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"We have millions of labeled data instances”

Dz 1<Xx,y>}



The Motivation: Data scarcity

Learning from limited labeled data

labeled data
D {<X,y>}

unlabeled data
Dy: {<x>} all available data



Many languages are poorly resourced

Despite of the richness of language, we constantly face the scarceness of data: Need to tackle the “long tail”

languages /
digital
footprint /
resources /




Ultimate Goal: NLP for everyone
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languages

English
Russian
German

¢ Japanese
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Dutch
Others

Languages used on the Internet
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Genre/domains



What to do about it?



Typical setup: Learn a task at a time

Starting from scratch: No transfer of knowledge
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Transfer Learning (TL)

Leverage knowledge gained to help solve a related problem
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ModelA____~  ,Model B

A A
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Why Transfer Learning?

't is all about language variation & out-of distribution learning



How do we make sure everyone is understood?

Language —> —>



English

English
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Multilingual

any source

Faroese
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Danish
wiki

Faroese

wiki
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poetry

books

Faroese
wiki
News
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@ -
¢ Language Variation o . °
Performance v . T

typology

domain
genre
topic

register

social context

Sekine (1997); Gildea (2001); Plank (2011); Ramesh Kashyap et al. (2021)
Biber (1988); Karlgren and Cutting (1994); Biber (1995); Lee (2001)
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What this tutorial is (not) about

An overview ot early and recent approaches to TL in NLP. This tutorial is not exhaustive.

Pre-training (vanilla, multilingual, continuous)

Data selection (select data that matches the target)

Subspaces and Performance Prediction (investigate representations for transter)
Multi-task Learning (use information from other tasks)

Data augmentation (modity labeled data to create class-preserving labeled data)
Semi-supervised learning (label from labeled and unlabelled data)
Zero-shot/tew-shot learning (use no/few labeled instances or instructing tuning)

Active learning (select data to give to an annotator), Knowledge distillation (use a
teacher to label the data), ...
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What this tutorial is (not) about

An overview ot early and recent approaches to TL in NLP. This tutorial is not exhaustive.
Pre-training (vanilla, multilingual, continuous strategies)
Data selection (select data that matches the target)
Subspaces and Performance Prediction (investigate representations for transfer)

Multi-task Learning (use information from other tasks)

Data augmentation {(modity lapeled data to create class-preserving labeled data)




What this tutorial is (not) about

-

TS5 “AcL 2022
An overview of early and recent app e Dats More 2
Data Augmentation and Semi-Supervised

Pre_training (vanilla, multilingual, Learning for Natural Language Processing

Diyi Yang, Georgia Tech
Ankur P. Parikh, Google Research
Colin Raffel, University of North Carolina, Chape! Hill

Data selection (select data that r

Subspaces and Performance Pre f entations for transfer)

o

Diyi Yang Ankur Parikh Cclin Rafe
G 3 JNC-Chapel Hi'l

Multi-task Learning (usey

abe

ed-data)

Zero- and Few-Shot NLP with
Pretrained Language Models

) AR AVA ) AVA AVYA
\/ \/ \/ ./ \_/
Iz Beltagy, Arman Cohan, Robert L. Logan IV, Sewon Min, Sameer Singh
A ) ) A AVAa ) ) A

A : HSe—2
m'@' ‘9‘.1.

‘utorial is not exhaustive.
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Outline

Part 1: What is Transter Learning?

Three views on Transfer Learning, Related Learning Strategies

Part 2: A type of TL: What is Multi-Task Learning?
What and Why, Perspectives on MTL
Short hands-on tutorial with MaChAmp

Part 3: Selected Case Studies

Applications to Multilinguality, Transterability Estimation, Human Label Variation

Outro
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Part 1: What is Transter Learning?

Views on Transfer Learning, Related Learning Strategies



Transfer Learning (TL)

Leverage knowledge gained to help solve a related problem

l T

Model A\Traﬂsfer/' Model B

A A
A




Today'’s typical Transfer Learning (TL) setup = Sequential Transfer Learning

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

Classification,

Pre_training LM Structured PrediCtion,

head Question Answering,...

== b
=-_ _-AA _
Monolingual data A

| T

Pre-trained LM A Transter Train on task B

\_/v

w\-, -j

——

Downstream data



Is this all there is to TL? No.
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Sequential TL is just one
(harrow) view on transfer
learning. TL is broader

29



Three views on
Transfer Learning

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



Types of Transfer Learning - View 1/3: Kind of tasks, data, timing

Different domains P()(‘ ) # P(/‘\j' )
Cross-domain learnin sTc trg
Transductive / c S
Transfer \ (domain shift/covariate shift)

~ Cross-lingual learning Xsre 7 Xirg
Different languages

Transfer
learning/

A tation
daptatio Tasks learned:

simultaneously

/ e Multi-task learning (MTL) Vsre 7 Virg

Transfer \
.  P(X,.) # P(X,
0 Sequential Transfer Learning (Xsre) 7 P&irg)
sequentially Vsre 7 Virg

Adapted from Pan et al., (2009) & Ruder (2019) 27



Types of Transfer Learning - View 2/3: Availability of resources

With parameter updating

Few-shot /' a
learning
\ In-context learning,

(conditioning via prompts)

Few-shot fine-tuning, instruction tuning

Without parameter
updating

Target data
availability
Availability of:

Auxiliary data

e Multi-task learning, Weak supervision
Zero-shot /
learning \

° ... Pre-training, Semi-supervised learning etc

Unlabeled data
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Types of Transfer Learning - View 3/3: How to cross the gulf

task A

//

//,

Data as

by-product

Source Target
task B
~ 1
el ‘— task C
l l

Model A Model B

R ——

CROSS-DOMAIN

CROSS-LINGUAL
MULTI-TASK

FORTUITOUS/INCIDENTAL SUPERVISION
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TL is finding smart ways to re-use {knowledge, data,
models...} for the purpose of generalisation




Related learning paradigms

Sufficient
labeled data
D,

Target

domain/task

Supervised
Learning

31



Supervised Learning

Slide by Beltagy et al., ACL 2022 tutorial

(11 - ”
input=class input=class Train
. input=class
input=class input=class
input=+class
input=class , input+class
input=class .
, input=class
inputsclass INPUt*class input=+class
. input=class .
input=class input=class
input=+class

“Test”

input

class
class
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Related learning paradigms

Target
domain/task

Seml SuperVIsed Learning Labeled+unlabeled data
Data augmentatlon Augment labeled data
/ Knowledge distillation Use teacher model as labels
Generate
., additional Use h b
labeled data/ Active Learnin Se htman- whe-loop
pseudo-labels _ labeled data

Distant & Weak superwsmn Label data with heuristics

Reduce the
need of
N Iabel\?; data Transfer Learning (TL)
Knowledge
Transfer
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Semi-Supervised Learning

Slide by Beltagy et al., ACL 2022 tutorial

I
input=+class input=? Train | Test
. input=class |
input=? input+? I
input=? '
input=class . Input=class |
input=+class l
, input=7?
input+?  iNput=class input=? I
, class
, Input
. input=7 class
input=? input=?
input=?
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Sequential Transfer Learning -
Approaches (incl. a short history)
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Transfer Learning (TL) via pre-training |: Feature extraction (e.g. ELMo)

Peters et al. (2018)

Classification,

Pre-training Feature Extraction  Structured Prediction,

Question Answering,...

ELMo = (A @889+ (A ©809))+( )+ @389) extract ELMO
\ l representation,

freeze

e sie oo s s Pre-trained ELMo .. »1 rain on task B

Applies to other word representations
(word2vec, Glove, BERT...)

.. person who ducks out on




Transfer Learning (TL) via pre-training ll: Fine Tuning (e.g. ULMFiT, BERT)

Howard & Ruder (2018): Peters et al., (2018)

Classification,

Pre_training Fine_tune Structured PrediCtion,

Question Answering,...

l Fine-tune T

LSTM LM

Pre-trained LM \/,Fine-tune on task B

‘j
= -,
——

Or other word representations
(word2vec, Glove, BERT...)




Sequential Transfer Learning (TL) - Problems and Solutions

A common problem of tine-tuning is that retraining the model can mean to loose
information about the general pre-training data (“catastrophic forgetting”)

To address this, in gradual unfreezing the model will be trained in steps, starting by
the last layer. So all layers are first frozen except the last one. In every step an
additional layer is “unfrozen”

Learning a large model can be unstable
First increase learning rate, then decrease it (slanted triangular learning rate)

From biLSTMs to transformers

While first models use LSTMs (Howard & Ruder, 2018), GPT (Radford et al., 2018)
used a transformer architecture in early GPT
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Full-fine tuning: Further Issues

Standard fine-tuning updates all LM parameters
Prone to overfitting and catastrophic forgetting
Practically may be too expensive

A solution:

Modularity - adapters

39



Full-fine tuning limitations. Solution: Adapters

(Houlsby et al., 2019; Pteiffer et al., 2020)

Classification,

Pre_training Fine_tune StrUCtured PrediCtion,

Question Answering,...

M

l Fine-tune T

only adapters

Pre-trained LM Fine-tune on task B




Adapters: Modular Adaptation

(Houlsby et al., 2019; Pteiffer et al., 2020)

Adapters: small modules inserted into transtormer layers for efficient fine-tuning

Classification,

Structured Prediction,
\ +* Adapter | Question Answering,...
- ( Layer :
m——immms | ¢ | [00OOOCOO]| !
| : ! | r l D :
/ , : : Feedforward : .
| 2x Feed-forward : - up-project ) : .
% layer : : [ :
1 | f Ty )
l E : Nonlinearity : .
: Layer Norm ] ! : l / :
1 1 |
; o 00 : M
| s  ; : , "
h ! : [ Feedforward ] :
I el L s ' ' d -project ' .
' Feed-forward layer | : TR : Fine-tune
G - : : 1
% [ Multi-headed ' . QOO O0OO : only adapters
e | attention ) . \ 4 /

Eine-tune on task B

Figure from Houlsby et al., 2019



https://arxiv.org/pdf/1902.00751.pdf

Adapters: Modular Adaptation

(Houlsby et al., 2019; Pteiffer et al., 2020; Ustiin et al., 2022)

Adapters learn transformations to adapt a base model to a target task

5

“ncapsulate knowledge in a modular way

-
I

I
U
|

Do adapters work?

|
-
un

Accuracy delta (%)
L
-

I
N
o

—25

M Hf"

—

~—e Adapters (ours)

=—a Fine-tune top layers

Parameter-Efficient Transfer Learning for NLP

10°

l!llll[ | | 1 T T l] T
10° 107

| 1 LI | lll | 1 | )
10°

Num trainable parameters / task

Total num  Trained CoLA SST MRPC STS-B QQP MNLI, MNLIL,, ONLI RTE Total
params params / task
BERT] arcE 9.0 100% 60.5 949 893  R7.6 721 6.7 859 01.1 70.1 804
Adaplers (8-256) | 1.3x 3.6% 59.5 94.0  89.5  86.9 T1.8 84.9 85.1 90.7 71.5 80.0
Adapters (64) 1.2x 2.1% 560 942  R0.6  R87.3 718 85.3 816 911 6RR8 796

Adapters are trained separately. Limitation: No sharing between different tasks

10°?



A snapshot of NLP history - Actin 4 Epochs

Symbolic Statistical Large

Processing NLP

Pre-trained LMs

ELMo =(l-')+(lrﬁ0,’,0,03)+(lr)
ducks:

contextualised
representations can: representations 6966  ©969

igeln
hand-crafted rules to ML

@0¢?®

dense representations
& neural networks

Epoch 3

1980s 2018
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Are Language Models truly
universal?

44



Languages
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Multilingual Language Models (e.g., mBERT, XLM-R)

The easiest way to do transfer learning across languages is via the representations

Classification,

Pre_training LM StrUCtured PrediCtion,

head Question Answering,...

A A -
N
Multilingual data

+ sampling T

l

Pre-trained LM A

Transfer
h__—'

=/

N—
v Downstream data

Train on task B




On the limitations of zero-shot TL with Multilingual Transformers

Lauscher et al., 2020: Conneau et al., 2020

Zero-shot performs poorly to distant languages *and* languages -
with smaller pre-training corpus sizes

S EEESEOESARLNESH
SEGREESLOEEDASEaEE

gy 70 TR RU AR WI FEC FI HE IT JA KO SV VI TH ES EL DE FR BG SW UR
Task Model =~ A A A A A A A A A A A A A A A A A A A A A

DEP B 912 -439 -46.0 -28.1 -56.4 -36.1 -50.2 -30.7 -36.1 -17.1 -60.1 -56.1 -143 - - - - - - . . .
X 920 -854 -442 297 -54.6 -39 -49.5 -26.7 -39 -23.5 -80.5 -560 -163 - - - - - - o . .
POS B 95.8 -38.0 -35.9 -16.0 40.1 -33.4 -34.6 -21.9 -33.4 -19.8 -46.1 420 96 - - - - - - .
X 963 -69.2 -27.7 -14.3 37.1 273 -31.9 -17.9 273 -19.0 -77.0 -37.3 -10.7 - - - - - - o o
NER B 924 233 -11.6 -10.7 -31.7 -11.1 -12.8 3.8 -11.1 2.6 -257 -138 6.7 - - - - - - - .
X 916 -34.8 -62 -137 246 -165 -80 -09 -165 -24 -30.1 -15.6 22 - - - - - - o o
NI B 828 -13.6 -20.6 -13.5 -17.3 213 - - - - - - - 119 281 -8.1 -14.1 -10.5 -7.8 -13.3 -33.0 -23.4
X 843 -11.0 -11.3 90 -13.0 -142 - - - - - - - 97 -123 -58 -89 -78 -6.1 -6.6 -20.2 -17.3
xouap B 711220342192 247 286 - - - - - - - 221432166 -282 -148 - - - -
4 X 725 262 -18.7 -154 241 228 - - - - - - . 197 -148 -145 -157 -162 - - - -

Table 1: Zero-shot cross-lingual transfer performance on five tasks (DEP, POS, NER, XNLI, and XQuAD) with
mBERT (B) and XLLM-R (X). We show the monolingual EN performance and report drops 1n performance relative
to EN for all target languages. Numbers in bold indicate the largest zero-shot performance drops for each task.
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Large Language Models and Pre-training Domains

What does training on trillions of tokens afford us in terms of generalisation even within English? (Gururangan et al., 2020)

LM

Pre-training

=
= -~ AAA
Monolingual data

Roberta: 2.2T tokens

l

Pre-trained LM A




Large Language Models and Pre-training Domains

What does training on trillions of tokens afford us in terms of generalisation even within English? (Gururangan et al., 2020)

Language

Social factors

Genre

==
==
=

A manifold in a high-
dimensional “variety
space” (Plank, 2016)

Monolingual data

Roberta: 2.2T tokens Topic

1"‘),
" ’1
¥,
in,
Dy »
’ J‘ ‘Y
("")l
5.
‘
§|

NEWS
'. | | “**  RoBERTa
What is in a domain? “‘“‘“@

OpenWebTlext




Don't Stop Pre-Training: Adapt Language Models to Domains and Tasks

(Gururangan et al., 2020)

Continuous pre-training on target domain data helps
(Domain-adaptive pre-training; DAPT)

Domain Task RoBERTa  DAPT

,

Biomed ChemProt 819 842

CS ACL-ARC 630 754

RoBERTa
News HyperPart 866 88.2

1
Reviews IMDB 950 954 /\

See paper for more experiments!

Supervised fine-tuning

A Slide by Guruangan et al.



Related recent work: Task Vectors - aka Post-hoc model intervention

Motivation: pre-trained models are a commonly used backbone

In practice, we often want to edit the models after pre-training to improve on

downstream tasks

Task vector: difference vector of weights ot a model fine-tuned on a task, minus pre-

trained weights

Allows task arithmetics (negation for forgetting)

a) Task vectors

9pre

T = Of —

:. O

gp re

b) Forgetting via ncgation

—

/

O

Thew — T
Example: making a
language model produce
less toxic content

¢) Learning via addition

Thew — TA + TR

TA

R

Example: building a
multi-task model

d) Task analogics

Thew = T \TRB T/\)

T3
T/l
TO

Example: improving
domain generalization



Related recent work: Task Vectors - aka Post-hoc model intervention

(Ilharco, Riberio, Wortsmann, Gururangan et al., 2023)

-xample: Making Language Models less toxic

Method % toxic generations (|) Avg. toxicity score (|) WikiText-103 perplexity ({)
Pre-trained 4.8 0.06 16.4
Fine-tuned 57 0.56 16.6
Gradient ascent 0.0 0.45 >101"
Fine-tuned on non-toxic 1.8 0.03 17.2
Random vector 4.8 0.06 16.4

Negative task vector 0.8

0.01

16.9




Outline

Part 2: A type of TL: What is Multi-Task Learning?
What and Why, Perspectives on MTL
Short hands-on tutorial with MaChAmp

Part 3: Selected Case Studies

Applications to Multilinguality, Transterability Estimation, Human Label Variation

Outro
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Part 2: What is Multi-Task Learning (MTL)?




Typical single-task learning

task A task B
output @F) @F)
(000000 ) (000000 )

| |

Input X X



Can we do better?
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Multi-task Learning (MTL): Key Idea

Mmain tSk task A task A task UX] l] d ry taS k*

i Ve
‘a\l" o

N/

shared (““(‘)“'@3‘““}

I

Input X X X

output

sinfie tsbk] ézamimp(KETL)

* sometimes auxiliary task might be equally important



MTL in Neural Networks (NNs): shared encoder, task-specific heads

task A task B

la (yv ?;) lb (?J, Q)

output @ @
shared (000000 ) TaSk'SpeC]ﬁC
| heads (decoders)

Input X
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MTL Recipe illustrated

{DT}Zzl

Data

task A task B

la (y7 :&) lb(y7 :&)

|

@9 @9
\/

(000000 )

|

X T

Architecture

e

Sample task:

. Select the next task.

Select a random training example for this task.

. Update the NN for this task by taking a gradient

step with respect to this example.
Go to 1.

(Collobert & Weston, 2008, ICML)

Training
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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 better and is more efficient in learning

63



Why does MTL help generalise? (1/2)

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

Example: ALVINN self-driving car

Single MultiTask Learning
Task Leaning

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

https://commons.wikimedia.org/wiki/File:Edible_fungi_in_basket_2012_G1.jpg CMU Alvinn MTL (Caruana 1998)
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Why does MTL help generalise? (2/2)

Representation bias (Caruana, 1997) - MTL prefers
solutions which other tasks preter, acts as a regulariser

L ow error for task A

Low error for task B

65



Why does MTL help efficiency? (1/3)

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-Henri_Adolphe_Laissement_Kardin%C3%A4le_im_Vorzimmer_1895.jpg 66



Why does MTL help efficiency? (2/3)

Faster convergence through learning tasks in parallel

est Error

Single
task

22 p

19

15

wsz=15

18}

14,

© SRL

¢ SRL+POS

- SRL+CHUNK

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

Epoch
(Collobert & Weston, 2008, ICML)

6/



Why does MTL help efficiency? (3/3)

Replaces traditional pipelines with a single model for faster inference -
from biomedical event extraction - Traditional pipeline:

Theme

"Ex_pies_si_onf Them; ‘Tpl':g - >\ _\TkgybLiOHK_ ’Ciuse —urpro
expression of Foipa\can\also be down-regulatéJ by HTLV-I Tax [8].
~ ~ \ _ - -
1 IR NN Y

trigger entity arguments  trigger entity

1. Trigger identification
2. Event structure detection

Linearisation (cast as seq. labelling problem) + MTL = BeeSL

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

Example

(8

68


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

BeeSL: gains in accuracy + speed

F1 score BEESL <
0 eeSL ((®

KB-TrecLSTM pipceline
D9 - (Li et al., 2019)

SVM pipeline (+CR) CNN pipeline (+DP) O
(Miwa et al., 2013) (Bjome & Salakoski, 2018)

D& - o o ® - ensemble.
SVM pipeline & MLN (Joint) Q

(Venugopal ct al., 2014) |

57 Stacked generalization . |
5 single @
Combination (Joint+parsing) (Majumder et al., 2016) @ [reeLSIM

(Riedel et al., 2011) @ pipeline

56 © | | | |
O AV 4BV AW AV AR AV AW (@Y R

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

Inference time:
sentences/min

sents/min
TEES (Single) 255::1
TEES (ensemble) 10144
BEESL 499::3

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



Example MTL Dependency Parser: 75 languages, 4 tasks, one model: UDity

Tg: — nsubj Dependency Tag

—’§ —* 4 (is) Dependency Head

—>§ — X-X (optimizer) Lemma

—>§ — Number=Sing UFeats

=8 — NOUN UPOS
Layer Attention

https://arxiv.org/pdf/1904.02099v2.pdf T T T T T T T T T E M N I_ P, 20 1 9 /0

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



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

Perspectives on MTL



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  [PRONOUN'| [TTTHIGH

o

pet

m

the

.
pterodactylus
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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 COLINQ), (Barrett &Hollenstein, 2020)

“‘

Main
Auxiliary
And
to a
Det completely
fhe different
text

pterodactylus

Y

Y

/3



Today: MTL everywhere!

/" NSP Mask LM Mask LM

m[T_] | T ][ Tjser ][ Ty EJ

BERT
5] Callsal =] [
. l I I
I:l r St MTL W ave \ Masked Sentence A - Masked antenceB /
(201 6'201 7) - Pre-training -
Transformer
LSTM/CNN
2015 2010 2017 2018 2019 2020

Vaswani et al., 2017; Peters et al., 2018

Self-supervised
MTL
objectives:
MLM + NSP
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... and Multi-task Fine-Tuning using BERT & co

Task 1
softmax

Task 2
softmax

Slide adapted from Clark et al, 2019

Input

Task 3
softmax

Task specific |

layers

Shared
layers

Pr(c]X)
(e.g., probability of
labeling text X by c)

|

Sim(X;, X5)
(e.g., semantic
similarity betw=en X,
and X» )

!

P-(R|P. H)
(e.g., probability of
logic relationship it
between P and iJ)

Rel(Q, 4)
(e.z., relevance score
of cand date answer A

given query ¢J)

I

Single-Sentence
Classification
(e.g., ColA, SST-2)

Pairwise Text
Similarity
(e.g., STS-B)

!

Pairwise Text
Classification
(e.g., RTE, MNLI,
WNLI, QQP, MRPC)

Pairwise
Ranking
(e.g., QNLI)

T

I

l,: context embedding vectors, one for each token.

i

I

Transformer Encoder (contextual embedding layers)

I

[,: input embedding vectors, one each token.

i

Lexicon Encoder (word, position and segment)

T

X: a sentence or a pair of sentences

MT-DNN by Liu et al., ACL 2019
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Short hands-on tutorial with MaChAmp
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MaChAmp

+ Ease of use (all based on simple configuration files)

+ Support many tasks (classification, sequence labelling,
pairwise sentence classification, dependency parsing..)

+ Ease of switching underlying LM encoder

*  Multi-task learning via configuration files

One arm alone can move mountains.

/8



Architecture

negative VERB

<CLS> Sm

PRON ADV PUNCI

##ellT ya later !

Smell ya later!

/9



Configuration and Training of a single task

Configuration file: Training:
D s { python3 train.py —--dataset_config upos. json
"train_data_path": "data/ewt.train",
"validation_data_path": "data/ewt.dev",
"word_idx": 1,
"tasks": {
"upos" : { , : _ -
p - # newdoc 1d = weblog-juancole.com_juancole_20051126063000_ENG_20051126_063000
"task_type" . "seq" , # sent_1d = weblog-juancole.com_juancole_20051126063000_ENG_20051126_063000-2001
"eol idx": 3 wote v = Al-Zaman : Americaon forces killed Shaikh Abdullaeh al-Ani, the preacher at the mosque in the t
}- Al Al PROPN NNP Number=Sing ; root _ SpaceAfter=No
} - - PUNCT  HYPH _ 1 punct SpaceAfter=No
Zaman Zaman  PROPN  NNP Number=51ing 1 flat _ _
) - - PUNCT . 1 punct  _ .
}, American american ADJ JJ Degree=Pos o

forces force  NOUN NNS Number=Plur 7 nsubj  _ _
killed kill VERB VBD Mood=Ind| Tense=Past |VerbForm=Fin 1
Shaikh Shaikh PROPN NNP 7

parataxis

OO NSO WV H WIN K+

al
Anti

the

preacher

Abdullah

Abdul lah
PROPN NNP
PUNCT HYPH
PROPN  NNP
PUNCT
DET DT
preacher

Number=S5ing 7 obj

PROPN  NNP

Number=Sing

_ 8

Number=S1ing
8

Definite=Def|PronType=Art

NOUN NN

.,

Number=Sing
8 flat
punct

8 flat
punct

Number=Sing

8

flaot _
SpaceAfter=No

SpaceAfter=No

5

1
8

SpaceAfter=No

det
appos  _




Configuration and Training of two tasks (e.g. coarse and fine POS)

Configuration file:

"UD": {
"train_data_path": "data/ewt.train",
"validation_data_path": "data/ewt.dev",
"word_idx": 1,
"tagks": {
"upos": { _
"task_type'": "seq",
"column_idx": 3
}’
"xpos": { 4—
"task_type": "seq",
"column_idx": 4,
"prev_task_embed_dim":32,
"order":2

Task types:

eq: standard sequence labeling.
string2string: same as sequence labeling, but learns a

conversion from the original word to the instance, and
uses that as label (useful for lemmatization).

seq_bio: a masked CRF decoder enforcing complying
with the BIO-scheme.

multiseq: a multilabel version of seq: multilabel
classification on the word level

multiclass: a multilabel version of classification: multilabel
classification on the utterance level.

dependency: dependency parsing.

classification: sentence classification, predicts a label for
N utterances of text.

mlm: masked language modeling.

regression: to predict (floating point) numbers
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https://github.com/machamp-nlp/machamp/blob/master/docs/seq.md
https://github.com/machamp-nlp/machamp/blob/master/docs/string2string.md
https://github.com/machamp-nlp/machamp/blob/master/docs/seq_bio.md
https://github.com/machamp-nlp/machamp/blob/master/docs/multiseq.md
https://github.com/machamp-nlp/machamp/blob/master/docs/multiclas.md
https://github.com/machamp-nlp/machamp/blob/master/docs/dependency.md
https://github.com/machamp-nlp/machamp/blob/master/docs/classification.md
https://github.com/machamp-nlp/machamp/blob/master/docs/mlm.md
https://github.com/machamp-nlp/machamp/blob/master/docs/regression.md

Results to Udity

More details in van der Goot et al., 2021 EACL
EWT v2.3 PMB v3.0
Task dep feats lemma upos xpos | lemma semtag supertag verbnet wordnet
Task type dep seq s2s seq seq s2s seq seq seq s2s
Train size 205k 43k
MACHAMP( sy | 89.90 97.18 98.21 97.01 96.64 | 97.52 98.32 04.87 04.37 89.15
MACHAMP(yT) | 89.61 97.15 97.79 97.01 96.79 | 9733  98.23 9491 94.54 89.32
UDify 89.67 97.15 97.80 96.90 - - - - - -
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More info on MaChAmp

Website with code, documentation: https://machamp-nlp.github.io/

MaChAmp Colab tutorial (short, check out the documentation above):
nttps://colab.research.google.com/drive/1zkowQPeiQMgKnEmMKITjccTRvttdpGTEH

Slack channel and GitHub issues, see website for more information
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https://colab.research.google.com/drive/1zkowQPeiQMgKnEmKITjccTRvtfdpGfEH
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Applications to Multilinguality

Selected Case Studies



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 S

Ramponi, Siti Orzya Khairunnisa, Mamoru Komachi, Barbara Plar

et al., NAACL 2021

‘epanovic, Alan

k
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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

88



Task: Slot and Intent Detection

Slots:

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

Intent: SearchScreeningEvent

89



How can we transfer knowledge
to low-resource languages?

ol

4y W8
L
, —

920
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Cross-lingual transfer: Two kinds of approaches

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

model transfer .~

-
o

4
)
.
)
{4
\ —
e~

A " 0, | rep /!2 =61 O Sfel‘
ENEA like muTtilingual embeddings,

— ] |— delexicalization )
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ldea: Non-English Auxiliary Tasks

English training data:
slot and intents

N/

+ Target language
auxiliary tasks

d Multilingual LM

Slot/intent +

(MBERT, XLM-R) auxiliary task

Pre-trained LM Adaptation
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Non-English Auxiliary Tasks

Raw data: Masked language modelling (aux-mIm)

A
Parallel data: Neural machine translation (aux-nmt) E ﬁ

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

\,\e°6 —
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New dataset: xSID

v SRS 5 s e ) O

da Jeg vil gerne se spilletiderne for '

de Ich wurde gerne den Vorstellungsbeginn fur Im - sehen
de-st | mecht es Programm fir In sechn

at the [fioVISHOUSE]

di gedung

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

. 2 O LR % R T,
kk Men baFaapnamachbiHblH KOPCETINIM YaKbITblH KOpPriMm kenegi

zien
Sr Zelela bih da vidim raspored prikazivanja za -

tr _ _ seanslarini gormek istiyorum
ST T [

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

nl Ik wil graag de speeltijden van
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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 O B-todo B-Datetime
1 1 | I I 1

Intent
Decoder

Slot Decoder

I
<CLS> add reminder to Swim 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 — — 0.18 0.18 0.19 022 023 024 030 033 037 038 041

Slots

base 97,6 485 330 739 B804 750 674 711 458 729 485 557 599 | 61.0

nmt-transfer ).( ). 4 60.8 6 1.0 41 42 482 27.¢ )2 52.0 45.0 | 44.1
53.0 6 759 822 78.0 63.8 69.5 L. 63.5

AUX-T111 J.U ~+4. . o~ D . o . DL. D . J. 0. . o 0.

aux-ud 975 476 291 737 733 618 568 61.1 426 649 452 538 476 | 548

(More results in the paper)
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How much training resources (time)?

Model Time (minutes)
base 3
nmt-transfer 5,145
aux-mlm 220
aux-nmt 464

aux-ud 57

Table 5: Average minutes to train a model, averaged
over all languages and both embeddings. For nmt-
transfer we 1include the training of the NMT model.



Take-aways

Slot and Intent Detection dataset (xSID) and annotation guidelines released, xSID is
growing: Bernese Swiss German and Neapolitan added in VarDial (Aepli et al. 2023)

Let us know if you would like to contribute a new language variant!

MLM auxiliary task was most robust (similar to DAPT but across languages), and help
particularly for a low-resource dialect (South Tyrolean)

‘%‘ Limitation: sharing via MTL helped only in limiting degrees
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Genre Distribution in Universal Dependencies (UD)
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Universal Dependencies

Muller-Eberstein, van der Goot, and Plank (2021b)

200 TREEBANKS 114 LANGUAGES 1.51M SENTENCES

Nivre et al. (2020); Statistics as of version 2.8
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Universal Dependencies Genre Meta-data

What's (not) in a corpus?

, , G2, G3, , G5 , G7, GS8 G2, G3, , G5 , , G2, G8 , G3, , G5, G7, GS8
o
° ® o ‘o ° 0. e o @ . o
PS < PS ¢ o ® ¢ ¢
® ® ° .Q ® ® o ® ® ®
® ® o o o ® o ¢ ®
O ® ® ¢ ® ® ®
o o ® ®
O ® ® P ® o ®
® o O ® o o ® O o O
® O o ® o O
o o
® o ¢ ® o ® ® o ®
® o e® o °® o o © o ¢ ©
O ° ® O
o o O °°
o
°. ® ® ® ¢ o ® © © o o ©
O O ° @ @ o ®eo o o O O o ©
o o o
® ® @ ® O O PN O
o o ¢ o ©® ® o o o ©
@ ® ° o O o 00 o ® Lo o
, G1, G3, G7, G8 , G6, G7, G8 G3 18 GENRES

Nivre et al. (2020); Statistics as of version 2.8
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Genre as Weak Supervision for Cross-lingual Dependency Parsing

Mduller-Eberstein, van der Goot, and Plank (2021a)

, G2, G3, , G5 ’ , G2, , G5, G6
&"‘. ‘~~~s ®
g 't' [ _ ® .. ® ‘\‘ o o
48 :l °® o . ® ‘\“ o ©
- |T| > e "o » - " e ° o
Vo) ' '
‘o .o. e’ °.'|.-“ 63 E s O .‘ ® ’ N .
q’ \s 'l
I. e o ‘ w s~~ o ® '.'O o o O
! G5
, G5, G6, , G8
Universal Dependencies Proxy Data Target Data
(no instance genre labels) (weakly genre-labelled) (zero-shot language)

Dozat and Manning (2017)



Genre as Weak Supervision for Cross-lingual Dependency Parsing

TARGET SWL® SAE KPVH TA GLE YUES® CKT® FOW TEL MYVE QHEXN QTD®



Data Selection Results

Less Is more.

Projected instance genre for

best adaption

8x more data

TARGET META RAND SENT BOOT

50.3 E 34.1 36.5 36.8 37.7

38.7
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Genre as Weak Supervision for Cross-lingual Dependency Parsing

Left: genre in mBERT. Right: genre-tuned mBERT via weak supervision.

bible ¥ news

fiction B nonfiction

grammar B social BOOT

learner B spoken

legal B wiki (genre-tuned)
»  medical
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Applications to Transterability Estimation




Which Large Pre-Trained LM to pick?

~  Hugging Face Q Models Datasets Spaces Docs = Solutions  Pricing

new Full-text searct

Tasks Libraries Datasets Q@EWECEEEK 1) Licenses

Other

S Reset Languages bert-base-uncased

€ jonatasgrosman/wav2vec2-large-xlsr-53
gpt2
xlm-roberta-base

£ emilyalsentzer/Bio _ClinicalBERT
NP 109
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Which Large Pre-Trained LM to pick?

Problem: LLMs are appearing at an incredible pace. It becomes increasingly difficult
to pick a pre-trained LM

Fine-tuning with all is infeasible (and not sustainable)
Today’s LM choice is largely based on heuristics

Question: Given an NLP task, to what extent can we estimate the transferability of
pre-trained LMs to specific NLP tasks, a-priori (without fine-tuning?)

Prior work on this in NLP is limited; Some distantly related work on performance
prediction not on LLM choice though (e.g. Xia et al., 2020; Ye et al., 2021)




Transferability Estimation

Problem setup: Given L pre-trained language models and a dataset D,
estimate a score for each language model without fine-tuning on D

Use the obtained rank to select the best LLM encoder

As ranking function, we use the LogMe framework proposed in Computer

Vision (You et al., 2021) - an iterative process that draws lightly
parametrised Gaussian distributions to estimate the fit of the LM to the

dataset D

We evaluate model ranking across 10 tasks of two kinds (classitication,
structured prediction) using 4 setups and 7 LLMs (general, domain-specitic)

We compare it to human experts (12 NLP researchers)

|12



Transferability Estimation: Results
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Vs Human Performance

Task turns out to be difficult for humans
No single participant was the expert in all setups

Wider range of correlation:

LogME range of T is in [-0.20; 1.00]; Human rankings fall into a wider range
of [-0.54; 1.00], higher uncertainty.

Benefit of LogMe: provides a continuous scale, humans ranks offer no
indication of relative performance ditterences

Take-Away: Evidence > human-intuition for a-priori LM ranking

Limitation: limited (12) human rankings, generalisability beyond the task
sample?

| 14



What about dependency parsing?



Probing for labeled dependency trees

Muller-Eberstein, van der Goot, and Plank (2022b)

A EEEE R -
o || > :
I 0
o »|| _ — : T
I |
. +| O -> |
o B X —> LAS
o ->| a > i
I > i B
I —1 I
o =l = I
I 0
0 0
® '>':' > ! DEPPROBE

frozen weights
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Sort by Structure: Language Model Ranking as Dependency Probing

? languages, 22 LMs, 46 setups.

Arabic

mBERT

XLM-R

RemBERT

AraBERT

BERT-AR

English
mBERT
XLM-R

RemBERT

BERT

RoBERTA

Finnish

mBERT

XLM-R

RemBERT

BERT-FI

BERT-fi

Anc. Greek

mBERT

XLM-R

RemBERT

BERT-GRC

BERT-EL

Hebrew

mBERT

XLM-R

RemBERT

N-BERT

Korean

mBERT

XLM-R

RemBERT

BERT-KO

RoBERTA-KO

BERT-KOR

Russian Swedish
mBERT mBERT
XLM-R XLM-R

RemBERT RemBERT
RuBERT BERT-SV

RuBERTa

RoBERTA-RU

Chinese

mBERT

XLM-R

RemBERT

BERT-ZH

BERT-ZH
WWM

RoBERTA-ZH
WWM



Sort by Structure: Language Model Ranking as Dependency Probing

LAS of DEPPROBE in relation to BAP
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Max Miiller-Eberstem
mputer Science, 1T Univers
essing (C1S), MU Munich,
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EMNLP, 2022




Introspection: What is captured in contextualised embeddings?

Probing has developed into a widely-used toolkit (e.g. Conneau et al., 2018;
Hewitt & Manning, 2019; Tamkin et al., 2020)

Linguistic information is encoded at varying timescales (subwords, phrases
etc) and levels (syntax, semantics etc).

Question: To what extent do multilingual representations capture linguistic
properties at different time-scales?

—> Spectral Probing as a [ 9
into large LLMs &

_________
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Take-Away: Spectral probes rediscover the linguistic hierarchy

100

(o]
o

Accuracy

20 1

100

(8e]
o

Accuracy

20 1

Figure 2: Monolingual Results on PTB and 20News.
Acc of unfiltered (ORIG), low (L), mid-low (ML), mid
(M), mid-high (MH), high (H), and the spectral probe’s
automatic filters (AUTO) with frequency weightings.
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Figure 3: Spectral Profiles of all tasks (weight per fre-
quency), with lower and upper bounds across languages.
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Applications to Human Label Variability




The “Problem’ of Human Label Variation:
On Ground Truth in Data, Modeling and Evaluation

Barbara Plank
Center for Information and Language Processing (CIS), MaiNLP lab, LMU Munich, Germany
Munich Center for Machine Learning (MCML), Munich, Germany
b.plank@lmu.de

EMNLP, 2022
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Multiple human annotations
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Can we turn disagreement into advantage?

Fortuitous
P data

Disagreement in human annotation is ubiquitous

— This impacts all 3 stages of the NLP pipeline.
— Human disagreement is one important form of
uncertainty.
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Disagreement or variation?

genuine/ Annotator

plausible

Annotator 1: entail. / disagreement

Human [2 5, 0]

Subjectivity Label T
. (Perspectives) Variation £ = ¢
Annotator 2. neutral ' ® O
' . [ ]
, L? Multiple plausible human judgement
Ann0tat10n ErrOI' 4 - answers distribution

> | propose to call it Human label variation (HLV) = plausible

>

variation in annotation (Plank, 2022 EMNLP)

> Preferred over ‘disagreement’ as that implies two or more views

cannot all hold

> To reconcile different notions in the literature (‘human

uncertainty’, ‘perspectives’, ‘hard cases’, ‘disagreement’ etc)

In contrast: annotation errors
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Soft-labels via Multi-Task Learning: Auxiliary task for “human distribution”

(000000 ) (000000 )

| |

X X
Gold label e Gold label + Soft label

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

M Accuracy POS 5 fold
B Accuracy POS test

STL MTL + KL MTL + KL inv
78

B Accuracy Stemming

STL MTL + KL MTL + KL inv

D (P|1Q)  Dg(Q]P)
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Learning with Human Label Variation

Soft-label MTL is only one way to use MTL

Alternative: Davani et al. (2021) who model each annotator separately as output head in
a MTL model (instead of one head with the “human distribution”)

Many more approaches to learn with Human Label Variation (see survey in Uma et al.,
2021 JAIR)
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|ls Human Label Variation So Bad?

It provides opportunities for more
trustworthy, human-facing Al.



More trustworthy models: Calibration & Model Uncertainty

> Calibration is a popular framework to evaluate whether a
classifier knows when it does not know

Majority Vote Reliability Diagram. ECE=14.7

10

accuracy
o o o
i N o

o
N

o
o

IIIII

00 013 027 04 053 067 0.8 0.93
model confidence

~ However, calibration assumes there exists a ground truth

» We examine calibration under the lens of human label variation

132



Calibration to majority is flawed

~ Temperature Scaling improves typical calibration measures
(ECE). But what does that mean?

Majority Vote Reliability Diagram. ECE=3.3

Majority Vote Reliability Diagram. ECE=14.7
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accuracy
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medel confidence

(c) ECE: Vanilla (d) ECE: Temp Scaling

>~ With instance-level distributions we get a more fine-grained
view on model calibration (TVD distance; Baan et al., 2022)

RaRFRTa RoBFRTa-TS

125 0.125
L0100 o | N Fewer axﬁremeiv miscalibrated
50075 M =
a I a
e 0 05C \ C% 0.

o | 1 ’ 1 BUT even fewer perﬂfe{’:&bj

@ anc 0.4 0.6 - 0.2 L ] '

DistCE (1VD) DietCE (1VD) calibrated instances!
(a) DistCE: Vanilla (b) DistCE: Temp Scaling
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(Baan, Aziz, Plank, Fernandez, 2022 EMNLP) https://arxiv.org/abs/2210.16133


https://arxiv.org/abs/2210.16133

Outline

 Introduction: Why Transfer? Dimensions of Language Variation

e Part 1: What is Transfer Learning?

e Three views on Transfer Learning, Related Learning Strategies

« Part 2: A type of

L: What is Multi-

ask Learning?

* What and Why, Perspectives on MTL

* Short hands-on tutorial with MaChAmp

e Part 3: Selected Case Studies

* Applications to Multilinguality, Transferability Estimation,

» Qutro

uman Label Variation
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Some selected advances in traditional MTL

Distillation with
teacher annealing

« MTL & knowledge distillation

Task1| = Task 1
(Clark et al., 2019)
) 1 — A A
Task 2 Multi- Task 2
Model :> e < Labels
E distill train E
Task k& Task k
I\IOde]. Lvabels

« MTL & continual learning

(Sanh et al. 2019; Sun et 4 Progressively
al., 2020) s  adding tasks

BSK1l = TaskZ =~ Taskd =~

Sequential Multi-task Leaming

Generates
« MIL & adapters via shared hypernetworks &— adapter
(Mahabadi et al., 2021, Ustln et al., 2022) parameters
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Scaling up seems one key finding for MTL

Pre-Fine tuning (Aghajanyan et al., 2021): MTL between pre-training and fine-tuning

Scaling up and using many in-between tasks was key

ROBERTa Pre-Finetuning Scale Ablation

o — - —— - — — — - -

€8

-
.
-

-
—_—

€6

&4

ACC

€2

Dataset
—&— RTE

- BoolQ

m- RACE
-4 SQuAD
—&- MNLI

€0

78

# of Datasets
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Multi-task learning in light of T5, ChatGPT etc:
Not just approaches and models change, also our
terminology!



Traditional notion of few-shot learning

Slide by Beltagy et al., ACL 2022 tutorial

I
“Train® | “Test”
input=class input=class I
. input=class | input=»class
Input=+class input=class I
input=class I input=class .
: iInput=>_ 2o
input=class InpUtsClass Input=class I
: ' »Class
. | input=class ' Input+cia
inputsclass  INPUL>CIAss input=class |
I
, input=class . |
input=class input=class class
| input
input=class l Class
I
I
I
I
I
I
I
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Recent notion of few-shot learning

Slide by Beltagy et al., ACL 2022 tutorial

“Train” “Test”

input+class  jnput=class input=class

input=class input=sclass
input+class inputsclass  inputsclass

input=class input=class

input+class input=+class input=class
If not zero-shot

inputsclass  inputsclass  INPUt»Class
input=class input=class . . :
' input Ip Task is to identify the ....
input=class

Task is to decide if ....

Optional

Task description

class
class

input
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“Learning many tasks” takes on new meanings, too (e.g. FLAN)

Wei et al., 2022

(A) Pretrain—finetune (BERT, T5)

/

Pretrained Finetune on Inference
[L]_' taskA ~—° ontask A
* Typically requires many

task-specific examples
* One specialized model
for each task

N\
(B) Prompting (GPT-3)

J

Inference

on task A

\

Improve performance )

via few-shot prompting
Pretrained or prompt engineering
LM
\ J

(C) Instruction tuning (FLAN)

Instruction-tune on
mane' tasks

s
Model learns to perform

Pretrained >
many tasks via natural

9 language instructions

. Inference

on task A

Inference on
unseen task

\

J

Figure 2: Comparing instruction tuning with pretrain—finetune and prompting.



What is a task?



To wrap up...
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Towrap up

L Scarce and biased data are ubiquitous

Transter Learning is broad! Sequential TL (pre-training) is just one kind

A - We have seen applications of:

Data selection

Multi-Task Learning

Probing

Performance Prediction

Human Label Variation and Calibration
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