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Ultimate Goal: NLP for everyone

Languages used on the Internet
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NLP Tasks: Learning from D:: {<x,y>]

human-annotated
examples

punct

nsubj obA name
| like Vince Gilligan . /\A/\\A

Citigroup has taken over EMI, CompanyAcquired(Citigroup, EMI)

= [ime-intensive
= EXpensive



Labeled data is scarce (1/2)

labeled data
Dy {<Xx,y>]
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Log scale even X
IS scarce

unlabeled data
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Amount of text data for MBERT/XLM-R (Conneau et al. ,2020)
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Labeled data i1s scarce (2/2)

0

speakers /
digital

footprint /

resources /
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Labeled data is biased (2/2)

X (input dimension)

Y(output/label dimension)

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

Single ground truth learning
e.g. disagreement in
part-of-speech tags:

(Plank et al., 2014b)



https://www.aclweb.org/anthology/P14-2083.pdf

Simple solution: Annotate more?

» |domain| x |language| - huge space!
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blog | bible | legal | medical | social | spoken | wiki | web | reviews
Anc. Greek v v v
Arabic

Basque
Bulgarian
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Chinese v
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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)
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The variety space i i . BenrE
(Plank, 2016 KONVENS)
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What to do about it?
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Model A

Typical setup

Traditional ML:

Train & evaluate
on same
domain/task/language

l

Model B



Adaptation / Transfer Learning

Tar
Source arget .

“w“

.,— \task C
Knowledge gained

— ’ to help solve W
Data as
by-product l a related problem

Model A Model B

\ /'

CROSS-DOMAIN

CROSS-LINGUAL
MULTI-TASK
FORTUITOUS



Three views on
Transter Learning (TL)

Data domain D = {X, P(X)} - Notation ~ Task 7 ={Y,P(Y|X)}
with X the feature space where ) is the label space

13



Types of Transfer Learning (1/3)

Different domains

Cross-domain learnin
Transductive | _—" 0 5
Transfer \ (domain shift/covariate shift)

Different languages

same task

Cross-lingual learning

Transfer

learning/
Adaptation

Tasks learned:

simultaneously

e Multi-task learning (MTL)
different task Inductive
Transfer \

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

Sequential Transfer Learning




Types of Data Mismatch (2/3)

Different text types

Input shifty | _— c.’ Xare) 7 P(Xirg)
nput shi
. marginal Domain Adaptation
Changes in - .
X distributions \

N Xsrc # Xtrg
Different languages w»  Cross-lingual Learning

Data
mismatch

Different tasks

ysrc # ytrg

Changes in

: O,
Output shift/ / Multi-Task %,
labels change \ o

{ Omnipresent! }

'_ 9 uentlTransfer _
& Continual Learning

O~

Timing/
Availability



Types of Resource Availability (3/3)

With parameter updating

Few-shot | _— 0 Few-shot fine-tuning

Some labeled learning \
data In-context learning,

(conditioning via prompts)
Without parameter
updating

Target data

availability

Availability of:

Auxiliary data

/

Multi-task learning

Lack of labeled Zero-shot
ac 3 ta ele learning
ata *Generate
0 ... additional
labeled data/

| Unlabeled data pseudo-labels
*see related ML methods on last slide |6



One omnipresent kind of
Sequential Transfer Learning /

{ Transfer §
{ Learningis }

« = Largely today’s Pre-train & Fine-tune paradigm \ Proader J

Learn on one task / dataset, then transfer to another task / dataset

word2vec

_ GloVe Adaptation
Pretraining skip-thought 5 classification

Al InferSent sequence labeling
ELMo QRA
ULMFiT
GPT

BERT

Slide from NAACL 2019 tutorial
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https://github.com/huggingface/naacl_transfer_learning_tutorial
https://github.com/huggingface/naacl_transfer_learning_tutorial

Sequential TL: Adapters for more
efficient fine-tuning

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

,’, Layer Norm “‘ "'Adapter N
- : (  Layer o '
i Transformer \ : 1
o —— 1 ! [00000O0 e
i Adapter i - ! ] [ . | classification
- j \- T : ; Feadforward | sequence labeling
: ! up-project ‘
E 2% Fef:y-g:nuard . : i p-proj ) i Q&A
I ] l [
4 : 1 (" N
: : ; Nonlinearity
X Layer Norm ! ; T
: ! ; QC
: : [
: ! | Feadforward
‘ R Ty - : down-project
: Feed-forward layer ! ' I
I I I
: Multi-headed E N feYeYoXoXeXe) |
\ attantion h \ B o
__________ I_________o’

Figure from Houlsby et al., 2019


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

Roadmap: 3 selected case studies

Different domins o R S
- Cross-domain learnin
Transductive | _— N . . :
Transfer i (domain shift/covariate shift)

Cross-lingual learning

same task
" N
Different languages

Transfer
learning/

Adaptation

Tasks learned:

simultaneously

Multi-task learning (MTL)

different task Inductive
Transfer \

Sequential Transfer Learning

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



Overview

What is Multi-Task Learning?
Why MTL? Perspectives on MTL

 Three selected case studies & Some recent advances

20



Multi-task Learning
(MTL)



Typical single-task learning

task A task B
@
(000000) (000000)

l l

Input

22



Can we do better?



Example: Lear
_motorbike._!

h’
-

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




Multi-task Learning (MTL): Key Idea

sinlicteakkl beaminpe (K4 TL)

“[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)

* sometimes auxiliary task might be equally important 25



MTL in Neural Networks (NNs)

task A task B

y J) Ip( y 9)
output
o C.”T...) ™ additional
decoders
Input %

26



MTL Problem Formulation

Given a set of T tasks {97}2:1

and training data for each task: D, = {(z,y):};*4

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

L(0;{D-};_,) Z > Al (v,

1l (x,y); €D

27



MTL Recipe illustrated

task A task B

{DT }ijl Sample task:
(¥, 9) (Y, 9)

0 @ 1. Select the next task.
2. Select a random training example for this task.
3. Update the NN for this task by taking a gradient
step with respect to this example.

1. Go to 1.

(Collobert & Weston, 2008, ICML)

(000000)

|

X T

Data Architecture Training

28



Why MTL?

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

* Practical view: simpler model able to handle
multiple tasks, which [generalises betterjand i
moreeff:c:ent iin learn in g

29



Why does MTL help generalise? (1/4)

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

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

30



Why does MTL help generalise? (2/4)

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

Low error for task A

Low error for task B

31



Why does MTL help generalise? (3/4)

* Look ahead - A representation that predicts the future

Actual

Predicted

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

32



Why does MTL help generalise? (4/4)

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

1}

min Z "!(lifj + W, .i}r) * A| w |‘§
w 9

=1

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

33



Why does MTL help efficiency? (1/4)

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

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



Why does MTL help efficiency? (2/4)

 Better convergence through learning tasks in parallel

wsz=15

© SRL

& SRL+POS

- SRL+CHUNK
SRL+POS+CHUNK
SRL+POS+CHUNK+NER

4 SRL+SYNONYMS

% SRL+POS+CHUNK+NER+SYNONYMS
SRL+LANG.MODEL

QO SRL+POS+CHUNK+NER+LANG.MODEL

Test Emor

14‘ L l‘ .l

Epach
(Collobert & Weston, 2008, ICML)



Why does MTL help efficiency? (3/4)

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

Theme
[Expression/ Theme,_g P "\ —\FRGEE@OH}/~ Cause "[Pro)
expression of FokpB\can\also be down-regu.latécf by HTLV-I Tax [8].

S \

I Wt |

trigger _ entity arguments trigger entity

1. Trigger identification rd
2. Event structure detection

Linearisation + MTL = BeeSL !(Z‘@

Biomedical Event Extraction as Sequence Labeling
(Ramponi, van der Goot, L ombardo, Plank, EMNLP, 2020)

36


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

BeeSL: gains in accuracy + speed

F1 score

BeeSL ([
60 EES (((9

KB-TrecLSTM pipeling
H9 (Li etal., 2019)

SVM pipeline {(<CR) CNN pipeline (+DP) ®
(Miwa et l., 2013) (Bjiime & Salakoski, 201§) :
o8 a ¢ ensembie 8 |
SVM pipeline & MLN (Joint) ’ [
(Venugopal et 2l., 2014) ! |
' 1
Y8 Stacked generalization ol ; :
; | single , o
Comhination (Joint+parsing)  (Majumder et al., 2016) @ reelSIM
(Riedel et a'_, 2011) ] pipeline

ob @
q}')\\‘ qp\n’ qp\ﬂb G/Q\b‘ 10\6 rLQ\b q})\q qp\b ny\)\'g rLQrLQ

Figure 1: Performance of biomedical event extraction
on the BioNLP Genia 2011 test set over time.

Inference time:;
sentences/min

sents/min
TEES (single) 2554
TEES (ensemble) 1014+,
BEESL 499 5

(Ramponi, van der Goot, Lombardo, Plank, EMNLP, 2020)
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Why does MTL help efficiency? (4/4)

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

languages -

. N ) domains '

38



Perspectives on MTL



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 & Holleng’gs:!n, 2

-

020)

Main
Auxiliary
They | |PRONOUN
got - /\= And
a
10 CLASSIFIER
pet (bi-LSTM) completely
different

the

pterodactylus text

40



MTL: learning from distinct views

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)

Main  Auxiliary

They

got

to CLASSIFIER

(bi-LSTM)
pet

A

the

. N
pterodactylus

41



MTL: Learning as selective sharing/
cascading

task B

task A COOOP OO)

(000000)
AN x

(0O00000)

|

X

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



Is MTL new? No.

Successful Multi-task learning

N early ML

43



One of the early self-driving cars

Figure 4: NAVLAB, the CMU autonomous navigation test vehicle.

CMU Alvinn MTL (Caruana 1998)

First autonomous car: Ernst Dickmann’s VaMoRs Mercedes (1986)
Src: https://www.youtube.com/watch?v=139sxwYKIEE



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

Data-derived auxiliary tasks

For our MTL experiments, eight additional tasks were used:

e whether the road is one or two lanes e location of centerline (2-lane roads only)
¢ location of left edge of road ¢ location of right edge of road

e location of road center e intensity of road surface

e intensity of region bordering road e intensity of centerline (2-lane roads only)

CMU Alvinn MTL (Caruana 1998)

Note: here all task labels computable from data




Alvinn MTL

Steering Direction

.,t,.
e\l

EEEmEns EEemE
S5 et B3 GRS
b

..:....m e

g

&,

|\
NN
DN
i ﬁ%%‘%%{&

%ﬁi
NN

L NN
g ;%@%\%’%&

Single MultiTask Learning
Task Leaning

Focus of Attention



Deep learning & MTL in NLP

“2015 seems like the year when the full force of the
tsunami hit the major NLP conferences”
—Chris Manning (2015)

90
68
“neural|deep learning”* MTL
45 “Wave”
23
0

2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 201

*(incl. variants of RNN/CNNs and excl. deep parsing)
Titles of papers in ACL anthology (from 2004)

DL “tsunami” (Manning, 2015)
MTL “wave” (Ruder & Plank, 2018) 47



Today: MTL everywhere!

/ NSF NaskLM Mask LM

5z
- G- G

BERT
:]E] [E~HE ][E (&

) ()

First MTL wave | e
(201 6_201 7) Pre-training
Transformer
LSTM/CNN
| | | | | [
2015 2016 2017 2018 2019 2020

Vaswani et al., 2017 NeurlIPS: Attention is all you need 46



BERT: Multi-task pre-training

7 unsupervised
\ MTL
objectives:
MLM + NSP

Masked Sentence A Masked Sentence B

\ > /

\ /
\ 7

Unlabeled Sentence A and B Pair

Pre-training

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



... and Multi-task Fine-Tuning

Task 1
softmax

Task 2
sofimax

Task 3
softmax

/

Slide adapted from Clark et al, 2019

using BERT & co

!y input emhbedding vectors, one each taken.

Rl

P-(c|X) Sim(X;,X>) P-(R|P,H) Rel(@.A)
(8.z., prabability of le.g., semantic (e.g., probability of (e.g., relevance scare
laheling text X by ©) wmilarity betwesn X, logic relaticnship & of candidate answer 4
and X; ) between F and [f) glven query )
Task specific T . T T
layers ' )
Single-Sentence Pairwise Text Pairwise Text Pairwise
Classification Similarity Classification Ranking
(e.5., CulA, 55T-2) [eg., STS-B) (e.g., RTE, MINLI, (e.g., QNLI)
WKL, QQP, MRPC)
F
f ! I
[, context embedding vectors, one for each token.
A
Transformer Encoder (contextual embedding layers)
Shared ) 'y
layers

Lexicon Encoder {word, position and segment)

I

X: asentence or a pair of sentences

MT-DNN by Liu et al., ACL 2019

50



Roadmap

i c Cross-domain learning

Cross-lingual learning
N

| e Multi-task Iearnmg with Fortuitous Data |

o Continual Learning

51



Learning to select data for
transfer learning
with Bayesian optimization

Sebastian Ruder and Barbara Plank
EMNLP 2017

Part

52



A.‘.. . "‘

Data Setup:
Multiple Source Domains

N
m @ * — R — m |
\{DVD-R|

Source domains

(labeled)

Target domain

Idea: Learning to

L4

. > select
N\, ﬂiﬁ - ‘ the wmost relevant
N e data from mulkiple

- £S
¥,
NS sources

-

3. B

. L e N using data metrics

53



Motivation

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

» Prevent negative transfer

» e.g. “predictable” is negative for Ej, but positive in *

Prior approaches to data selection:

» use a single similarity metric in isolation;

» focus on a single task.

54



Our approach

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

Training examples Selection policy Sorted examples

i )
S b

12 S =¢(x)'w m

Xn

Source domains

» 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.

56



Bayesian Data Selection Policy

S=0o(X) w'
™ learned feature weights
different similarity/diversity features

Bayesian . Evaluation on
Optimisation validation set

Feature Scoring & - Task model
extraction sorting with S, training

57



Features ¢(X)

e Similarity:
Jensen-Shannon, Rényi div, Bhattacharyya dist,
Cosine sim, Euclidean distance, Variational dist
- Representations:
Term distributions,

Topic distributions,
Word embeddings

e Diversity: #types, TTR, Entropy, Simpson’s

index, Rényi entropy, Quadratic entropy

58



Data & Tasks

Three tasks: Domains:

D9 U @& =

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

HiE D@

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).

59



Setup & Baselines

closest m
by JS (examples)

Source domains
JS: Jensen-Shannon divergence

Target domain

60



Setup & Baselines

closest m
by JS (domain)

Domain A

\- 4
Domain B .

® o
® ®

Source domains

Target domain

61



Sentiment Analysis Results

Selecting m=2,000 from 6,000 source domain examples

74

Accuracy (%)

@)
(00)

62
Book DVD Electronics Kitchen
B Random B JS divergence (examples)
[0 JS divergence (domain) B Similarity (topics)
B Diversity B Similiarity + diversity

B All source data (6,000 examples)

» Selecting relevant data is useful when domains are very different.

62



Labeled Attachment Score (LAS)

Dependency Parsing Results

Selecting 2,000 from 14-17.5k source domain examples (POS
tagging results in paper, similar trend)

80 -

\l
—_k

62

Answers Emails Newsgroups Reviews Weblogs WSJ

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

(BIST parser, Kiperwasser & Goldberg, 2016)
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Take-aways

» 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
45+ 5k (to some extent) across models, tasks, and domains

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


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

Variety Space & Recent Works on
Data Selection

0}}/ » We saw that domains are not as simplistic and
q.é’;:s;:;; clear-cut as often considered (variety space,
" Plank 2016)
a, — task
} » Domains are still relevant in BERTology times
erget domain (Gururangan et al., 2020 ACL)

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

c Cross-domain learning

| Cross-lingual learning

e Multi-task learning with Fortuitous Data

0 Continual Learning

66



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

Rob van der Goot, Ibrahim Sharaf, Aizhan Imankulova, Ahmet Ustiin, Marija

Stepanovic, Alan Ramponi, Siti Orzya Khairunnisa, Mamoru Komachi,
Barbara Plank

Part

"

") |
et al., NAACL 2021 67



Example: Languages in EU covered by voice assistants

Ce—

-_' S )
Kven Y,

YR Noﬂhlw\‘ﬂﬂi Eastern Sami
! ”f\) <%

Mniuhrll

Lule Sami L \ ? Komi
Permic Languages
[ Uralic leray,

w\xdrdhn Fizno-Permic branck)
4

Languages Wi : . i me_sh' ) "‘""‘Y'%
Ofsul‘()}ie o \ i ' Einno- mumc‘ Veps

f g B Langamg;;

(l ralié Mv
4_ Wermu hnn 'k

Esroma"'\ RuSSian

o
. ] ﬂf’:” LLatvlir:dhf\ra”

X / ‘— : o e Ii:;;:':m“‘v

I ithuanian \kﬂ

o - r
fiaricn)  relsh “*; Slavic

Rashulyian r Belarusian -
) }La 1 gu ages

Polish pm‘”

& Ml
rfa;umu' \;”'" - . R
languagrs 2 ; Silesian / Ukrainian —
Lu}cmlz:rsuh { Cze“h A-’\.,—\’R“i. - 2
< lsatian Bavarias 4 —Slovak :

ﬁl(’" "" _Swabiey \i;r;:i: L Ly

~N\Bavarian

/ e o s, German .{Hlmgannnl‘

Breton O"'H.!

Gallo

L v o Lad = Gegawe
ot "'5'8“'" Prnwl(r}l i 3 /—qJ Romanian <.
Tombard Friuliony>""" \J{ 2 5
v lician Acta st sagzen (hccitan Picdmontese Venetian, C f'ﬂ"‘"'{Sc . P
- Leonese Basaie i b A Croah.'m)
Bty T * e’ wisrs 5 Serbian
Mirasidess Arasho\;a'\(‘ J \ o
" ("la"
“m““”w — Man mrgﬂ g
B tucucs vodni - e A Mfl donies P . Jghuz Lunguages
QUL FHEHCS : : e Blbania; x.f'fﬂ ’ “Turkic family)

Turkish

more maps at ' e /
_Jakubmarlaﬂ_co #11https: /IWww. g{gb,ahnakr}et/blog/language support-voice-assistants-compared/

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

I'd like to see the showtimes for Silly Movie 2.0 at the movie house

Intent: SearchScreeningEvent

69



Task: Slot and Intent Detection

Slots:

I'd like to see the showtimes for _ at the _

Intent: SearchScreeningEvent

70



How can we transfer
knowledge to
low-resource languages?

‘lw\

R ————

71



Approaches

‘ annotation transfer
(e.g. annotation projection,
translation)

_tpehster
== __% ki embeddings,
= [= delexicalization )




Idea: Non-English Auxiliary Tasks

English training data:
slot and intents

Multilingual

. M gl Slot/intent +

auxiliary

(MBERT, S

XLM-R)

& Pre-trained LM Adaptatioy

+ Target language
auxiliary tasks

73



Non-English Auxiliary Tasks

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

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

%

/\m * Parsing data: UD parsing (aux-ud)

Ay e
=
<o
—
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New dataset: xSID
a eIl g Silly Movie 2.0

da Jeg vil gerne se spilletiderne for

20 o5 Asles (51 Of 5l

de Ich wurde gerne den Varstellungsbeginn fur

de-st | mecht es Programm fir In sechn

en I'd like to see the showtimes for

id Saya ingin melihat jam tayang untuk
it Mi piacerebbe vedere gli orari degli spettacoli per

o R P LEY % R T

kk MeH barnapnamMacbiHbIH, KePCEeTINIM YaKEITbIH KOpriMm Kenegi
nl Ik wil graag de speeltijden van zien

Sr Zelela bih da vidim raspored prikazivanja za -

tr _ _ seanslarini gormek istiyorum

T T [T

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



https://bitbucket.org/robvanderg/xsid

Experiments

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)

Set_reminder O O 0) B-todo B-Datetime
| 1 [ 1 [ 1
Intent
S Slot Decoder
| | | |

P —— -
-~ =

Contextualized embeddings

<CLS> add reminder to SwWim tomorrow

Figure 2: Overview of the baseline model.
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Results on Slots - Main take-away

mBERT en | de-st de da nl it sr id ar zh kk tr ja~ Avg.

lang2vec - — 018 0.18 0.19 0.22 023 024 030 033 037 038 041

Slots

base 976 | 485 330 739 804 750 674 711 458 729 485 557 599 610

nmit-trans 60 8 6 A 4 48 ' ' | ]
82.2 48.1 63.5 623

aux-mlm
T
aux-ud

975 | 47.6

78.0

63.8 695

733 618 568 61.1 426 649 452 538 476 54.8

(More results in the paper)

77



A closer look at a German dialect
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“Stidtirolerisch”,
an Austro-Bavarian Dialect in Northern Italy

|

Renaschbu g

ITALY

P T
o -

C 3 ~ _vwl‘ |
\I
QY
R\ 4
O
| - . | o
’ - Wi '\.._» _ -a lratislava
f )
S
A
pUS 4
v
O

FX'(:H' ()f 'IH'. Bﬂ'-'rllidl‘ ldll(JUd[ -

North Bavarian

Central/Danube Bavarian

South Bavarian
Mixed Germanic and nan-Germanic
area

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

.png/1024px- 79



South Tyrolean

« German dialect (“Sudtirolerisch”) 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 Fihrerschein (masc.),
eng. driver’s license]
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Example

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

# text-en: Will it be sunny today”’
# text: Wearts heint sunnig”
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X Sparsity

 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

32



De-ST: #sentences for MLM

base MLM MLM askFM ML Twitter cap MLM Twitter

MBERT 30K 6.5k 6.5k 23.5
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Take-aways

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

. aux-MLM is the most robust auxiliary task

. 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=DHOC-n _p6h0



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

Roadmap

c Cross-domain learning

Cross—lingual Iearning
k/

1. e Multi-task Iearnmg with Fortuitous Data |

0 Continual Learning
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Learning with
disagreement

joint work with Dirk Hovy, Hector Martinez Alonso, Anders Segaard, Tommaso Fornaciari,

Alexandra Uma, Silviu Paun, Massimo Poesio (EACL 2014,ACL 2014, NAACL 2021)
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Disagreement in human
annotation is ubiquitous

87



there are linguistically hard
cases, even for POS tagging

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

38



VERB NOUN ADP NOUN SYM

VERB PRON ADP NOUN SYM
VERB ADV ADP NOUN SYM

Say Anything with boyfriend :)

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



-

THE TRUTEP: OUT THERE

Accept there is no
ground truth.

So what can we do?



Are disagreements randomly distributed?

... and can we estimate disagreements from small
samples”?
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How to exploit this
information?

Filter data algorithms



Disagreement is a type of

Fortuitous data
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Fortuitous data

» Data out there,
that waits to be harvested (availability),

and can be used (relatively) easily (readiness)
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Typology of fortuitous data

Type / Side benefit of

meta-data

Examples

hyperlinks, HTML markup,
unlabeled data, symbolic
knowledge

Availability Readiness

behavior

cognitive processing data
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How to exploit
disagreement during
learning?

Survey upcoming (Uma et al., 2021)



START

€T NEXT
TRAININ -

WSTANCE |

1

L

PREDICT
LABEL

CM (confusion matrix)

cost-sensitive learning

Plank et al., (2014)



Can we exploit MTL?



Multiple human annotations

2 2 2 Y

=
A
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Typical setup
v=C

0,9
0,45 I
0

ABCD

(OOOTOOO)

Gold label
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Soft-labels via Multi-Task Learning

y=C y=C °Z Lln
0
l l A BlC D
0,9 0,9 0,9
0,45 I 0,45 I 0,45 I
0 0 0
ABCD ABCD ABCD

@ @9
T \/

(000000 ) (000000 )

l |

X
Gold label @ Gold label + Soft label

(Fornaciari, Uma, Paul, Plank, Hovy, Poesio 2021 NAACL)
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Soft-labels

Annotator distribution P

Predicted softmax Q
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Experiments

« Comparison:
 Single task learning

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

e With soft loss

e Two NLP tasks in this paper: POS and stemming

106



Results

B Accuracy POS 5 fold
B Accuracy POS test

STL MTL + KL MTL + KL inv
T8

B Accuracy Stemming

STL MTL + KL ~ MTL + KL inv

D (P11Q) D (Q]1P)
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Take-home-message

v not all disagreement is noise

P 7.  embrace it during learning
=) Consider releasing raw annotations

4 More work needed to find suitable forms
of evaluation and understand different

forms of disagreement (Basile et al., 2021)



Outro:
MTL Practicalities
When does it work?
Two recent advances



Problem: Interference

 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

110



EMNLP, 2019
Example: 75 languages, one parser:

UDify

_(,§ — nsubj Dependency Tag
—»% —+ 4 (is) Dependency Head
Q
»8 —» X=X (optimizer) Lemma
Q
—Q — Number=Sing UFeats
O
+8 = NOUN UPQOS
15 Layer Attention

N—

" BERT_

https://arxiv.org/pdf/1904.02099v2 .pdf T T t T T T T T T 1 1 1

The best op #H#timi ##zer is grad student descent



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

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

50000 -
— a=0.0
— a=0.25

a=0.5
—_— a=0.75
m =10

40000 -

30000 -

Size

20000 -

10000 - |H\H1H!|H\II

o III||||IIIIIIII|I|||||--..:.D

Treebanks

Figure 4: Effect of the sampling parameter « on the
training sets of Universal Dependencies 2.6 data.

163 treebanks, 92 languages, released May 15, 2020.

Single All Smoothed 0.5

|12



Result by treebank size: Smoothing
helps for low-resource languages

Single
source __~
selection
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Interference of MTL in Parsing
(Grunewald et al., 2021)

Applying Occam’s Razor to Transformer-Based Dependency Parsing:
What Works, What Doesn’t, and What is Really Necessary

Stefan Griinewald** Annemarie Friedrich* Jonas Kuhn*

* Institut fiir Maschinelle Sprachverarbeitung, University of Stuttgart
*Bosch Center for Artificial Intelligence, Renningen, Germany

 UPOS + UFeats + Parsing as MTL

* Taggl ng tasks daccuracy increased rapldly UDPipe+  97.57 95.80 91.66 89.49
Finnish TDT STEPSgcponty  — 95.69 94.36

and might overwhelm the overall loss, ) " STEps™™ o852 9675 o462 0311

. th t d f t STEPSwmriscale 98.19  88.70 95.59 94.26
CaUSIng € parser O undertl UDPipe+ 97.58 9424 95.56 92.50

Hindi STEPSdcp-unly - - 96.11 93.34
(hi_hdtb) STEPSymL 98.09 9449 9596 93.03
STEPSytiscae 97.51  88.60 96.18 93.39

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

performance
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So, not all that glitters is gold -
When does MTL work?

dependent conditions. | Our results show
that MTL 1s not always effective, signif-
icant improvements are obtained only for
| out of 5 tasks.| When successful, auxil-

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

e [earning curve (Bingel & Sogaard, 2017)

| ”  Mutual information (Bjerva, 2017; Schroeder &

:,’/,,/// Biemann, 2020)
-y
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Finally, selected advances in MTL

Distillation with
teacher annealing

* MTL & knowledge distillation v —
(Clark et al., 2019) o ) gz & -
« MTL & continual learning
(Sanh et al. 2019; Sun et
al.. 2020) ez Prog.ressively
- | adding tasks

« MTL & adapters via shared hypernetworks
(Mahabadi et al., 2021 arXiv)
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To wrap up...



Key Take-aways

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
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@barbara_plank

Relationship to other learning paradigms

Supervised
Learning

Sufficient
labeled data
D

Semi- Superwsed Learning Unlabeled data
Data augmentatlon Generate data
/ Knowledge distillation Teacher labels

Target Generate

domain/task| — additional
e data/ Active Learnlng Label data
pseudo-labels

Label data

Distant & Weak superwsmn with heuristics

Reduce the
need of Transfer Learnlng (TL)
> Iabeled data /
h ignal
Knowledge \ Fortuitous Learning (Data) Ota: Ld_atfﬁggf
Transfer y-P
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It’s an exciting time to study how
we can best address
scarce & biased data conditions
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IT UNIVERSITY OF COPENHAGEN

bplank.github.io

Questions? Thanks!

nipnorth.qgithub.io

Transfer Learning &

MTL in NLP m

@barbara_plank
bapl@itu.dk
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Papers presented

Learning to select data for transfer learning with Bavesian Optimization

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

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