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Languages used on the Internet

Ultimate Goal: NLP for everyone
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NLP Tasks: Learning from   
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X Y

human-annotated  
examples

➡ Time-intensive 
➡ Expensive

I      like     Vince Gilligan  .
nsubj obj

punct
name
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Dl: {<x,y>} 



Labeled data is scarce (1/2)

all available data

labeled data 
Dl: {<x,y>} 

Y sparsity

unlabeled data 
Du: {<x>}
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Log scale

Amount of text data for mBERT/XLM-R (Conneau et al., 2020)

X sparsity

even X  
is scarce



Labeled data is scarce (2/2)
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The long tail of languages

Head

Tail

speakers /  
digital 

footprint /  
resources / 

…

Well-r
esource

d

Poorly
-re

source
d



Labeled data is biased (1/2)

Universal Dependencies v1.3 
(Nivre et al. 2016) 

(Plank, 2016, KONVENS)

Selection bias: 
Newswire
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From 40 langs/54 TBs (2016; v1.3) 
to 114 langs/202 TBs (2021; v2.8) 

Plot by Max Müller-Eberstein (work in progress)

#treebanks (TBs) in v2.7
Universal Dependencies v2.8



     (input dimension)    (output/label dimension)

Labeled data is biased (2/2)

Y
Single ground truth learning

e.g. disagreement in  
part-of-speech tags:

(Plank et al., 2014b)

X
Input distribution shifts  
adverse condition for train  
and evaluation data (not i.i.d.)

🇬🇧 🇩🇰
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https://www.aclweb.org/anthology/P14-2083.pdf


‣ |domain| x |language| - huge space! 
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Simple solution: Annotate more?
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But what’s a domain anyway?

‣ High-dimensional space, many (unknown) factors 

‣ A variety forms a region in this space (subspace) 

‣ some members more prototypical (Wittgenstein)

The variety space  
(Plank, 2016 KONVENS)



What to do about it? 

10
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Model A Model B

Traditional ML: 

Train & evaluate  
on same  

domain/task/language

Typical setup
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Adaptation / Transfer Learning 

Model A Model B

CROSS-DOMAIN

CROSS-LINGUAL

🇬🇧 🇩🇰task C

MULTI-TASK

task A

Data as 
by-product

FORTUITOUS 

task B

task C

Knowledge gained  
to help solve  

a related problem

Source Target



Three views on  
Transfer Learning (TL)
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Data domain 
with     the feature space               

              

Task  
where      is the label space

D = {X , P (X )}
X

T = {Y, P (Y|X )}
Y~ Notation ~



Cross-domain learning  
(domain shift/covariate shift) 
 
Cross-lingual learning 
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1

2

Transfer 
learning/

Adaptation

Transductive 
Transfer

Inductive 
Transfer

same task

different task

Different domains

Different languages

Multi-task learning (MTL) 

Sequential Transfer Learning 

& Continual learning

3

4

Tasks learned:
 

simultaneously 

sequentially Adapted from Pan et al., 
(2009) & Ruder (2019)

Types of Transfer Learning (1/3)



Types of Data Mismatch (2/3)
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1

2

Data 
mismatch

Input shift/
marginal 

distributions

Output shift/
labels change

Changes in  
X

Changes in  
Y

Different text types

Different languages

3

4

Different tasks

Timing/
Availability 

P (Xsrc) 6= P (Xtrg)

Xsrc 6= Xtrg

Domain Adaptation

Cross-lingual Learning

Ysrc 6= Ytrg

Multi-Task Learning

Sequential Transfer  
& Continual Learning

Omnipresent!



Types of Resource Availability (3/3)

Few-shot fine-tuning  
 
In-context learning,  
(conditioning via prompts) 
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1

2

Target data 
availability

Few-shot 
learning

Zero-shot 
learning

Some labeled 
data

Lack of labeled  
data

With parameter updating

Without parameter  
updating

Multi-task learning 

…

3

4

Availability of:
 

Auxiliary data

Unlabeled data

*Generate  
additional  

labeled data/ 
pseudo-labels

*see related ML methods on last slide



• = Largely today’s Pre-train & Fine-tune paradigm

One omnipresent kind of 
Sequential Transfer Learning
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Slide from NAACL 2019 tutorial

Transfer 
Learning is 

broader

How to 
adapt?

Slide from NAACL 2019 tutorial

https://github.com/huggingface/naacl_transfer_learning_tutorial
https://github.com/huggingface/naacl_transfer_learning_tutorial


• Full fine-tuning vs. adapters (Houlsby et al., 2019; Pfeiffer et al., 
2020) - see Iryna Gurevich’s talk on adapters

Sequential TL: Adapters for more 
efficient fine-tuning
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Slide from NAACL 2019 tutorial

How to 
adapt?

Figure from Houlsby et al., 2019

https://github.com/huggingface/naacl_transfer_learning_tutorial
https://arxiv.org/pdf/1902.00751.pdf


Cross-domain learning  
(domain shift/covariate shift) 
 
Cross-lingual learning 
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1

2

Transfer 
learning/

Adaptation

Transductive 
Transfer

Inductive 
Transfer

same task

different task

Different domains

Different languages

Multi-task learning (MTL) 

Sequential Transfer Learning 

& Continual learning

3

4

Tasks learned:
 

simultaneously 

sequentially Adapted from Pan et al., 
(2009) & Ruder (2019)

Roadmap: 3 selected case studies



• Introduction: The problem of scarce and biased data 

• What is Transfer Learning?  

• Three views on Transfer Learning 

• What is Multi-Task Learning?  

• Why MTL? Perspectives on MTL 

• Three selected case studies & Some recent advances

Overview

20



Multi-task Learning 
(MTL)

21
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Typical single-task learning

input

output
task A

x

task B

x



Can we do better?

23



Example: Learning how to drive a 
motorbike

24https://www.pexels.com/photo/bike-motorbike-motorcycle-21170/
auxiliary task

main task



“[MTL] is an approach for inductive transfer that improves generalisation by 
using the domain information contained in the training signal of related tasks 
as an inductive bias. It does this by learning tasks in parallel while using a 
shared representation; what is learned for each task can help other tasks be 
learned better” (Caruana, 1997)

25

Multi-task Learning (MTL): Key Idea

input

output

shared

task A

x

task B

x

task A task B

x

single-task learning (STL)multi-task learning (MTL)

auxiliary task*main task

* sometimes auxiliary task might be equally important
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MTL in Neural Networks (NNs)

input

output

shared

loss

task A task B

loss

x

additional  
decoders

la(y, ŷ)

<latexit sha1_base64="hRGZdjDSQL1VdjYWCwuCJQwLvao=">AAACE3icbVDLSgNBEJz1GeMr6tHLoAR8EXZF0WPQi8cIxgfZsPROJsmQ2dllpldYlvyDB/0VLx4U8erFm3/jJPGg0YKB6qpuerrCRAqDrvvpTExOTc/MFuaK8wuLS8ulldVLE6ea8TqLZayvQzBcCsXrKFDy60RziELJr8Le6cC/uuXaiFhdYJbwZgQdJdqCAVopKO3IALayPb8LmGf97WL5JsiNZn3qM0ioLVB3bKE4dYPSpltxh6B/ifdNNqsb/u79ZzWrBaUPvxWzNOIKmQRjGp6bYDMHjYJJ3i/6qeEJsB50eMNSBRE3zXx4U5+WrdKi7Vjbp5AO1Z8TOUTGZFFoOyPArhn3BuJ/XiPF9nEzFypJkSs2WtROJcWYDgKiLaE5Q5lZAkwL+1fKuqCBoY2xaEPwxk/+Sy73K95B5fDcpnFCRiiQdbJBtohHjkiVnJEaqRNG7sgjeSYvzoPz5Lw6b6PWCed7Zo38gvP+BUTJoCE=</latexit>

lb(y, ŷ)

<latexit sha1_base64="4u63L+8WCOqU6QilRTnWezztXN4=">AAACE3icbVDLSgMxFM34rPU16tJNaCn4osyIosuiG5cV7EM6ZcikaRuayQzJHWEY+g8u9FfcuFDErRt3/RvT1oVWDwTOPedebu4JYsE1OM7ImptfWFxazq3kV9fWNzbtre26jhJFWY1GIlLNgGgmuGQ14CBYM1aMhIFgjWBwOfYbd0xpHskbSGPWDklP8i6nBIzk2wfCD/bSI69PIEuH+/nSrZ9pRYfYoyTGpgDVM4Vk2PHtolN2JsB/iftNipWCd/gwqqRV3/70OhFNQiaBCqJ1y3ViaGdEAaeCDfNeollM6ID0WMtQSUKm29nkpiEuGaWDu5EyTwKeqD8nMhJqnYaB6QwJ9PWsNxb/81oJdM/bGZdxAkzS6aJuIjBEeBwQ7nDFKIjUEEIVN3/FtE8UoWBizJsQ3NmT/5L6cdk9KZ9emzQu0BQ5tIsKaA+56AxV0BWqohqi6B49oRf0aj1az9ab9T5tnbO+Z3bQL1gfX0Z0oCI=</latexit>
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MTL Problem Formulation

Given a set of T tasks   
 
and training data for each task: 

{D⌧}T⌧=1

<latexit sha1_base64="fC/HXIbZcPWtqe49PV+9na5iXjM="></latexit>

D⌧ = {(x, y)i}NT
i=1

<latexit sha1_base64="00X9WzjXbuinEUimdJ59Hzzb8MQ="></latexit>

L(✓; {D⌧}T⌧=1) =
TX

⌧=1

X

(x,y)i2D⌧

�⌧ l⌧ (y, ŷ)

<latexit sha1_base64="5Y44DRDs+u8fHs2Gq6mZm5tryss="></latexit>

MTL aims to learn a model over all tasks by minimising 
the loss on the training set:
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MTL Recipe illustrated

  
 
{D⌧}T⌧=1

<latexit sha1_base64="fC/HXIbZcPWtqe49PV+9na5iXjM="></latexit>

XA YA

XB YB

Data

loss

task A task B

loss

x_T

la(y, ŷ)

<latexit sha1_base64="hRGZdjDSQL1VdjYWCwuCJQwLvao=">AAACE3icbVDLSgNBEJz1GeMr6tHLoAR8EXZF0WPQi8cIxgfZsPROJsmQ2dllpldYlvyDB/0VLx4U8erFm3/jJPGg0YKB6qpuerrCRAqDrvvpTExOTc/MFuaK8wuLS8ulldVLE6ea8TqLZayvQzBcCsXrKFDy60RziELJr8Le6cC/uuXaiFhdYJbwZgQdJdqCAVopKO3IALayPb8LmGf97WL5JsiNZn3qM0ioLVB3bKE4dYPSpltxh6B/ifdNNqsb/u79ZzWrBaUPvxWzNOIKmQRjGp6bYDMHjYJJ3i/6qeEJsB50eMNSBRE3zXx4U5+WrdKi7Vjbp5AO1Z8TOUTGZFFoOyPArhn3BuJ/XiPF9nEzFypJkSs2WtROJcWYDgKiLaE5Q5lZAkwL+1fKuqCBoY2xaEPwxk/+Sy73K95B5fDcpnFCRiiQdbJBtohHjkiVnJEaqRNG7sgjeSYvzoPz5Lw6b6PWCed7Zo38gvP+BUTJoCE=</latexit>

lb(y, ŷ)

<latexit sha1_base64="4u63L+8WCOqU6QilRTnWezztXN4=">AAACE3icbVDLSgMxFM34rPU16tJNaCn4osyIosuiG5cV7EM6ZcikaRuayQzJHWEY+g8u9FfcuFDErRt3/RvT1oVWDwTOPedebu4JYsE1OM7ImptfWFxazq3kV9fWNzbtre26jhJFWY1GIlLNgGgmuGQ14CBYM1aMhIFgjWBwOfYbd0xpHskbSGPWDklP8i6nBIzk2wfCD/bSI69PIEuH+/nSrZ9pRYfYoyTGpgDVM4Vk2PHtolN2JsB/iftNipWCd/gwqqRV3/70OhFNQiaBCqJ1y3ViaGdEAaeCDfNeollM6ID0WMtQSUKm29nkpiEuGaWDu5EyTwKeqD8nMhJqnYaB6QwJ9PWsNxb/81oJdM/bGZdxAkzS6aJuIjBEeBwQ7nDFKIjUEEIVN3/FtE8UoWBizJsQ3NmT/5L6cdk9KZ9emzQu0BQ5tIsKaA+56AxV0BWqohqi6B49oRf0aj1az9ab9T5tnbO+Z3bQL1gfX0Z0oCI=</latexit>

Architecture Training

Sample task:

(Collobert & Weston, 2008, ICML)



• Scientific view: jointly solving related problems 
to work towards more general language 
understanding 

• Practical view: simpler model able to handle 
multiple tasks, which generalises better and is 
more efficient in learning

Why MTL?

29



• Attention focusing (Caruana, 1997): reduced net capacity 
improves generalisation

Why does MTL help generalise? (1/4)

30https://commons.wikimedia.org/wiki/File:Edible_fungi_in_basket_2012_G1.jpg



• Representation bias (Caruana, 1997) - MTL prefers solutions which 
other tasks prefer

31

Low error for task A

Low error for task B

.

Why does MTL help generalise? (2/4)



• Look ahead - A representation that predicts the future

32
https://coxlab.github.io/prednet/

Why does MTL help generalise? (3/4)



• Regularization (Caruana, 1997): MTL acts as regulariser (Ruder, 
2017), reduces the risk of overfitting, particularly on small data.

33https://commons.wikimedia.org/wiki/File:Edible_fungi_in_basket_2012_G1.jpg

Why does MTL help generalise? (4/4)



• Eavesdropping (Caruana, 1997) - eavedrop on shared representation 
to learn feature G through task B, which is hard to learn via task A

34https://upload.wikimedia.org/wikipedia/commons/thumb/7/7b/Henri_Adolphe_Laissement_Kardin%C3%A4le_im_Vorzimmer_1895.jpg/1920px-
Henri_Adolphe_Laissement_Kardin%C3%A4le_im_Vorzimmer_1895.jpg

Why does MTL help efficiency? (1/4)



• Better convergence through learning tasks in parallel

35

Why does MTL help efficiency? (2/4)

(Collobert & Weston, 2008, ICML)

Single 
task



• Replace traditional pipelines with a single model - Example 
from biomedical event extraction - Traditional pipeline:

36

Why does MTL help efficiency? (3/4)

1. Trigger identification

entity entitytrigger triggerarguments

2. Event structure detection

(Ramponi, van der Goot, Lombardo, Plank, EMNLP, 2020)

Biomedical Event Extraction as Sequence Labeling 

Linearisation + MTL = BeeSL 

https://aclanthology.org/2020.emnlp-main.431.pdf


BeeSL: gains in accuracy + speed

37

Inference time:  
sentences/min

(Ramponi, van der Goot, Lombardo, Plank, EMNLP, 2020)



• Reduces the need of labeled data - generalisation via prediction 
of auxiliary task (e.g. data from other tasks/languages)

38

Why does MTL help efficiency? (4/4)

la
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ua
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domains
tasks



Perspectives on MTL

39



MTL: learning from distinct sources
e.g., from other languages but also more remote sources like  

cognitive human data (gaze, keystrokes) 
 (Klerke et al. 2016 NAACL), (Plank 2016 COLING), (Barrett & Hollenstein, 2020)

PRONOUN

VERB

PARTICLE

VERB

DETERMINER

NOUN

SHORT

MID

LONG

MID

SHORT

CLASSIFIER 
(bi-LSTM)

Main 
Auxiliary 

They

got

to

pet

the

pterodactylus

And

a 

completely

different

text

40

XA
Y
A XB

Y
B



MTL: learning from distinct views

They

got

to

pet

the

pterodactylus

PRONOUN

VERB

PARTICLE

VERB

DETERMINER

NOUN

HIGH

HIGH

HIGH

MID    

HIGH

LOW

CLASSIFIER 
(bi-LSTM)

Main Auxiliary 

e.g., predict data properties (Plank et al., 2016 ACL),  
predict other data views like discourse tree views (Braud et al. 2016 CoNLL), 
predict other layers like syntax tree layers (Kondratuk & Straka, 2019 EMNLP) 

41

XA
Y
A

Y
B



MTL: Learning as selective sharing/
cascading

task A

task B

x

e.g., (Søgaard & Goldberg 2016 ACL)
42



Is MTL new? No. 
 

Successful Multi-task learning

43

in early ML



One of the early self-driving cars

First autonomous car: Ernst Dickmann’s VaMoRs Mercedes (1986) 
Src: https://www.youtube.com/watch?v=I39sxwYKlEE 

https://www.youtube.com/watch?v=I39sxwYKlEE


Data-derived auxiliary tasks



Alvinn MTL

46

Focus of Attention
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Deep learning & MTL in NLP

0

23

45

68

90

2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

“neural|deep learning”*

*(incl. variants of RNN/CNNs and excl. deep parsing)

 Titles of papers in ACL anthology (from 2004)

“2015 seems like the year when the full force of the 
tsunami hit the major NLP conferences” 

—Chris Manning (2015)

2016: 
MTL 

“wave”

MTL “wave” (Ruder & Plank, 2018)
DL “tsunami” (Manning, 2015)



Today: MTL everywhere!

48

20162015 2017 2018 2019 2020

LSTM/CNN Transformer

First MTL wave 
(2016-2017)

Vaswani et al., 2017 NeurIPS: Attention is all you need



BERT: Multi-task pre-training

e.g., Devlin et al., (2019)
49

unsupervised 
MTL 

objectives: 
MLM + NSP



… and Multi-task Fine-Tuning 
using BERT & co

MT-DNN by Liu et al., ACL 2019
50

Slide adapted from Clark et al, 2019



Cross-domain learning 

Cross-lingual learning 

Multi-task learning with Fortuitous Data 

Continual Learning 

51

Roadmap

1

2

3

4



Learning to select data for  
transfer learning  

with Bayesian optimization

52

Sebastian Ruder and Barbara Plank 
EMNLP 2017

Part 1



Data Setup: 
Multiple Source Domains

53

Target domain

Source domains 
(labeled)

Idea: Learning to 
select 

the most relevant 
data from multiple 

sources  
using data metrics



Why? Why don’t we just train on all source data? 

‣ Prevent negative transfer 

‣ e.g. “predictable” is negative for         , but positive in 

Prior approaches to data selection: 

‣ use a single similarity metric in isolation; 

‣ focus on a single task.

54

Motivation



Intuition 

‣ Different tasks and domains require different notions of 
similarity. 

Idea 

‣ Learn a data selection policy using Bayesian Optimization 

‣ Evaluate on multiple tasks

55

Our approach
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Our approach

x1
x2

xm

⋮
S = ϕ(x)⊤w

Training examples

⋮

Selection policy

xn

Sorted examples

m

‣ Related: curriculum learning (Tsvetkov et al., 2016)
Tsvetkov, Y., Faruqui, M., Ling, W., & Dyer, C. (2016). Learning the Curriculum with Bayesian Optimization for 

Task-Specific Word Representation Learning. In Proceedings of ACL 2016.

Source domains



Bayesian Data Selection Policy

57

S = �(X ) · wT

different similarity/diversity features
learned feature weights



Features

58

•Similarity:  
Jensen-Shannon, Rényi div, Bhattacharyya dist, 
Cosine sim, Euclidean distance, Variational dist 
-  Representations: 
Term distributions,  
Topic distributions,  
Word embeddings  

•Diversity: #types, TTR, Entropy, Simpson’s       
index, Rényi entropy, Quadratic entropy
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Data & Tasks

Three tasks: Domains:

Sentiment analysis on Amazon reviews dataset (Blitzer et al., 2007)

POS tagging and dependency parsing on SANCL 2012 (Petrov and 
McDonald, 2012)

Blitzer, J., Dredze, M., & Pereira, F. (2007). Biographies, bollywood, boom-boxes and blenders: Domain 
adaptation for sentiment classification. In Proceedings of ACL 2007.  

Petrov, S., & McDonald, R. (2012). Overview of the 2012 shared task on parsing the web. In Notes of the First 
Workshop on Syntactic Analysis of Non-Canonical Language (SANCL).



Setup & Baselines

60

closest m  
 by JS (examples)

Source domains Target domain
JS: Jensen-Shannon divergence



Setup & Baselines

61

closest m  
by JS (domain)

Domain B
Domain A

Source domains Target domain
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Sentiment Analysis Results
Selecting m=2,000 from 6,000 source domain examples

Ac
cu

ra
cy

 (%
)

62

68

74

80

86

Book DVD Electronics Kitchen

Random JS divergence (examples)
JS divergence (domain) Similarity (topics)
Diversity Similiarity + diversity
All source data (6,000 examples)

‣ Selecting relevant data is useful when domains are very different.
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Dependency Parsing Results
Selecting 2,000 from 14-17.5k source domain examples (POS 

tagging results in paper, similar trend)

La
be

le
d 

At
ta

ch
m

en
t S

co
re

 (L
AS

)

62

71

80

89

Answers Emails Newsgroups Reviews Weblogs WSJ

Random JS divergence (examples) JS divergence (domain)
Similarity (terms) Diversity Similiarity + diversity
All source data

(BIST parser, Kiperwasser & Goldberg, 2016)



‣ Domains & tasks have different notions of similarity.  
Learning a task-specific data selection policy helps  

‣ Can avoid negative transfer (best result for sentiment) 

‣ More results in the paper: The learned policy transfers 
 (to some extent) across models, tasks, and domains

64

Take-aways

https://github.com/sebastianruder/learn-to-select-dataCode:

https://github.com/sebastianruder/learn-to-select-data


‣ We saw that domains are not as simplistic and 
clear-cut as often considered (variety space, 
Plank 2016)  

‣ Domains are still relevant in BERTology times 
(Gururangan et al., 2020 ACL) 

‣ Beneficial for data selection in NMT (van der 
Wees, 2015, 2017; Aharoni & Goldberg, 2020)

65

Variety Space & Recent Works on 
Data Selection



Cross-domain learning 

Cross-lingual learning 

Multi-task learning with Fortuitous Data 

Continual Learning 

66

Roadmap

1

2

3

4



From Masked-Language Modeling 
to Translation: Non-English 

Auxiliary Tasks Improve Zero-Shot 
Spoken Language Understanding

67

Rob van der Goot, Ibrahim Sharaf,  Aizhan Imankulova,  Ahmet Üstün, Marija 
Stepanovic, Alan Ramponi, Siti Orzya Khairunnisa, Mamoru Komachi, 

Barbara Plank

Part 2

et al., NAACL 2021



Example: Languages in EU covered by voice assistants  

https://www.globalme.net/blog/language-support-voice-assistants-compared/

*as of March, 2020
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Task: Slot and Intent Detection

69

Intent: SearchScreeningEvent



Task: Slot and Intent Detection

70

Intent: SearchScreeningEvent

Slots:



How can we transfer 
knowledge to  

low-resource languages?

71
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Approaches

annotation transfer 
(e.g. annotation projection, 

translation)

model transfer  
(e.g. representation transfer 

like multilingual embeddings,  
delexicalization ) 
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Idea: Non-English Auxiliary Tasks

Pre-trained LM

Multilingual 
LM 

(mBERT, 
XLM-R)

Adaptation 

Slot/intent +  
auxiliary 

tasks

English training data: 
slot and intents

+ Target language  
auxiliary tasks



• Raw data: Masked language modelling (aux-mlm) 

• Parallel data: Neural machine translation (aux-nmt) 

• Parsing data: UD parsing (aux-ud)

Non-English Auxiliary Tasks
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New dataset: xSID

75

★ Data, code: https://bitbucket.org/robvanderg/xsid     

https://bitbucket.org/robvanderg/xsid


• Baselines:  

• Baseline (mBERT): joint intent + slot 
prediction (MaChAmP, van der Goot 
et al., 2021) 

• Strong baseline (nmt-transfer): NTM 
(translate training data to target 
language) + annotation projection 
(map slots with attention)

Experiments

76



Results on Slots - Main take-away

77

(More results in the paper)



A closer look at a German dialect

78
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“Südtirolerisch”,  
an Austro-Bavarian Dialect in Northern Italy

https://upload.wikimedia.org/wikipedia/commons/thumb/a/ac/Austro_Bavarian_Languages-01.png/1024px-
Austro_Bavarian_Languages-01.png

South Tyrol



• German dialect (“Südtirolerisch”) spoken by a minority 

• Spoken in the northernmost Italian province of Bozen-Bolzano 
with ~0.5M inhabitants (~2/3 German dialect speakers) 

• No common orthographic standard 

• Lexical influence of other official languages (Italian, Ladin) 

• “Hosch is patent schun gemocht?”  
[patent (neut.)= 
ital. la patente (fem.),  
dt. der Führerschein (masc.),  
eng. driver’s license]

South Tyrolean 
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Example

81

# text-en: Is it going to rain today? 
# text: Regnts heinte?

# text-en: Will it be sunny today? 
# text: Wearts heint sunnig?



• Very difficult to get access to unlabeled data 

• Social media (Twitter): highly mixed data, switch to “high” 
languages, no “dialect” identifier exists 

• AskFM: short Q&A posts, more dialectal

X Sparsity

82

u
e



De-ST: #sentences for MLM

83

40
42
44
46
48
50
52
54
56
58
60

base MLM MLM askFM ML Twitter cap MLM Twitter

55,554,9
56,0

58,6

49,3

30k 6.5k 6.5k 23.5mBERT



Take-aways

84

1. xSID is a new multilingual evaluation dataset for 
intent and slot detection 

2. aux-MLM is the most robust auxiliary task  

3. First results on a very-low resource German dialect (X 
sparsity) 

★ Data, code: https://bitbucket.org/robvanderg/xsid   

★ Video: https://www.youtube.com/watch?v=DH0C-n_p6h0    

u
e

https://bitbucket.org/robvanderg/xsid
https://www.youtube.com/watch?v=DH0C-n_p6h0


Cross-domain learning 

Cross-lingual learning 

Multi-task learning with Fortuitous Data 

Continual Learning 
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Roadmap

1
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Learning with 
disagreement

86

joint work with Dirk Hovy, Hector Martinez Alonso,  Anders Søgaard, Tommaso Fornaciari,  
Alexandra Uma, Silviu Paun, Massimo Poesio (EACL 2014, ACL 2014, NAACL 2021)



Disagreement in human 
annotation is ubiquitous

87



there are linguistically hard 
cases, even for POS tagging

88

e.g. Manning (2011). Part-of-Speech tagging 
from 97% to 100%. Is It Time for Some 

Linguistics?



Say Anything with boyfriend :)

VERB       NOUN         

Example from Twitter dataset (Gimpel et al., 2012; Hovy et al., 2015)

VERB        PRON       

 ADP       NOUN     SYMVERB         ADV       

 ADP       NOUN     SYM

 ADP       NOUN     SYM



Accept there is no 
ground truth.

So what can we do?



Are disagreements randomly distributed?
... and can we estimate disagreements from small 

samples?



TwitterWall Street Journal PTB-00



TwitterWall Street Journal PTB-00



TwitterWall Street Journal PTB-00



How to exploit this 
information?

algorithmsFilter data



Disagreement is a type of  
 
 

Fortuitous data

96



‣ Data out there,  

that waits to be harvested (availability),  

and can be used (relatively) easily (readiness)

97

Fortuitous data



98

Typology of fortuitous data

Type / Side benefit of Examples Availability Readiness

meta-data
hyperlinks, HTML markup, 
unlabeled data, symbolic 

knowledge
+ +

annotation annotator disagreement - +

behavior cognitive processing data + -



How to exploit 
disagreement during 

learning?

Survey upcoming (Uma et al., 2021)



 CM (confusion matrix)

Plank et al., (2014)cost-sensitive learning



Can we exploit MTL?

101
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Multiple human annotations 

A B A

B B B

D C C

A

B

C
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Typical setup

Gold label

x

0
0,45

0,9

A B C D

y=C



104

Soft-labels via Multi-Task Learning

Gold label

x

0
0,45

0,9

A B C D

Gold label + Soft label

x

(Fornaciari, Uma, Paul, Plank, Hovy, Poesio 2021 NAACL)

y=C

0
0,45
0,9

A B C D

y=C

0
0,45
0,9

A B C D

0
0,2
0,4

A B C D
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Soft-labels

0
0,2
0,4

A B C D

0
0,3
0,6

A B C D

Predicted softmax Q

Annotator distribution P

Measure divergence



• Comparison: 

• Single task learning 

• Multi-task learning (with gold or majority vote) 

• With soft loss 

• Two NLP tasks in this paper: POS and stemming

Experiments

106



Results

107

84

85

86

87

STL MTL + KL MTL + KL inv

Accuracy POS 5 fold
Accuracy POS test

73

75

76

78

STL MTL + KL MTL + KL inv

Accuracy  Stemming

DKL(Q | |P)DKL(P | |Q)



✓not all disagreement is noise 

✓embrace it during learning 

➡Consider releasing raw annotations 

✦ More work needed to find suitable forms 

of evaluation and understand different 

forms of disagreement (Basile et al., 2021) 
108

Take-home-message

0
0,2
0,4

A B C D



Outro:  
MTL Practicalities   

When does it work?  
Two recent advances

109



• Sharing parameters across tasks might lead to a deterioration of 
performance 

• Not all tasks might be equally useful 

• Training data from one task might swamp learning 

• Possible solutions: sampling of data, weighting of loss

Problem: Interference

110



Example: 75 languages, one parser: 
UDify

111https://arxiv.org/pdf/1904.02099v2.pdf

EMNLP, 2019

https://arxiv.org/pdf/1904.02099v2.pdf


112

Smoothing? Parsing UD v2.6 with 
MaChAmP (van der Goot et al., 2021 EACL)

70

71

72

73

74

Single All Smoothed 0.5

73,74

72,82
72,22

163 treebanks, 92 languages, released May 15, 2020.
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Result by treebank size: Smoothing 
helps for low-resource languages

0

23

45

68

90

zero <1k <10k >10k

Single All Smoothed 0.5

Single  
source  

selection



• UPOS + UFeats + Parsing as MTL  

• Tagging tasks accuracy increased rapidly 
and might overwhelm the overall loss, 
causing the parser to underfit  

• Scaling down tagging losses helps some 
languages for parsing, but drops tagging 
performance

Interference of MTL in Parsing 
(Grünewald et al., 2021)
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So, not all that glitters is gold - 
When does MTL work?

115

• Data properties can give some clue for MTL 
(Label entropy, Kurtosis) (Alonso & Plank, 2017) 

• Learning curve (Bingel & Sogaard, 2017) 
• Mutual information (Bjerva, 2017; Schroeder & 

Biemann, 2020)



Finally, selected advances in MTL

116

• MTL & continual learning  
(Sanh et al. 2019; Sun et  
al., 2020)

• MTL & knowledge distillation  
(Clark et al., 2019)

Distillation with 
teacher annealing

Progressively 
adding tasks

• MTL & adapters via shared hypernetworks 
(Mahabadi et al., 2021 arXiv)



To wrap up…
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• Scarce and biased data are ubiquitous 

• Transfer Learning is broad, STL is one kind 

• Data selection for transfer learning 

• Multi-Task Learning - helps in low-
resource setups (e.g. aux-MLM); allows 
use of distinct data sources; interference 
can be an issue

Key Take-aways
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Relationship to other learning paradigms

119

Target 
domain/task

Supervised 
LearningSufficient  

labeled data  
Dl

Lack of  
labeled 

data  
Dl

Reduce the 
need of 

labeled data 
via   

Knowledge 
Transfer

Generate  
additional  

labeled data/ 
pseudo-labels

Transfer Learning (TL)

Fortuitous Learning (Data) Other data/signal 
 as by-product

@barbara_plank

Semi-Supervised Learning

Active Learning 

Data augmentation

Distant & Weak supervision

Unlabeled data

Generate data

Label data

Label data  
with heuristics

Knowledge distillation Teacher labels



It’s an exciting time to study how 
we can best address  

scarce & biased data conditions

120



Questions?  Thanks!

Transfer Learning & 
MTL in NLP 

@barbara_plank 
bapl@itu.dk

Thanks to the support by:

bplank.github.io 
nlpnorth.github.io
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mailto:bapl@itu.dk
http://plank.github.io
http://nlpnorth.github.io


Learning to select data for transfer learning with Bayesian Optimization 

(Ruder & Plank, EMNLP 2017): Data selection for transfer learning  

From Masked Language Modeling to Translation: Non-English Auxiliary 
Tasks Improve Zero-shot Spoken Language Understanding

(van der Goot et al., NAACL 2021): xSID and aux-MLM 

Beyond Black & White: Leveraging Annotator Disagreement via Soft-
Label Multi-Task Learning

(Fornaciari et al., NAACL 2021): soft-loss MTL 
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