0.

3: Load all datasets 1, 2, ... T .

4: while not early stopping do

5: for t in 1, 2, ..., T do

6: Pack dataset t into mini-batches: Dt

7: end for

8: Merge all mini-batches of all datasets: D = D1∪D2...∪DT

9: Shuffle D

10: for Bt in D do

11: Forward-propagate Bt through the network: ot # Bt is a mini-batch of task t

12: Compute cross-entropy loss: L(Θ) = 1
C

1
N −∑

N
i ∑

C
c 1(Bti ,c) log(Pr(c|oti))

13: Compute gradient: ∇(Θ) = ∂ L(Θ)
∂ Θ

14: Update model parameters with the Adam update rule [14]:

j = j+1

m = β1 m+(1−β1) ∇(Θ)

m̂ = m
(1−β

j
1)

v = β2 v+(1−β2) ∇(Θ)2

v̂ = v
(1−β

j
2)

Θ = Θ− η√
v̂+ε

m̂

15: end for

16: end while

For optimisation, I use Adam [14] as defined in line 13, where η is the learning rate,

β1 is set to 0.9, β2 is set to 0.999 and ε is set to 10−8. The training is stopped by early

stopping when the loss on the development set has not decreased over 3 epochs. Early

stopping on the loss has proven more stable than on other metrics in early experiments.

In the multi-task case, the mean loss over all tasks is used as the stopping criterion.
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Results

5.1 Baselines

As a baseline for my multi-task learning experiments, I train a single-task model for

every chosen task. I use the same architecture as described in Chapter 4 to train the

single-task models. In contrast to the multi-task learning scenario, all parameters are

task-specific. To ensure I compare the later experiments against strong baselines, I

tune the hyper-parameters for all tasks. I test different values for the learning rate,

batch size, dropout, the hidden size of the first layer and early stopping patience by

performing a grid search and evaluating the results on the development set. Based on

these experiments, I find that the following hyper-parameters shown in Table 5.1 work

best for the specific datasets. An early stopping patience of 3 worked well across all

tasks. On top of the first hidden layer, there is another hidden non-linear layer with

64 hidden units followed by a linear projection layer which is used as the input to the

softmax operation. I tried using wider and/or deeper networks with more hidden layers

but saw no significant improvements.

Learning Rate Batch Size Dropout Hidden Size #1

MNLI 5×10−5 64 0.2 256

RTE 3×10−5 16 0.1 128

QQP 5×10−5 64 0.2 256

MRPC 3×10−5 16 0.1 128

Table 5.1: Best-performing hyper-parameters for every task.

19
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Figure 5.1: Average accuracy and F1-score of the single-task baselines on the test set. Results

are computed over three independent runs.

The results for the described single-task models on the test sets can be seen in

Figure 5.1. Learning curves and tabular results for the models can be found in the

Appendix. For MNLI, QQP and MRPC accuracy and F1-score behave as expected

since MNLI is a balanced dataset, QQP contains more negative labels and MRPC more

positive labels. Interestingly, the F1-score for RTE is much lower than the accuracy

despite it being a balanced dataset. A quick look into the predictions on the test set

shows that the model generates more true negatives, false positives and false negatives

than true positives. This suggests that identifying true entailment in this dataset is

harder than in the MNLI dataset. Another observation is that the textual entailment

tasks (marked in yellow) seem to be much harder given the BERT sentence embedding

than the paraphrase identification tasks (marked in blue). This result does not follow

most entries in the GLUE leaderboard1 where the performance differences between

these two task types are often much less prominent. Generally, the presented single-

task baselines do not reach state-of-the-art results which reflects the restrictions of

whole sentence representations compared to fine-tuning BERT for example [8].

5.2 Multi-Task Learning Approaches

5.2.1 Standard Multi-Task Learning

The first multi-task learning experiment is testing the standard multi-task learning ar-

chitecture on the chosen datasets. Again, I perform hyper-parameter tuning with a grid

search on the development set. I find that task-specific learning rates and batch sizes

1https://gluebenchmark.com/leaderboard

https://gluebenchmark.com/leaderboard
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help the model to learn more smoothly. The tuned learning rates and batch sizes for the

individual tasks (Figure 5.1) also work best in the multi-task setting. Furthermore, the

model performs best with a dropout of 0.2 and 256 hidden units in the first layer. Like

the second hidden layer for the single-task models, the task-specific layers on top of the

shared (first) hidden layer have 64 hidden units followed by a linear projection layer

and softmax. Again, I tested the effect of using wider and/or deeper networks with

more hidden layers but saw no significant improvements. As described in Chapter 4,

the task identifier is set identically for every task in the standard multi-task learning

experiments.

Figure 5.2: Average absolute improvement in accuracy of the standard multi-task experiments

over the single-task experiments. Results are computed over three independent runs.

The improvement in accuracy of the standard multi-task learning experiment over

the baseline can be seen in Figure 5.2. The corresponding F1-scores are not presented

here as they show the exact same behaviour. Learning curves and tabular results for the

models can again be found in the Appendix. The standard multi-task learning models

(red) perform worse than the single-task models (blue) for most datasets even though

the gap between them is very small. For the two larger tasks, MNLI and QQP, this

difference is consistent with a standard deviation of 0.065 and 0.101 respectively. The

standard deviations of the improvement in accuracy for the two low-resource tasks,

RTE and MRPC, are much higher with 0.568 and 0.367 respectively. This shows that

the performance of the standard multi-task model is not as stable on these tasks which

makes it hard to draw any general conclusions. However, for RTE, the multi-task

model performs much better than the single-task model even taking into account the

high standard deviation. Other multi-task experiments on fine-tuning BERT have also

reported large improvements on this task compared to a single-task baseline [19, 34, 6].

While it is possible, that this improvement in my experiments is caused by sharing
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some parameters between tasks, there may also be another reason for this. RTE is the

smallest task out of the four chosen datasets. The development and test set only contain

277 sentences each. This can lead to validation overfitting when early stopping on the

development set. Meaning that training is stopped at a point that is beneficial for the

development set but not for the test set. In this case, multi-task learning can be helpful,

as the early stopping criterion is not solely based on the loss for that task but rather all

tasks.

Initially, I suspected that my simple multi-task setup is the reason that multi-task

learning did not improve over the single-task baselines. Therefore, I ran many ex-

periments testing more elaborate multi-task learning strategies. Here is a list of some

approaches I tested:

· other optimisers than Adam
· increasing the width and depth of the network
· learning rate schedulers and weight decay
· weighting the losses of the different tasks
· batch normalisation
· oversampling the smaller tasks instead of task-specific mini-batch training
· individualising hyper-parameters for the task-specific layers such as dropout
· token-based BERT representations with a bidirectional LSTM sentence encoder

instead of mean-pooled, sentence-based BERT representations

Additionally, I tried other combinations of different datasets from the GLUE bench-

mark as well as other well-known datasets. I also created artificial low-resource set-

tings and conducted experiments only using closely related tasks for multi-task learn-

ing. In none of these experiments, did I see a significant gain in accuracy or F1-score

when using standard multi-task learning compared to the single-task baselines.

There is no other research that used BERT-encoded sentence representations as a

feature-based input for multi-task learning. However, I can compare my results to other

work that has investigated multi-task learning by fine-tuning BERT on GLUE datasets.

Liu et al. [19] initially proposed this and reported mostly consistent improvements over

their single-task fine-tuned BERT baseline. More recent research focused mainly on

different experiments such as using adaptors to reduce the number of parameters when

fine-tuning BERT [34] or using knowledge distillation to teach multi-task models with

single-task model teachers [6]. Both of these works used a standard multi-task learning

setup for fine-tuning BERT as one of their baselines. In their experiments, the multi-

task model also showed a worse performance compared to the single-task baseline as
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in my experiments. From these findings, I conclude that it is generally difficult to

outperform a single-task baseline with a multi-task learning approach when BERT is

involved in some form. This may change when task-specific information is introduced

in the shared layers. Experiments with task-identifiers are discussed in the next section.

5.2.2 Multi-Task Learning with Task-Identifier

Since the standard multi-task approach did not show any consistent improvements over

the single-task baselines, it is worthwhile to explore how the multi-task model with a

task-identifier as part of the input performs. For this experiment, the hyper-parameters

from the earlier multi-task experiment are kept identical for comparability. The only

difference between these two models is that, for every task, the model will now receive

an individual task-identifier whereas before the same one was used for all tasks. This

allows the shared layer to learn some additional information about the tasks it solving.

Figure 5.3: Average absolute improvement in accuracy of the multi-task experiments over the

single-task experiments. Results are computed over three independent runs.

Figure 5.3 presents the results of the multi-task learning with task-id compared to

the other experiments. Again, the results for the F1-score show the same behaviour

as the accuracy and are not included here. Learning curves and tabular results for

the models can be found in the Appendix. Multi-task learning with the task-identifier

(green) performs very similarly to standard multi-task learning (red) in terms of the

average improvement in accuracy over the single-task baselines (blue). Considering

the standard deviation of the improvement, the two larger tasks have again smaller

standard deviations with 0.095 for MNLI and 0.054 for QQP. For the two low-resource

tasks, RTE and MRPC, the standard deviation is again higher with 0.662 and 0.971

respectively. This marks an increase over the standard deviations shown in standard

multi-task training. This suggests that multi-task learning with the task-identifier gives
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less stable performance for low-resource tasks than the standard multi-task learning

approach. Again for RTE, the task-identifier model shows a similar gain over the

baseline compared to the standard multi-task model including the standard deviation

of the improvement. As mentioned before, it is unclear whether this improvement

comes from sharing some parameters between the different tasks or less validation

overfitting on the small development set.

The results of the experiments with the task-identifier suggest that having this ad-

ditional input information is not helpful for multi-task learning. This contradicts my

hypothesis that such additional information could improve multi-task learning. How-

ever, it is important to remember that the input for these experiments has already been

propagated through a very powerful model. It remains unclear what influence the

BERT encoding has on the results of my multi-tasking experiments. The next section

investigates this question in more detail.

5.3 BERT as Input for Multi-Task Learning

Multi-task learning did not show consistent improvements over the selected GLUE

datasets with and without using a task-identifier. One reason for this can be that BERT

captures the different dataset distributions such that the created sentence embeddings

already encode which task / dataset the example is coming from and make sharing

parameters in the model less useful. To test this hypothesis, I use the BERT-encoded

datasets and train a logistic regression model to identify which dataset an example

belongs to. This classifier reaches an accuracy of 97% on the datasets presented in

Chapter 3. This result indicates that the BERT-encoded sentence representations al-

ready encode dataset-specific information which removes the need for a task-identifier

and can also render standard multi-task learning less useful because the network is

not forced to generalise between the different tasks. The large amount of task-specific

information coming from BERT could also be linked to findings in using similar lan-

guage models for unsupervised multi-task learning [29]. In a blog post by the authors

of the paper, they write “On language tasks like question answering, reading compre-

hension, summarization, and translation, GPT-2 begins to learn these tasks from the

raw text, using no task-specific training data. [...] The model is chameleon-like it

adapts to the style and content of the conditioning text.” 2

To explore this finding further, I create two artificial datasets by splitting the largest

2https://openai.com/blog/better-language-models/

https://openai.com/blog/better-language-models/
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GLUE dataset, QQP - a paraphrase identification dataset, into two separate parts. For

one of the halves, I reverse the labels such that the BERT encoded sentences come

from the same distribution but the labels are from two separate (in this case opposite)

tasks. As expected, the logistic regression model cannot distinguish between the two

datasets and only reaches an accuracy of 50%.

Figure 5.4: Performance improvement when using multi-task learning on the artificial

QQP datasets. Average accuracy is computed over three independent runs.

With these two artificial datasets, I repeat the previously described multi-task learn-

ing experiments. Figure 5.4 shows the results for the single-task models, standard

multi-task models and the multi-task models with an additional input task-identifier.

The standard multi-task model improves over the single-task baselines with an average

improvement of 0.76 and 1.02 in accuracy and standard deviation of 0.177 and 0.151

respectively. This result suggests that multi-tasking is more useful when the inputs of

the different tasks are coming from a similar distribution. However, it is possible that

simply reversing the labels for one half of the data is not a dissimilar enough task and

the model shows an improvement because it has access to more data. Nevertheless,

it can be argued that even though BERT sentence embeddings achieve impressive re-

sults as a fixed-size input to these models, their ability to encode the dataset origin of

a training example makes multi-task learning less useful.

Despite the positive results with standard multi-task learning on these artificial

datasets, multi-task learning with an additional task-identifier still does not signifi-

cantly improve over the standard multi-task learning results. This suggests that the

task-specific layer is enough to learn the task-specific output from the shared BERT

representation. It remains unclear if the task identifier would be more useful with a

less expressive input representation. To test this hypothesis, I compare the perfor-



Chapter 5. Results 26

mance of multi-task learning with BERT-encoded sentence representations against a

simple bag-of-word (BOW) related approach. This BOW representation is achieved by

creating a term frequency - inverse document frequency (tf-idf) vector for every sen-

tence and then using truncated singular value decomposition to project the relatively

high-dimensional sparse vector down to a smaller dimension of 128. This process is

also known as latent semantic analysis (LSA) [20].

Unfortunately, this representation was not expressive enough to learn anything for

most tasks from Chapter 3. It worked relatively well for QQP but I suspect that it

posed problems for the harder task of textual entailment. For MRPC, which is also

a paraphrase identification task like QQP the reason for this could be that the MRPC

sentences are much longer on average. Since I cannot perform multi-task learning with

only one task, I introduce two new tasks that only involve single sentence classifica-

tion; SST-2 - a sentiment classification dataset and SUBJ - a subjectivity classification

dataset. SST-2 contains about 67,000 sentences in the training set and SUBJ roughly

8,000. Both datasets are balanced. As in the previous experiments, it is interesting

to see how much task-specific information can already be extracted from the input

representation. Therefore, I train a logistic regression model to identify which task

a sentence representation belongs to. With the BERT input representation the logis-

tic regression model reaches an accuracy of 93% on these three tasks which is a bit

lower than on the four originally chosen tasks. Compared to BERT, the BOW repre-

sentation only gives an accuracy of 79% which is much smaller but still a relatively

high accuracy overall. This suggests that BOW encodes less task-specific information

than BERT which means that multi-task learning and a task-identifier may work better.

However, it is also a sign that these three datasets are relatively easily distinguishable

based on the text they are built on.

Figure 5.5 shows the improvement of multi-task trained models over the single-task

baselines with the two different input representations for these datasets. From these

results, it can be seen that using the task-identifier makes a much bigger difference

for the BOW embeddings (yellow) than for the BERT embeddings (blue). For BERT,

we see a very similar picture to all previous experiments. The single-task baselines

are very hard to outperform. The standard deviation of the average improvement is

0.132 for QQP with the standard multi-task learning approach and 0.162 with the task-

identifier. For, SST-2 the standard deviations are (in the same order) 0.392 and 0.23

and for SUBJ, they are 0.115 and 0.057. Taking into account the standard deviations,

both multi-task models generally perform worse than the single-task baselines with



Chapter 5. Results 27

Figure 5.5: Influence of different input representations on improvement of multi-task

learning approaches. The lower plot (yellow) shows the results of using a down-

projected bag-of-words representation. The upper plot (blue) shows the results of using

a BERT-encoded sentence representation.

BERT representations.

Interestingly, this is not the case for the experiments that used the BOW represen-

tation as the input representation (yellow). In contrast to the BERT representation,

here, the multi-task models tend to outperform the single-task models. The standard

deviations of the improvement are also smaller in most cases. For QQP, the standard

deviations are 0.208 for standard multi-task learning and 0.119 with the task-id, for

SST-2 0.086 and 0.199 and for SUBJ 0.099 and 0.057. The most striking result is the

performance difference of the two multi-tasking experiments on SST-2. While multi-

task learning with the task-identifier shows an improvement of 0.72 over the single-task

baseline, the standard multi-task learning shows a drop in performance of -1.626 which

is rather large considering the standard deviation of this loss is only 0.086. It is hard

to say what causes this drop in accuracy on SST-2. One explanation might be that the

shared layer learns to produce a representation which is beneficial for the two other
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tasks but is less useful for the SST-2 task-specific layers.

For the model that has access to a task-identifier, there is an improvement for all

the tasks compared to the single-task baselines. This result suggests that multi-task

learning with a task-identifier can indeed be useful. In the standard multi-task exper-

iment, the two other tasks, QQP and SUBJ, can profit from the shared representation

but, proportionally, the loss on SST-2 is much bigger. Of course, this can still be a

useful application for standard multi-task learning for example if QQP is the main task

to improve and the two others are auxiliary tasks. In this case, the other tasks are meant

to help QQP but the performance of the on the auxiliary tasks is not important. Never-

theless, this experiment has shown that it is possible to achieve an improvement on all

involved tasks with the simple addition of a task-identifier.

It is important to keep in mind that this positive result was achieved using a much

less expressive input representation than BERT. This BOW-based result on its own

is not advancing the state-of-the-art. In fact, BERT is used for many state-of-the-art

solutions at the moment. In Figure 5.5, it becomes clear that BERT really is a more

powerful model since the raw accuracy of the BERT input model is much higher for

every task compared to the BOW input. Therefore, in a real-life scenario it is most

often not advisable to use a simpler input representation only to have a successful

multi-task learning model. Even if the goal is to reduce the number of models used to

solve a set of tasks, a multi-task model trained with BERT representations albeit not

outperforming the single-task baselines still performs better than using a less expres-

sive input representation. This can be very important in industrial settings where the

focus is less on performance but more on efficiency.

Furthermore, this dissertation analysed the case of fixed-sized sentence representa-

tions. This was a sensible decision due to the short time frame and the limited available

computing resources. However, other research with BERT either fine-tunes the whole

BERT model which involves tuning many parameters or constructs token-based rep-

resentations from a pretrained BERT model instead of whole sentence representations

[8, 19]. As discussed previously, there is evidence that standard multi-task learning

also does not outperform single-task baselines when BERT is fine-tuned [34, 6]. How-

ever, to draw clear conclusions on the merit of having a task-identifier as part of the in-

put for multi-task learning, more experiments are needed. When fine-tuning BERT, the

task-specific information can be included as an additional input token of the sequence

instead of concatenating a sentence representation with a task-identifier embedding.

This has the potential that the shared BERT model can use this task-specific informa-
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tion to produce a “CLS” token representation that is more useful for the task-specific

layers on top of BERT. Some preliminary experiments on fine-tuning BERT suggest

that task-identifiers may be beneficial for low-resource tasks but more detailed research

is needed.3 Moreover, future experiments should also explore architectures that do not

use pretrained contextual embedding methods and learn embeddings from scratch. For

example, spaCy, a python library specialised in fast NLP solutions, explain that using

BERT is too slow for their use case.4 In such scenarios, it might be worth to further

investigate multi-task learning models with task-identifiers.

Finally, in previous experiments with similar additional input tokens, for exam-

ple in neural machine translation [13], all the parameters of the model are shared for

all inputs and outputs. This is different from the discussed multi-task learning setup,

where a task-specific layer is put on top of the shared layer. In their experiments, the

additional identifier is essential to use a single model to translate between multiple

languages. Similarly, as presented in the background section, McCann et al. [22] pro-

posed a single model with no task-specific components that can solve numerous NLP

tasks by rephrasing them as sequence-to-sequence question answering tasks. Again,

this would not be possible without giving the network access to information about the

current task it is supposed to solve. In both cases, it remains unclear whether a more

standard multi-task learning setup with task-specific components would improve the

performance of these models. Nevertheless, the simplicity of a single model in terms

of number of parameters and its ability to do better zero-shot learning is often much

more important than the performance [13] and additional input information such as

task-identifiers play a central role to achieve this.

3Some details on this experiment are presented in the Appendix.
4https://explosion.ai/blog/spacy-v2-1

https://explosion.ai/blog/spacy-v2-1
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Conclusions

This dissertation investigated the benefit of using an additional task-identifier that pro-

vides task-specific information for multi-task learning in NLP. My work built on pre-

vious findings that multi-task learning does not always work and its success depends

largely on what tasks are involved. This motivated the idea that the model should have

access to some information about what tasks it is solving to help it learn what to share

between which tasks. Previous efforts in this direction focused on introducing new

parameters that allow the multi-task model to learn which parts of the model to share

[31, 16]. These approaches involve much bigger models in terms of parameters and

are built on certain assumptions as to how the model should learn what to share. This

dissertation introduced a much simpler approach that only requires an adaptation of

the model as part of the input by giving the model access to a task-identifier.

Unfortunately, the multi-task learning results did not show an improvement over

the single-task baselines. For standard multi-task learning, this is in line with other

research which also reported that multi-task learning cannot outperform single-task

models that involve fine-tuning BERT [34, 6]. In my initial experiments, there was

also no evidence that the task-identifier improves multi-task learning. My hypothesis

was that these results are due to the fixed-sized sentence representation obtained from

a pretrained BERT model. I discussed this hypothesis in detail and presented findings

that support this in Section 5.3. There is evidence that the BERT sentence represen-

tation encodes task-specific information which makes multi-task learning less useful

since the input to the shared layers cannot be treated as task-independent. This also ex-

plains why there was not improvement when using a task-identifier; the model already

received this information from the BERT-encoded sentence representation.

Moreover, I found that a less expressive input representation to the model gave

30
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an improvement of multi-task learning over the single-task baselines. In these experi-

ments, the additional task-identifier showed promising results for multi-task learning.

However, this is not enough evidence to draw any general conclusions on its benefit.

This means that I am unable to answer my two research questions with certainty. More

experiments are needed that investigate the influence of task-identifiers when train-

ing embeddings from scratch and other approaches such as fine-tuning BERT or using

ELMo or OpenAI GPT instead.

Future work on task-identifiers in multi-task learning should compare the results

against other strategies that learn what parts of the network should be shared [30, 16].

This should involve an analysis of performance but also of model size and training

time as I expect the latter two to be significantly lower with the approach presented

in this dissertation. Multi-task learning with a task-identifier should also be inves-

tigated in other fields such as computer vision where the input representation is not

necessarily reflecting the source domain as much as in NLP. Finally, it would be inter-

esting to further investigate BERT-encoded sentence embeddings and explore in what

cases it may be useful that they encode specific information about the origin of the

encoded sentences. While it has not proven helpful for multi-task learning, it might

have potential for other application areas such as improving information retrieval or

text classification.
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Appendix A

Fine-Tuning BERT

This experiment is not a full-fledged analysis of fine-tuning BERT. Rather, it is a short

experiment to check if task-identifiers may be beneficial for fine-tuning BERT in a

multi-task learning setting. To perform the experiment, I used the framework devel-

oped by the people that run the GLUE benchmark [38]. The framework, jiant1, pro-

vides a collection of configuration files and I used one that was designed for fine-tuning

BERT in this experiment. I ensured that the same pretrained BERT model (bert-base-

cased) was used as in the other experiments in this dissertation. Due to time constraints,

I could only perform one run per experiment. I decided to test fine-tuning BERT on

the four originally chosen datasets described in Chapter 3.

To use task-identifiers for the multi-task learning setup, I added a task-identifier

as part of the input sequence at the beginning of every original sentence pair. This

is possible in the case of fine-tuning because BERT can learn how to treat this task-

identifier as part of the input sequence. This is in contrast to previous experiments

in this dissertation on BERT-encoded sentence representations. In this case, the task-

identifier information was passed through an embedding layer and concatenated with

the sentence representation.

The results of the fine-tuning experiment can be seen in Table A.1. Following pre-

vious results with other experiments, the largest improvement with multi-task learning

can be seen on RTE. In this case, there is also an improvement on MRPC, the second

low-resource task. When using task-identifiers as part of the input sequence, the im-

provement on the two low-resource tasks increases while the performance on the two

comparatively high-resource tasks, MNLI and QQP, drops further. Compared to the re-

sults with BERT-encoded sentence representations, fine-tuning achieves much higher

1https://github.com/nyu-mll/jiant
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Dev Acc. Imp. Dev F1 Imp.

MNLI 78.70 - - -

RTE 70.00 - - -

QQP 87.00 - 82.80 -
STB

MRPC 86.30 - 90.40 -

MNLI 78.00 - 0.70 - -

RTE 71.50 + 1.50 - -

QQP 86.00 - 0.30 82.10 - 0.70
SMT

MRPC 87.30 + 1.00 90.70 + 0.30

MNLI 77.30 - 1.40 - -

RTE 72.90 + 2.90 - -

QQP 85.10 - 1.90 81.10 - 1.70
MT-ID

MRPC 88.70 + 2.40 92.00 + 1.60

Table A.1: Accuracy and F1-score of the single-task, standard multi-task and multi-task models

with task-identifier trained by fine-tuning BERT. Results are computed over one independent

run. Improvements are computed compared to the single-task baselines. STB = Single-Task

Baseline, SMT = Standard Multi-Task Learning, MT-ID = Multi-Task Learning with Task-Identifier.

performance on all tasks. However, the obtained results still do not reach state-of-the-

art results compared to other experiments on fine-tuning BERT that were uploaded to

the GLUE evaluation server. This leads me to believe that the configuration file I took

from jiant may have been designed for a toy experiment with fine-tuning rather than a

competitive state-of-the-art setup. In any case, further experiments are needed to judge

whether task-identifiers are beneficial when fine-tuning BERT in a multi-task learning

scenario.



Appendix B

Tabular Results and Learning Curves

B.1 GLUE Benchmark Datasets

B.1.1 MNLI

Loss Accuracy F1-Score

Train 0.257 ± 0.001 66.18 ± 0.2 66.20 ± 0.2

Dev 0.267 ± 0.002 64.00 ± 0.2 64.03 ± 0.1

Test 0.267 ± 0.000 63.78 ± 0.1 63.78 ± 0.1

Table B.1: Loss, accuracy and F1-score of the single-task model trained on the MNLI textual

entailment dataset. Results are computed over three independent runs.

Figure B.1: Learning curve and accuracy of the single-task model trained on the MNLI textual

entailment dataset. The black line marks the epoch where training was stopped and the black

dot the loss / accuracy on the test set.

39
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B.1.2 RTE

Loss Accuracy F1-Score

Train 0.293 ± 0.002 69.56 ± 0.8 67.57 ± 0.4

Dev 0.322 ± 0.001 59.80 ± 1.3 57.53 ± 1.9

Test 0.328 ± 0.002 62.27 ± 0.5 59.26 ± 1.4

Table B.2: Loss, accuracy and F1-score of the single-task model trained on the RTE textual

entailment dataset. Results are computed over three independent runs.

Figure B.2: Learning curve and accuracy of the single-task model trained on the RTE textual

entailment dataset. The black line marks the epoch where training was stopped and the black

dot the loss / accuracy on the test set.

B.1.3 QQP

Loss Accuracy F1-Score

Train 0.146 ± 0.007 86.96 ± 0.8 82.35 ± 1.1

Dev 0.162 ± 0.001 84.97 ± 0.1 79.77 ± 0.4

Test 0.164 ± 0.001 84.94 ± 0.2 79.92 ± 0.4

Table B.3: Loss, accuracy and F1-score of the single-task model trained on the QQP para-

phrase identification dataset. Results are computed over three independent runs.
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Figure B.3: Learning curve and accuracy of the single-task model trained on the QQP para-

phrase identification dataset. The black line marks the epoch where training was stopped and

the black dot the loss / accuracy on the test set.

B.1.4 MRPC

Loss Accuracy F1-Score

Train 0.201 ± 0.009 81.38 ± 1.2 86.19 ± 0.8

Dev 0.237 ± 0.002 77.63 ± 0.6 84.37 ± 0.6

Test 0.230 ± 0.001 79.01 ± 0.7 85.26 ± 0.6

Table B.4: Loss, accuracy and F1-score of the single-task model trained on the MRPC para-

phrase identification dataset. Results are computed over three independent runs.

Figure B.4: Learning curve and accuracy of the single-task model trained on the MRPC para-

phrase identification dataset. The black line marks the epoch where training was stopped and

the black dot the loss / accuracy on the test set.
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B.1.5 Standard Multi-Task Learning

Test Loss Imp. Test Acc. Imp. Test F1 Imp.

MNLI 0.270 ± 0.001 + 0.003 63.57 ± 0.1 - 0.21 63.54 ± 0.1 - 0.24

RTE 0.316 ± 0.006 - 0.012 64.00 ± 1.1 + 1.73 64.14 ± 0.3 + 4.88

QQP 0.165 ± 0.001 + 0.001 84.72 ± 0.2 - 0.22 79.69 ± 0.2 - 0.23

MRPC 0.235 ± 0.003 + 0.005 78.61 ± 0.6 - 0.40 85.17 ± 0.3 - 0.09

Table B.5: Loss, accuracy and F1-score of the standard multi-task model trained on the four

chosen GLUE datasets. Results are computed over three independent runs. Improvements are

computed compared to the baselines.

Figure B.5: Learning curve and accuracy of the standard multi-task model trained on the four

chosen GLUE datasets. The black line marks the epoch where training was stopped and the

black dot the loss / accuracy on the test set.

B.1.6 Multi-Task Learning with Task-Identifier

Test Loss Imp. Test Acc. Imp. Test F1 Imp.

MNLI 0.269 ± 0.000 + 0.002 63.59 + 0.1 - 0.19 63.59 ± 0.1 - 0.19

RTE 0.316 ± 0.002 - 0.012 63.87 ± 1.1 + 1.60 64.01 ± 1.6 + 4.75

QQP 0.165 ± 0.000 + 0.001 84.89 ± 0.2 - 0.05 79.86 ± 0.4 - 0.06

MRPC 0.229 ± 0.003 - 0.001 78.69 ± 1.6 - 0.32 84.96 ± 1.0 - 0.30

Table B.6: Loss, accuracy and F1-score of the multi-task model with task-identifier trained on

the four chosen GLUE datasets. Results are computed over three independent runs. Improve-

ments are computed compared to the baselines.
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Figure B.6: Learning curve and accuracy of the multi-task model with task-identifier trained on

the four chosen GLUE datasets. The black line marks the epoch where training was stopped

and the black dot the loss / accuracy on the test set.

B.2 BERT-Related Experiments

B.2.1 QQP Artificial Dataset

Test Loss Imp. Test Acc. Imp. Test F1 Imp.

QQP-1 0.180 ± 0.001 - 83.02 ± 0.26 - 77.18 ± 0.46 -
STB

QQP-2 0.183 ± 0.001 - 82.85 ± 0.23 - 85.86 ± 0.17 -

QQP-1 0.172 ± 0.002 - 0.008 83.79 ± 0.17 + 0.76 78.34 ± 0.14 + 1.16
SMT

QQP-2 0.174 ± 0.001 - 0.009 83.88 ± 0.36 + 1.02 86.84 ± 0.30 + 0.98

QQP-1 0.173 ± 0.001 - 0.006 83.78 ± 0.14 + 0.75 78.34 ± 0.09 + 1.16
MT-ID

QQP-2 0.174 ± 0.000 - 0.009 83.87 ± 0.12 + 1.02 86.93 ± 0.10 + 1.07

Table B.7: Loss, accuracy and F1-score of the single-task, standard multi-task and multi-task

models with task-identifier trained on the two artificial QQP datasets. Results are computed over

three independent runs. Improvements are computed compared to the single-task baselines.

STB = Single-Task Baseline, SMT = Standard Multi-Task Learning, MT-ID = Multi-Task Learning

with Task-Identifier.
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Figure B.7: Learning curve and accuracy of the single-task model trained on one half of the

QQP dataset (where the labels are not reversed). The black line marks the epoch where training

was stopped and the black dot the loss / accuracy on the test set.

Figure B.8: Learning curve and accuracy of the single-task model trained on one half of the

QQP dataset (where the labels are reversed). The black line marks the epoch where training

was stopped and the black dot the loss / accuracy on the test set.

Figure B.9: Learning curve and accuracy of the standard multi-task model trained on the two

artificial QQP datasets. The black line marks the epoch where training was stopped and the

black dot the loss / accuracy on the test set.
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Figure B.10: Learning curve and accuracy of the multi-task model with task-identifier trained

on the two artificial QQP datasets. The black line marks the epoch where training was stopped

and the black dot the loss / accuracy on the test set.

B.2.2 BERT Input Representation

Test Loss Imp. Test Acc. Imp. Test F1 Imp.

QQP 0.164 ± 0.001 - 84.94 ± 0.22 - 79.92 ± 0.42 -

SST-2 0.122 ± 0.001 - 90.08 ± 0.08 - 90.95 ± 0.04 -STB
SUBJ 0.053 ± 0.001 - 95.80 ± 0.06 - 95.46 ± 0.05 -

QQP 0.169 ± 0.001 + 0.005 84.43 ± 0.11 - 0.51 79.27 ± 0.12 - 0.65

SST-2 0.126 ± 0.004 + 0.004 89.25 ± 0.45 - 0.84 90.10 ± 0.46 - 0.84SMT
SUBJ 0.055 ± 0.001 + 0.002 95.37 ± 0.15 - 0.43 94.96 ± 0.19 - 0.50

QQP 0.168 ± 0.001 + 0.004 84.43 ± 0.06 - 0.51 79.08 ± 0.03 - 0.84

SST-2 0.126 ± 0.002 + 0.004 89.65 ± 0.27 - 0.43 90.48 ± 0.33 - 0.47MT-ID
SUBJ 0.055 ± 0.001 + 0.002 95.44 ± 0.10 - 0.36 95.09 ± 0.15 - 0.37

Table B.8: Loss, accuracy and F1-score of the single-task, standard multi-task and multi-task

models with task-identifier trained with BERT-encoded sentences as the input representation.

Results are computed over three independent runs. Improvements are computed compared to

the single-task baselines. STB = Single-Task Baseline, SMT = Standard Multi-Task Learning,

MT-ID = Multi-Task Learning with Task-Identifier.
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Figure B.11: Learning curve and accuracy of the single-task model trained on the QQP dataset.

The black line marks the epoch where training was stopped and the black dot the loss / accuracy

on the test set.

Figure B.12: Learning curve and accuracy of the single-task model trained on the SST-2

dataset. The black line marks the epoch where training was stopped and the black dot the

loss / accuracy on the test set.

Figure B.13: Learning curve and accuracy of the single-task model trained on the SUBJ

dataset. The black line marks the epoch where training was stopped and the black dot the

loss / accuracy on the test set.
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Figure B.14: Learning curve and accuracy of the standard multi-task model trained on the

three datasets. The black line marks the epoch where training was stopped and the black dot

the loss / accuracy on the test set.

Figure B.15: Learning curve and accuracy of the multi-task model with task-identifier trained

on three datasets. The black line marks the epoch where training was stopped and the black

dot the loss / accuracy on the test set.
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B.2.3 BOW Input Representation

Test Loss Imp. Test Acc. Imp. Test F1 Imp.

QQP 0.256 ± 0.002 - 73.61 ± 0.28 - 61.35 ± 0.47 -

SST-2 0.287 ± 0.002 - 68.53 ± 0.32 - 74.91 ± 0.24 -STB

SUBJ 0.210 ± 0.001 - 81.15 ± 0.10 - 80.45 ± 0.05 -

QQP 0.252 ± 0.000 - 0.004 74.20 ± 0.07 + 0.58 62.06 ± 1.04 + 0.72

SST-2 0.293 ± 0.001 + 0.006 66.90 ± 0.35 - 1.63 73.97 ± 0.37 - 0.94SMT

SUBJ 0.212 ± 0.000 + 0.002 81.55 ± 0.17 + 0.40 80.68 ± 0.12 + 0.23

QQP 0.236 ± 0.024 - 0.020 74.53 ± 0.17 + 0.92 62.65 ± 0.99 + 1.30

SST-2 0.283 ± 0.000 - 0.004 69.25 ± 0.13 + 0.72 75.19 ± 0.24 + 0.28MT-ID

SUBJ 0.208 ± 0.000 - 0.002 81.61 ± 0.15 + 0.46 80.76 ± 0.09 + 0.32

Table B.9: Loss, accuracy and F1-score of the single-task, standard multi-task and multi-task

models with task-identifier trained with BOW-encoded sentences as the input representation.

Results are computed over three independent runs. Improvements are computed compared to

the single-task baselines. STB = Single-Task Baseline, SMT = Standard Multi-Task Learning,

MT-ID = Multi-Task Learning with Task-Identifier.

Figure B.16: Learning curve and accuracy of the single-task model trained on the QQP dataset.

The black line marks the epoch where training was stopped and the black dot the loss / accuracy

on the test set.
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Figure B.17: Learning curve and accuracy of the single-task model trained on the SST-2

dataset. The black line marks the epoch where training was stopped and the black dot the

loss / accuracy on the test set.

Figure B.18: Learning curve and accuracy of the single-task model trained on the SUBJ

dataset. The black line marks the epoch where training was stopped and the black dot the

loss / accuracy on the test set.
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Figure B.19: Learning curve and accuracy of the standard multi-task model trained on the

three datasets. The black line marks the epoch where training was stopped and the black dot

the loss / accuracy on the test set.

Figure B.20: Learning curve and accuracy of the multi-task model with task-identifier trained

on three datasets. The black line marks the epoch where training was stopped and the black

dot the loss / accuracy on the test set.
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