/IHTepnpeTnpyemMoCThb
NLP-monenen

OAvmutpun Konopgeses, NMpomcodT

NLP-muTan B OmMcke
15.10.2022




e B o

° NLP v ero apysbs

* Y70 1 3a4eM MHTEpPNpPETMPYEM
* TpaHcdhopmepsbl

* Fine-tuning

* Few-shot learning

* Yeknuct



OpHaxabl Ha [daTamecTe

Bonpoc u3 3ana: TpaHchopmepbl NLP, TpaHchopMepbl HEMHTEPECHbI ANA BU3yanu3auunm?

Omntpuia Konogeses: OHW MHTEPECHbI ANA BU3yanusauuy, NpocTo A He MOHUMa, Kakyro A Nofb3y Mory M3 BU3yanusauun
W3BNeYb. ¥ MeHs ecTb BoMblUEA MOJenb. A CMOTPH B HMUX M BUXKY, YTO Kak-TO OHa He TakK BU3yanM3upyeT MOMW CIOBa, MHE He
HpaBWTCA. YTO A ¢ 3TUM cOenaw?

Ecnu ¥ MeHA eCTb MaleHbKanA TabnuyHan MOofeNb, A Nowen ee JOY4YKUn, NOCMOTPenN, CpaBHUN.

A A3bIKOBLbIE MOJenn CTONbE CNOXHBIl, YTO NO 6on bLUOMY CYETY KX Ye He CTONbKO Y4aT, a B nydllem cny4dae YyTb-4yTb
OoydnBearoT. Mnu BOO'SLLI,E ﬂﬂﬂﬁHDaIOT NnodeoAkKn. To ecTb € AbIKOBLIMW MOAENAMMK npoﬁnema, eCcnK Bbl He XXHMBeTe A3bIKOBEIMK
MOOenAMM, TO, HaBEPHOE, CMOTPEeThk UX NULIHWA pas He Hafao, YTO6bI HE paccTpavBaTbCA.

1 He MOHKMMal0, KaKue BbIBOAbl MOXHO cAenaTb MocMoTpes Bert, NoaToMY M He NONb3YlOCh BU3yanu3auuen, a Tak-To
TpaHchopMepbl MHTEPECHDI.

Mpo attention ecTb MCTOPMA, YTO attention — 3To Ta Xe camas saliency map B HeMpoOHKaX, TO eCTb OH MOACBEYMBAET He TO,
noyemMy Mofenb NPUHWMAET PELLIEHKE, @ TO, Ha YTOo OHa obpalllaeT BHMMaHWe. 3To MoryT 6bITb NPOCTO Heobbl4HbIe ANA Habopa
N@HHbIX Belln. To eCTb BHE3arnHo YTo-TO CTPaHHoe NOABKMIOCE B Habope [aHHbIX, Mofent 0BpaTUT Ha 3TO BHUMaHMe.
Heo6azaTenbHo, YTo oHa 6yAeT yYUThIBaTE 3TO ANA NPUHATUA PELLEHUS.

https://kolodezev.ru/interpretable2022.html


https://kolodezev.ru/interpretable2022.html

Natural Language Processing

* Knaccupukaums TekcTa

* [eHepauuna TeKcTa

* Pa36op TekcTa Ha kyco4kn (NER)

* 3anosIHeHME NPOMYCKOB B TEKCTE
* [Ipeobpa3oBaHMe TEKCTA B TEKCT

* Cymmapusayums



XAl: eXplainable Al

° lmeem npaBo 3HATb

* OTtnagka mogenu n AaHHbIX

° [lpnemMo4HoOe TeCcTupoBaHue

* AHann3 ownboK 1 pa3zbop NoneTon

* BbigaBneHue ya3BMMOCTEN

* [IpoBepKa 04eBUAHbIX 3aBUCUMOCTEN

* Counanmsaumnsa mogenu

https://en.wikipedia.org/wiki/Explainable_artificial_intelligence


https://en.wikipedia.org/wiki/Explainable_artificial_intelligence

B yem, cObCTBEHHO, Mpobnema’?

* [Ipeobpa3oBaHus NpPoOCTble
* Ho nx oyeHb MHOIo

* OYeHb-04YeHb-04YEHb-0O4YE€Hb MHOIO
- YaLM — 10 napameTpoB

* He cobupatotcs B ronose

* Kak 6yaTo YepHbIN LMK KAKON-TO

Output
Probabilities

Add & Norm

Feed
Forward

| Add & Norm ;}

f—>| Add & Norm |

Multi-Head

Feed Attention
Forward 7 7 Nx
 — |
Nx Add & Norm
r-" Add & Norm | sk
Multi-Head Multi-Head
Attention Attention
At L
S — J . — )
Positional ® Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)


https://github.com/yandex/YaLM-100B

inw, roBopsa Apyrmmu C1oBamMi

* «Despite constant advances and seemingly super-human
performance on constrained domains, state-of-the-art models for
NLP are imperfect. These imperfections, coupled with today's
advances being driven by (seemingly black-box) neural models,
leave researchers and practitioners scratching their heads asking,
why did my model make this prediction?»

https://demo.allennlp.org/


https://demo.allennlp.org/

Kak 0O bACHAKT Ntoau

° BoT noaTtomy cnioBy 4 cpa3y y3Han B Bac uHTennureHTa
* OH Hayuuncs sTon ppase y OAHOKNACCHUKOB

* ToNbKO HE TOBOPUTE eMY MPO AEHbIU, €ro 370 becuT

e JIOrMYHbIM NPOAO/KEHMEM CKA3aHHOrO byaer ...

* 3TO BCe paBHO YTO CKa3aTb «s He byay BaM NOMOraTb»



HauHeM C Fpatepoeptatopes TPaHCHOPMEPOB

. BHmmaHme rnasHoe B TpaHCpopmepax — BHUMaHMe!

1 model_view(attention, token sent: e b sta

Attention:[an v

0 1 2 3 4 5 6 7 8 9 10 mn

https://github.com/jessevig/bertviz


https://github.com/jessevig/bertviz
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Attention Is All You Need


https://arxiv.org/pdf/1706.03762.pdf

MOXeT, rpagneHT Hapucyem?

Legend: B Negative [J Neutral @ Positive

True Label Predicted Label Attribution Label Attribution Score Word Importance
pos pos (0.96) pos 1.29 it was a -performanca | #pad
pos pos (0.87) pos 1.56 -film ever #pad #pad #pad #pad
pos pos (0.92) pos 1.14 such a -show | #pad #pad
neg neg (0.29) pos -1.11 it was a -movie #pad #pad
neg neg (0.22) pos -1.03 i 've never watched something as -
neg neg (0.07) pos -0.84 that is a -movie . #pad

https://captum.ai/tutorials/IMDB_TorchText_Interpret


https://captum.ai/tutorials/IMDB_TorchText_Interpret
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Attention is Not Only a Weight: Analyzing Transformers with Vector Norms

https://captum.ai/tutorials/Bert_SQUAD_Interpret2



https://arxiv.org/pdf/2004.10102.pdf
https://captum.ai/tutorials/Bert_SQUAD_Interpret2

Shapley Values

https://clearcode.cc/blog/game-theory-attribution/


https://clearcode.cc/blog/game-theory-attribution/

https://clearcode.cc/blog/game-theory-attribution/


https://clearcode.cc/blog/game-theory-attribution/

Shapley Values vs SH

A Unified Approach to Interpreting Model
Predictions

Scott M. Lundberg Su-In Lee
Paul G. Allen School of Computer Science Paul G. Allen School of Computer Science
University of Washington Department of Genome Sciences
Seattle. WA 98105 University of Washington
slund1@cs.vashington. edu Seattle, WA 98105

suinleelics .washington.edu

Abstract

Understanding why a model makes a certain prediction can be as crucial as the
prediction’s accuracy in many applications. However, the highest accuracy for large
modern datasets is often achieved by complex models that even experts struggle to
interpret, such as ensemble or deep learning models, creating a tension between
accuracy and interpretability. In response, various methods have recently been
proposed to help users interpret the predictions of complex models, but it is often
unclear how these methods are related and when one method is preferable over
another. To address this problem, we present a unified framework for interpreting
predictions, SHAP (SHapley Additive exPlanations). SHAP assigns each feature
an importance value for a particular prediction. Its novel components include: (1)
the identification of a new class of additive feature importance measures, and (2)
theoretical results showing there is a unique solution in this class with a set of
desirable properties. The new class unifies six existing methods, notable because
several recent methods in the class lack the proposed desirable properties. Based
on insights from this unification, we present new methods that show improved
computational performance and/or better consistency with human intuition than
previous approaches.

https://clearcode.cc/blog/game-theory-attribution/ https://arxiv.org/pdf/1705.07874.pdf


https://clearcode.cc/blog/game-theory-attribution/
https://arxiv.org/pdf/1705.07874.pdf

HOpManbHO OO BACHUM

[18]: # plot the first sentence's explanation
shap.plots. text({shap_values[3])

base value filx)
-8. 2300‘?? -3. 200698 -2.171297 0. 858105 3. 6333?2 1 6. ‘?16"?08

) ) )b il ) I O X e

This is easily the most underrated film inn the Brooks cannon. Sure, its flawed. It does not
give a realistic view of homelessness (unlike, say, how Citizen Kane gave a realistic view of
lounge singers, or Titanic gave a realistic view of ltalians YOU IDIOTS). Many of the jokes fall
flat. SR this film is very ([l in 2 way many comedies are not, and to pull that off in a
stor'c_.r ahnut some of the most tr:ahd|1.'ht:onali!,.Ir reviled members of society @truly (IIEEEE. |t
il ng, t 10t ¢ . either. My only complaint is that Brooks should have
cast someone else in the Iead {I ]ove Mel as a Director and Writer, not so much as a lead).

https://shap.readthedocs.io/en/latest/example_notebooks/api_examples/plots/text.html#


https://shap.readthedocs.io/en/latest/example_notebooks/api_examples/plots/text.html#

[ TOHATHO MOKaXem

shap.plots. text(shap_values)

Oth instance:

Visualization Type: Saliency Plot v

* Inthis picture, there are four persons:
my father , my mother, —
2 Ieﬂ (;:Lﬁputo'rtext
my brother and my sister.

In this there are four :my father my mother my brother and my
picture N persons . N sister.

* Eneste cuadro, hay cuatro personas: =

uadro 0.146 0.348 0.358 -0.122 -0.202
o ° N 0.149 193 -0.544 -0.293 -0.073 -0.118 0.0
m I pa d re m I m a d re hay 0434 0101 -0.51 0341 0165 00
) ) cuatro 0624 0201 0106 0099 0081 00
personas 0017 0428 0033 0.009 0088 0.0

mi hermano y mi hermana. R e B

mi 0.504 -0.074 0.358 2105 2861 00
padre -0.253 -0.034 -0.179 -0.832 -0.823 0.0

0.259 0.123 0.293 1.729 1.075 042 0.0

mi -0.102 -0.309 -0.387 -1.664 2038 0.0

madre -0.222 -0.01 -0.87 0979 -1.941 0.0

N 0.023 0115 0.036 0.371 1.394 0.802 0.0

mi -0.085 -0.037 -0.454 -0.857 -0.624 0.0

hermano -0.131 -0.015 0.094 -0.173 0.159 0.0

¥ 0.128 0.106 0.057 0.138 0.377 0.0

. . mi -0.067 0.017 -0.121 -0.174 -0.026 2961 0.0
https://shap.readthedocs.io/en/latest/example_notebooks/api_examples/plots/text.html# N wos 000 ] | 000 O
0.059 -0.0656 -0.011 -0.15 -0.006 2303 0.0



https://shap.readthedocs.io/en/latest/example_notebooks/api_examples/plots/text.html#

[Tpobnema post hoc 06 BACHEH U

* Jlroan BepsAT KpacuBbIM KapTUHKaM Interpreting Interpretability

* «3ppeKT PaceMoH» Leo Breiman

ELLI,e U MNaTtonornm 3T Balli

SQUAD
Context

Original
Reduced

Confidence

In 1899, John Jacob Astor IV invested
$100,000 for Tesla to further develop
and produce a new lighting system. In-
stead, Tesla used the money to fund his

What did Tesla spend Astor’s money on ?
did
0.78 — 0.91

SNLI
Premise

Original
Reduced
Answer
Confidence

VQA

Original
Reduced
Answer
Confidence

Well dressed man and woman dancing in
the street

Two man is dancing on the street

dancing

Contradiction

0.977 — 0.706

What color is the flower ?
flower ?

yellow

0.827 — 0.819


http://www-personal.umich.edu/~harmank/Papers/CHI2020_Interpretability.pdf
https://projecteuclid.org/journals/statistical-science/volume-16/issue-3/Statistical-Modeling--The-Two-Cultures-with-comments-and-a/10.1214/ss/1009213726.full
https://arxiv.org/pdf/1804.07781.pdf

CecTb 1 BO BCEM Pa30bpaThCs

4 Language Interpretability Tool = simple
Select datapoint + Colorby +  Compare datapoints @i (<primary: eb%8ck...[3]>) Yr < 60fB72selected > Clear selection = Select random
Ibnbmlnos _ .2 | DataTable _ I3 Datapoint Editor O ] o2
rojector: UMAP v Embedding: sst2-tiny:cls_emb. v Label by: sentence Hide unselected 1) Selectall | [ Columns « | |[Feferonce
*sentence Texsegment
Lo N i) fabel Q | i acting, costumes , music, cinematography and sound are all astounding given the
0 it's acharming and often affecting joumey 7 || iprocition’s unters locslee p
1 unflinchingly bleak and desperate 0 | label CategoryLabel o>
2 allows us to hope that to embark a ma ac ye 1
° 4 s slow — very, very slow. )
. 5 young 1
6 asometimes tedious fim o Clear
ey 7 or doing last year ' taxes with your ex-wife 0 on
L 4 R 8 youdont Pk romance 1 *sentence Tesegment
v 9 in exactly 89 minutes , most of which passed as slowly as f I 'd been sitting naked on an ighoo,, formula 51 sank from quirky tojerky to utter trkey 0 [ [ 2ot osiarms il vinditcoragh i i g 6
production's austere locales
10 the leads keep
label CategoryLabel 1.
1 ittake anne meara, eugene levy , and reginald veljohnson allin the same movie
¥ 12 . the film suffers from a lack of humor ( something needed to balance out the violence ) 0
13 we root for  lara and paul), even like them , though perhaps i ' an emotion closer to pity 1
14 even horror fans will most ; both thrils and humor o
15 a gorgeous, high-spirted musical from india music. dance, song, 1
< Page 1 ofa4> 1 O Clear
Expionations Counterfactuals TChY =
cl Results § _ 1 salienceMaps @ _ Il Atention Q22
T — | [zt ~rtorence T —
probas || @ cdiznom @ crad- mput 1 megrated Gradims (1 L layor_atonion +  Head: (0]
Class ~ Label Predicted Score |
GradL2Norm Aokan_grad.aentencs fus) the production * s aus e local ttes . (560
0 Joo3s the acting , costumes , music , cinematography and sound are all as ##tou #inding — >
3 % s given| the production © s laus ##ter #de local Hes
— token_grad_sentence }
the [acting . [GOSWMES| . music . [cinematography and sound are all as ##tou ##nding At —=< ~ e
[C(5) the acting , costumes , music , cinematography and sound are all as #tou Bnding given the production ' 5 aus #iter e local Hes . [SEP]
given the [production ' s aus #ster #he local #res
a2ty o w2ty W szt N
probas GradL2Norm #2 Grad - Input [ Integrated Gradients [ LIME layer_1/attention v Head: @
Class ~ Label Predicted score
GradL2Norm ks giad e uance (€45 the acting , costumes , music , cinematography and sound are all as #1tou Hnding given the production ' s aus Hter Me local Hhes . [SEP]
° Jooss the |acting . [costumes| . music . cinematography and sound are all as |##tou ##nding = ~ S = +
3 7 o 0% Gien| the production ' s laus #kter ##e local #des . \
Gt token_grad_sentence !

the [acting . [EG8fiMes] . [music . cinematography and sound are all as ##tou ##nding
given the [production ' s aus ##ter e local #ees

et ~ - — —
[CLS) the acting , costumes , music , cinenatography and sound are all as Shtou 34nding given the production ' s aus Biter 3he local Bhes . [SEP]

Wade with & by the LT team 18

Language Interpretability Tool https://github.com/PAIR-code/lit


https://pair-code.github.io/lit/tutorials/tour/
https://github.com/PAIR-code/lit
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https://lamyiowce.github.io/word2viz/

Explore word analogies

What do you want to see?

Gender analogies —
Modify words

Type a new word... Add

Type a new word... Type a new word... Add pair
X axis:| she he
Y axis:| woman queen

Change axes labels


https://lamyiowce.github.io/word2viz/

HeKNucT

Capability Min Func Test INVariance  DIRectional

Vocabulary  Fail. rate=15.0% _ 16.2% () 34.6%
NER 0.0% e 20.8% N/A
Negation (LY 76.4% N/A N/A
Test case Expected Predicted Pass?

0 Testing Negation with MFT Labels: negative, positive, neutral
Template: I {NEGATION} {POS VERB} the {THING}.
| can’t say | recommend the food. neg pos X
| didn’t love the flight. neg neutral X

Failure rate = 76.4%

Beyond Accuracy: Behavioral Testing of NLP Models with CheckList



https://github.com/marcotcr/checklist

HeKNucT

e Testing NER with INV Same pred. (inv) after removals / additions
@AmericanAir thank you we got on a pos

different flight to [ Chicago — Dallas ]. _— neutral X
@VirginAmerica | can’t lose my luggage, inv ( neutral X
moving to [ Brazil — Turkey ] soon, ugh. neg

Failure rate = 20.8%

O Testing Vocabulary with DIR Sentiment monotonic decreasing (1)

@AmericanAir service wasn't great. You i ( neg

are lame. neutral X
@JetBlue why won't YOU help them?! i ( neg

Ugh. | dread you. neutral

Failure rate = 34.6%

Beyond Accuracy: Behavioral Testing of NLP Models with CheckList


https://github.com/marcotcr/checklist

CekpeTHbIn cnanp Nel

* Fine-tuning
° lI3meHeHne BeCcoB
°* WNHTepnonauyunsa secos

JKCTpanonayuna BecoB



CekpeTHbIu cnamg Ne2
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Cnavabl TyT

1) dkolodezev
m dmitry_kolodezev

https://kolodezev.ru/download/omsk_nlp_2022.pdf


https://kolodezev.ru/download/omsk_nlp_2022.pdf
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