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Words -> words in context

o Shift from static embeddings to contextualized word representations

)
ELMo BERT
___
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And it was the beginning of a very long story...



What do models learn?
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What do models learn?

* probing classifiers

* Mmodel components
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What do models learn?

* probing classifiers

* Mmodel components

Prompts

o fillin the blanks
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Why a more general understanding is important?

It can:

» give intuition for creating a better training objective

* give intuition of how to properly use pretrained representations

o explain “puzzles” from previous work
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Representations of individual tokens

I saw a cat Input data
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Representations of individual tokens

Training objective
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Representations of individual tokens
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Tasks: LM, MLM, MT
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LM - Language Modeling
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LM - Language Modeling

INput: current token identity and position
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MLM - Masked Language Modeling (aka BERT)
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MLM - Masked Language Modeling (aka BERT)

Input: [mask], random or current
Saw token identity and position

Output: current token
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MT - Machine Translation
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MT - Machine Translation
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The bottom-up evolution

* FiX: model and training data
* \ary: training objective
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The bottom-up evolution
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The bottom-up evolution

* FiX: model and training data
* \ary: training objective
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Previous Work: "puzzling” results



Untrained LSTMs are better for token prediction

» Untrained LSTMs outperform trained ones for word identity prediction
task (Zhang & Bowman, 2018)
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MT behavior is monotonic, LM is not

* For constituent [abeling prediction, MT shows monotonic behavior,
while LM non-monotonic (Blevins et al, 2018)
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BERT behavior is not monotonic

o Fordifferent tasks the contribution of a layer to a task increases up to a
certain layer, but then decreases at the top layers (Tenney et al, 2019)
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Why is this happening?

Problems: @

e Fvidence is somewhat O
anecdotal

* No explanation of the process
behind such behavior
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The Information-
Bottleneck Viewpoint
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INnformation Bottleneck for
[oken Representations



Model as a function from input to output
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Our setting:
representations of individual tokens

Two roles a token representation plays:
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Our setting:
representations of individual tokens

Two roles a token representation plays:

* Predicting the output label
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Our setting:
representations of individual tokens

Two roles a token representation plays: sawladlcat<eoss

* Predicting the output label ?
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* Preserving information necessary to build o lollo o
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I saw a cat
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The task defines:

* the nature of changes a token representation undergoes,
from layer to layer

* the process of interactions and relationships between
tokens

* the type of information which gets lost and acquired by a
token representation in these interactions
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Ml between an input token and a representation
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Ml between an input token and a representation
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Ml between an input token and a representation

Ml(layer, src token)
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Ml between an input token and a representation

Ml(layer, src token)

LM loses information about the
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Ml between an input token and a representation

Ml(layer, src token)

For MT, the behavior is similar,
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Ml between an input token and a representation

Ml(layer, src token)
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Ml(layer, src token)
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M| between a representation and both input and output

MLM
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M| between a representation and both input and output
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MI with both input and output tokens
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Analyzing Changes and
INnfluences



Analyzing Changes and Influences

* NOW Much change s
happening in a given layer

* Which tokens gain more
iNnformation from other tokens

 which tokens influence other
tokens most
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Analyzing Changes and Influences

* NOW Much change s
happening in a given layer

Comparison
between hetwork
representations

* Which tokens gain more
iNnformation from other tokens

 which tokens influence other
tokens most
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VViews on the data

« use PWCCA - a version of canonical correlation analysis (CCA)
« PWCCA measures similarity between pairs of ‘'views on the data
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VViews on the data

« use PWCCA - a version of canonical correlation analysis (CCA)

« PWCCA measures similarity between pairs of ‘'views on the data
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VViews on the data

« use PWCCA - a version of canonical correlation analysis (CCA)
« PWCCA measures similarity between pairs of ‘'views on the data
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A coarse-grained view: Distance between tasks
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A coarse-grained view: Distance between tasks
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A coarse-grained view: Changes between layers
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A coarse-grained view: Changes between layers
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A coarse-grained view: Changes between layers
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Amount of change and influence

« Change: how much * Influence: how mucr
representations of these tokens representations of other tokens
change petween layers change if this token is not present
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Amount of change and influence
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Amount of change and influence

« Change: how much
representations of these tokens
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\Varying token frequency: Amount of change
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\Varying token frequency: Amount of change
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\Varying token frequency: Amount of change

« Change: how much representations of these
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\Varying token frequency: Amount of change
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VVarying token frequency: Amount of influence
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VVarying token frequency: Amount of influence
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Plan

» Evolution of representations of individual tokens
* [raining objectives: LM, MLM, MT

o "Puzzles” from previous work

* Thelnformation-Bottleneck: our point of view

o EXperiments

o Information Bottleneck for token representations

o Analyzing changes and influences

O ...
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Plan

» Evolution of representations of individual tokens
* [raining objectives: LM, MLM, MT

o "Puzzles” from previous work

* Thelnformation-Bottleneck: our point of view

o EXperiments

o Information Bottleneck for token representations

o Analyzing changes and influences

o What does a layer represent?
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What does a layer represent?



The bottom-up evolution

o All models start from the same representation:
token identity and position

M M MLM
O O O O © O O O O O O O
© O O O © O O O © O O O
O O O O © O O O © O O O
O O O O © O O O O O O O
O O O O © O O O O O O O
O O O O © O O O © O O O
I saw(q] cat I saw [a] cat I saw [q] cat

Token "a” on position 3
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Preserving token identity

The cats are tired of sitting on a mat
The catsare hungry

Thisis a great opportunity Are vou happy?

Itis raining his matis full of cats

Simorisla lazy cat

Is it lane? What is an evolution?

These apples are so tasty!

They were on vacation last week

Was it a good vacation?
| was glad to see you

 Takelarge number of
representations of
different tokens
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Preserving token identity

The cats are tired of sitting on a mat
The cats are hungry

 Takelarge number of
representations of

tis Aining  Yhis matlis Full of cats different tokens

Thisis agreat opportunity Arelyou happy?

SimoHisllazy cat  Evaluate the proportion of
Is kTane? Whatlis gn evolution? top-k neighbors which
have the same token
These apples|are|so tasty! identity

They were on vacation last week

Was it a good vacation?

| was glad to see you
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Preserving token identity

1.00 - — Task
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%) LM
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Preserving token identity
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Preserving token identity

 t-SNE of different occurrences of the tokens is, “Was,

L ook how MLM
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Preserving token identity

e t-SNE of different occurrences of the tokens is,
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L ook how MLM
disambiguates
masked tokens
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What's next: lexical and syntactic context

We also ook at:

« Lexical context (identities of adjacent tokens)

* Syntactic context (CCG tags with their left/right parts)
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Lexical context (identities of adjacent tokens)

Left (past)
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1 2 3 4 5 6
Layers

Right (future)
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MT
LM
MLM
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Lexical context (identities of adjacent tokens)

Left (past)

Right (future)

EESNE

1 2

3 4
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LM: forgets past, forms future
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MT
LM
MLM
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Syntactic context (CCG tags)
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Syntactic context (CCG tags)

o t-SNE of different occurrences of the token “is”. CCG tag is in color.

LM

MLM
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Relation to other works



Previous work:
Untrained LSTMs are better for token prediction

o Untrained LSTMs outperform trained ones for word identity prediction
task (Zhang & Bowman, 2018)
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Previous work:
MT behavior is monotonic, LM is not

* For constituent labeling prediction, MT shows monotonic behavior,
while LM non-monotonic (Blevins et al, 2018)

0.8 0.8
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< <

0.5 0.5

Grandparent
—e— Great-grandparent
0.4 | " 0.4
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llustration is from the original paper by Blevins et al, 2018 -



Previous work:
BERT behavior is not monotonic

o Fordifferent tasks the contribution of a layer to a task increases up to a
certain layer, but then decreases at the top layers (Tenney et al, 2019)
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Recent works
BERTScore: Evaluating Text Generation with BERT

(Tianyi Zhang*, Varsha Kishore*, Felix Wu*, Kilian Q. Weinberger, Yoav Artzi, ICLR 2020)

» BERT representations are used to build a metric

BERT models: Pearson Correlation
of BERT-F1 with human assessment on WMT-16 to-en

0.70
The two stages:
- y ‘ )
S 0.65- context encoding and
% ‘token reconstruction’
= 0.60
8 —e— BERT}..
. ZBERi?nmll ilingual
0.99 7 —#— BERTue llustration is from the original paper
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https://openreview.net/profile?email=fw245%40cornell.edu
https://openreview.net/profile?email=kqw4%40cornell.edu
https://openreview.net/profile?email=yoav%40cs.cornell.edu

Conclusions



Our key findings are:

e for LM, evolutionis a transition from known
past to the unknown future;

o MLMs initially acquire information about
context, then recreate token; this happens in
two stages;

o for MT, representations get refined with
context, but most of the information is
oreserved.

o



Our key contributions:

* We propose to view the evolution of a token representation
from the compression/prediction trade-off perspective;

o We conduct a series of experiments supporting this view;

o We relate to some findings from previous work, putting
them in the proposed perspective.
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Official blog post

Evolution of Representations in the Transformer

This is a post for the EMNLP 2019 paper The Bottom-up
Evolution of Representations in the Transformer: A Study with

Machine Translation and Language Modeling Objectives.

We look at the evolution of representations of individual
tokens in Transformers trained with different training
objectives (MT, LM, MLM - BERT-style) from the
Information Bottleneck perspective and show, that:

e [ Ms gradually forget past when forming predictions about future;
e for MLMSs, the evolution proceeds in two stages of context encoding and token reconstruction;

e MT representations get refined with context, but less processing is happening.

—= read more read paper September 2019

https://lena-voita.github.io
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More Analysis: The Story of Heads

The Story of Heads

This is a post for the ACL 2019 paper Analyzing Multi-
Head Self-Attention: Specialized Heads Do the Heavy 34{D @ positional
[

Lifting, the Rest Can Be Pruned. M 18 o smacte
(. { (] rare tokens
(] ] D | | | unknown
F thi t il = (= l . %
rom this post, you will learn:
P y | | 8< (] 0 C] H @
e how we evaluate the importance of attention heads B< 8 l (@ 0 @
. B 88 8 8 0 @
in Transformer 8 |(® .s< 2 B g 0@
| | | B \@ 2 2 B 0D OO
e which functions the most important encoder heads B B k- 2 8B @2 p B0 O
E = 2 2 2 2 @@ @ O
perform = 8 = E B EEEpEgRR2R
e how we prune the vast majority of attention heads in S &8 8 8§ FSseSs . s
48 30 17 14 1 9 7 6 ) 4 3 2 1

Transformer without seriously affecting quality
e which types of model attention are most sensitive to the number of attention heads and on which layers

-= read more @; read paper </> view code June 2019

https://lena-voita.github.io
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