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Explainable Al (XAl)

* Explainable Al focuses on generating explanations for Al
models as well as for their predictions.

* Given a model f and an input x,
 Local explanation explains an individual prediction
* Why does f(x) equal a?
* Global explanation explains the trained model independently of
any specific prediction
* How does f work?
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Many Forms of Local Explanations in NLP

Task: Sentiment analysis
Input: Long and boring: I've read this book with much expectation, it was very boring all through out the book
Prediction: Negative

Form Explanation

Rationale boring

Saliency map Long and -: I've read this book with much expectation, it was very - all through out
the book

Counterfactual Long and boring: I've read this book with much expectation, it was very awesome all through

out the book

Training example Stay Away: This just plain bad. Boring..... I did not find this the least bit entertaining nor
interesting. [t was a waste of my time. (Label: Negative)

Rule If very A boring, then Prediction = Negative (Precision: 94.7%)

Textual The book did not meet the expectation, so the sentiment is negative.
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Approaches for Global Explanations in NLP

* Collection of Local Explanations

* Which local explanation method shall we use?

 How shall we select a set of representative local explanations and how
large is the set?

 How shall we combine the local explanations to provide the global view of
the model?

* Surrogate Model

* An interpretable model which is trained to mimic the behavior of the
complicated model.
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If you want to know more,

* A Survey of the State of Explainable Al for Natural Language
Processing (Danilevsky et al., 2020, AACL)
» https://xainlp2020.github.io/xainlp/

* Interpreting Predictions of NLP Models (Wallace et al., 2020,
EMNLP Tutorial)

e https://www.youtube.com/watch?v=gprlzglUW1s

Imperial College
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Given the explanations,
what’s next?

oooooo



XAl enables Human-Al Collaboration

 If an Al outperforms humans in a certain task, humans can learn
and distill knowledge from the given explanations.

 If an Al's performance is close to human intelligence, the
explanations can increase humans’ trust in the Al and enable
human-Al negotiations.

 If an Al is duller than humans, the expl ' umans verify
the decisions made by the Al and alsO improve the Al.
Explanation-Based Human Debugging (EBHD) of NLP Models

Imperial College Wojciech Samek, Thomas Wiegand, and Klaus-Robert Muller. 2018. Explainable artificial intelligence:
London Understanding, visualizing and interpreting deep learning models. ITU Journal
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Bug & Debugging

 What is a bug in machine learning?

1. An implementation error, similar to a software bug (Selsam et al., 2017)
2. A particularly damaging or inexplicable test error (Cadamuro et al., 2016)

3. Contamination in the learning and/or prediction pipeline that makes the

model produce incorrect predictions or learn error-causing associations
(Adebayo et al., 2020)

* In this talk, we adopt the last definition (so called a model bug).

* E.g., spurious correlation, labelling errors, and undesirable behavior in out-
of-distribution (O0OD) testing.
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Bug & Debugging

 What is debugging in Machine Learning?

1. A process of identifying or uncovering bugs which are causes
of model errors

2. ldentifying the bugs + fixing or mitigating them

* |n this talk, we adopt the second definition.

* Explanation-Based Human Debugging (EBHD) = The process of
fixing or mitigating bugs in a trained model using human feedback

given in response to explanations for the model.

Imperial College
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General EBHD framework

Potential bug sources

- Natural artifacts

- Small training subset

- Wrong label injection

- Out-of-distribution tests

ff_qw"
3)
Update
the model

Model update approaches
- Adjust model parameters

- Improve training data
- Influence the training process

Imperial
London

College

Explanation scopes Explanation methods

- Local explanation
- Global explanation

- Self-explaining model
- Post-hoc explanation

IIIII-‘-_\H\'
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Provide explanations

(

L

Inspected Model

1\

Explanation-Based
Human Debugging
Framework

(2) Give feedback

l
2

)

Experimental settings

- Selected participants

- Crowdsourced
participants

- Simulation

Forms of feedback

- Label - Feature

- Word - Attention

- Score - Reasoning
- Rule
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Example 1: LIME (Ribeiro et al., 2016)

* LIME = Local Interpretable Model-agnostic Explanations
* Context: Text classification, 20Newsgroups (Atheism vs Christian)

Tt : - llicisn i [There i mot complete agreement oo B8 details of (B8
! afterlife. I
n think [l mest commen view i thet final disposition does O
n ot oecL r
—— } H } 4}, umntil a final judgement, which 15 stll 1 . tuture, In .
Tralner meantime, ::1|:||-:- beligve that |:-:-T:-]1]r '!Tr.-rp' unil . final } &
[ resurrection |or becase God 18 abeve tme, pass direcily
[ i fi featly
' . . . to {88 furuse rise wheo B8 resurrection ocoars ). while
' Tram'”g data SVM Classifier i pthers believe EEE—
i * . 1 that souls berve o disembk 0.8
_________________________________ (to be improved) | e bl 5. | —— SP-LIME
oy —1 3 —=— RP-LIME -~
'3 — . | 307 — No cleaning
Improve ~ \1 ) LIME explanations (L4 &
training data 'EZJJ Word-level feedback -'g
206
Remove words: the, will, to, in, is §
Imperial College "% : B
P 9 Rounds of interaction
London
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Example 2: EluciDebug (Kulesza et al., 2015)

Move message Only show predictions ~
to folder... that just changed = R Search |Staniey Clear

C Folders Messages in the 'Unk ' folder
| |} I ~ Y
. Original Predicted  Prediction Re: Octo, ln Detroit?
0 n text . Unknown | | order St opie s From: gearge (George H)

{1190 %) | 9287  Re: Playoff Predictions Hockey  99%
9294 Re: Schedule...

Harold Zazula <DLMQC@CUNYVM.BIT

" .
| >1 was watching the Detroit-Minneso! it and thought | saw an
* Text classification SEAY. | T o wiCrinvi g [t ooy oseopnice,
| 9308 Re: My Predictions For 1993 Baseball  64% 4 >(is there some custom to throw octopu: e in Detroit?)
Baseball |
8 A [[9312  Rec NHL Team Captaing Baseball  64% A Itis a long standi Juck Redwing's tradition to throw an octopus
° correct predictions | 8316 Re: ugliest swing Baseball  63% A on the ice during a ; Cup game. They say it dates back to 'S2 ti
eWS rO u S | at the Olympia when the Wings became the 15t team (I think) to sweep Stanley IQCT
§ 9319 Re: Octopus in Detroit? Hockey  67% the cup in 8 games. A lot hardet to throw one from Joe Louis seats
Prediction totals ’ 9339 Sparky Anderson Gets win #2000, Tigers beat A's  Baseball  99% than from the old Olympia bakcony, though. o mouter think this
Hoxl Y | 9347 Re: Goalie masks [ Baseban JEEED Funniest | ever saw was when some TIger fans threw one on the field ee likely to be about
I I O C k‘ e VS B a Se b a I I 334 | during 3 Detroit/Toronto Baseball game ... | was living in California an Baseball
Baseball 917 A 9362 Re: Young Catchers Baseball  82% A and the folks | was watching with had never heard of and were
" ™ | 937 Re: Winning Streaks 53% Iincredulous when | recognized the octopus BEFORE the camera closeup !
% | 9379  Royals Baseball  64% A A N D

[ J M Od el : M u Iti n O m i a I "Stanley" ‘ 9390  Pnillies Mailing List? Baseball  65% A Part 2: Folder size

Baseball |
| 9410 Reds - treak: Rej 418 all % B fold "
| 94 snap S-gamae losing streak: RedReport Baseb: 98 The ball hes

T 7 | 9423 Re: Juggling Dodgers Baseball  57% A the Hockey folder
a I Ve a ye S as | 9424 Re: Candslestick Park experience (long) Baseball  99%

Unknown 9433  Re: Notes on Jays vs, Indians Series 53% |
9434 Re: When did Dodgers move from NY to LA?  [EEEECEIIN 53%
L | 9439 Prayotf poot Hockey  96% o
| 441 Re: Hockey and the Hispanic community Hockey 9% b
A P P 19449 Re: Yool-isms T 3%
y = argmax|P(c) (xi1]c) ——

Add 8 new word or phrase l

Jhunlundldjd;m@w

baseball bl canadian dave david hockey player players prme stanley stats  tiger  time

Figure 1. The EluciDebug prototype. (A) List of folders. (B) List of messages in the selected folder. (C) The selected message. (D)
Explanation of the selected message’s predicted folder. (E) Overview of which messages contain the selected word. (F) Complete list of
words the learning system uses to make predictions.
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Example 3: FIND (Lertvittayakumijorn et al., 2020)

* FIND = Feature Investigation and Disabling
e Context: Text classification, Six datasets, Model: 1D CNNs

Training data Original model Word clouds Debugged model

.......................... 2
o Human
—>» Training Debugger
Analysis —
> Y

Imperial College 16
London

Disabling
features

Final weight adjustment



https://aclanthology.org/2020.emnlp-main.24.pdf

Outline

* General EBHD framework

* A few instances of the framework

* Specific components of the framework
* Research on Human Factors

* Open problems

* Conclusion

Main reference of this talk

Piyawat Lertvittayakumjorn and Francesca Toni. 2021. Explanation-
Based Human Debugging of NLP Models: A Survey. TACL (Forthcoming).

Imperial College
London

17


https://arxiv.org/abs/2104.15135

Bug Context - Task

Target NLP task

Natural
Language
Inference
6%

Question
Answering
13%

Text
Classification
81%

Imperial College
London

Most researchers work on text classification because, for this
task, it is much easier for lay participants to understand
explanations and give feedback (Ghai et al., 2021).

» Text classification

* Topic classification
Spam classification
Sentiment analysis
Auto-coding of transcripts

* Question answering

* Visual question answering
* Table question answering

* Natural language inference

18
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Bug Context - Model

Inspected model

Other deep
models
19%

V

BERT/RoBERTa
13%

Naive Bayes
31%

Logistic
regression
25%

Imperial College
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* Interpretable models
* Naive Bayes
* Logistic Regression

* Black-box models
 SVM with RBF kernel
e fastText (Joulin et al., 2017)
1D CNN (Kim, 2014)
* TellingQA (Zhu et al., 2016)
* NeOp (Cho et al., 2018)
 BERT (Devlin et al., 2019)
 RoBERTa (Liu et al., 2019)
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Bug Context - Bug Sources

* Natural bugs - Natural artifacts

* The input texts have signals which are correlated to but not the reasons for

specific outputs.

Heuristic Definition

Example

Lexical overlap  Assume that a premise entails all hypothe-
ses constructed from words in the premise

The doctor was paid by the actor.

—— The doctor paid the actor.
WRONG

Subsequence Assume that a prenuse entails all of s
contiguous subsequences.

The doctor near the actor danced.

—— % The actor danced.
WRONG

Constituent Assume that a premise entails all complete
subtrees in its parse tree.

If the artist slept, the actor ran.

———— The artist slept.
WRONG

Table 1: The heunstics targeted by the HANS dataset, along with examples of incorrect entailment predictions that

these heunstics would lead to.

Imperial College Thomgs Mcpr, Ellie Paylick, Tgl I._inz.en. 2019. Right for the Wrong Reasons:
London Diagnosing Syntactic Heuristics in Natural Language Inference. ACL
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Bug Context - Bug Sources

» Simulated bugs

e Contaminating input texts in the training data with decoys (i.e., injected
artifacts)

e Using a small subset of labeled data for training
* Injecting wrong labels into the training data
* Using out-of-distribution tests

Imperial College
London
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The Workflow

* The three steps need to be decided harmoniously to create an
effective debugging workflow.

Update (1) Provide explanations
the model ( )
( @ Explanation-Based O
Human Debugging
Framework @
Inspected Model Human

1 (2) Give feedback )

Imperial College
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N
.'\3 /)

o

Upc;étc \1) Provide explanations
the model =
_ _ ( v
Step 1: Provide Explanations [ =mmsnass O
Human Debugging
. Framework @
Inspected Model Human

t @ Give feedback J

Explainability approach / form

 Self-explaining approach

* Local explanations can be obtained at
the same time as predictions.

Self- * Global explanations are often the models
explaining themselves.
40%
Post-h
Ogé%oc  Post-hoc approach
* Performs additional steps to extract
explanations.
* Input-based >> Example-based > Others
Imperial College 23
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Step 1: Provide Explanations ([ s

Framework
Inspected Model

t 2 Give feedback

.

pu =
c
S
o
=

Explainability scope

* Global explanations
* Reveal significant bugs

* Local explanations

Local Using both * Reveal fine-grained bugs
67% 20% 13% * Need a strategy to pick examples to
explain

* |ncorrect predictions
* Non-redundancy
* |Informativeness criteria

Imperial College Chart generated by https://www.meta-chart.com/venn
London
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S
Update 1 ) Provide explanations

the model ( l

Step 2: Collect Feedback Qui-——}

Framework
Inspected Model Human

2 (@) cive feedback )

Explanation Form Feedback Method

Input-based explanations

* Rationales

* Relevance scores, Saliency maps
* Hierarchical heat maps

Example-based explanations
* Influential training examples

Global explanations
e Learned features
e Adversarial rules

Imperial College
London

|dentify whether words/tokens/cells are
relevant or not

Adjust the word importance scores
Explain proper reasoning via rules

Provide correct labels
Provide relevancy scores

Check whether the learned features are relevant
Check whether the adversarial rules are
semantically equivalent

25



Step 2: Collect Feedback

Update (1 Provide explanations
the model (

( Q Explanation-Based O
Human Debugging
Framework ﬂ

Inspected Model Human

2 (@) cive feedback J

* Task: Hate speech detection (Yao et al., 2021)

» Explanation (Hierarchical heat-map)

Feedback (Reasoning rule)

Sweden has b Ao tah Hate Because the word "Sweden" is a country, “failure” is negative,
e . and "Sweden" is less than 3 dependency steps from “failure”,

...oweden has been proved to be a failure...

Attribution score of "Sweden"” should be decreased. Attribution

. score of "failure” should be increased. The interaction score of
..oweden has been proved to be a failure... . "Sweden" and "failure” should be increased.

- Non-hate

Ground truth: Hate Prediction: Non-hate

Interaction describes how the importance of a phrase changes
when the other word or phrase is absent or present.

Imperial College
London

@ls(Word1, country)

A @ls(Word2, negative)

A @LessThan(Word1, Word2) —
DecreaseAttribution(Word1)

A IncreaseAttribution(Word2)

A Increaselnteraction(Word1, Word2).

Huihan Yao, Ying Chen, Qinyuan Ye, Xisen Jin, Xiang Ren. 2021. Refining Language Models with Compositional 26
Explanations. arXiv: 2103.10415 ; https://shanzhenren.github.io/talk/Ren-talk%202021-Mar-PDF.pdf
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Step 3: Update the Model | [IL—{==~L]

. Training data Inspected Model /

(to be improved)

(1) Directly adjust the model parameters

» Suitable for transparent models where the explanation displays the model
parameters in an intelligible way

* Fast as it does not require retraining the model

* How can we ensure that the adjustments made by humans generalize well to
all examples?

* Showing the changes to users in real-time (metrics, predictions, explanations)
* Allowing the users to undo their actions where the results are not desirable

Important words
These are all of the words the computer used to make its p mare)
A | i [

. J - ‘ R AT | Todd Kulesza, Margaret Burnett, Weng-Keen

- = - N — Wong, Simone Stumpf. 2015. Principles of

g ‘_ W == __‘ ‘ e — — ‘ explanatory debugging to personalize interactive
E [ o B — - .

= | || | | p— | | ] | — | =t ‘ Undo importance adjustment | machine learning. UI.

baseball bill canadian dave david hockey player players prime stanley stats  tiger time 27

: ] Remove word

Imperial College




Step 3: Update the Model L i g

. Training data Inspected Model :

(to be improved) :

(2) Improving the training data
 Removing irrelevant words from input texts (Ribeiro et al., 2016)
* Correcting mislabeled training examples (e.g., Koh and Liang, 2017)
* Adding more training examples by
* Assigning (noisy) labels to unlabeled examples (Yao et al., 2021)

* Creating augmented training examples to reduce the effects of the
artifacts (e.g., Teso and Kersting, 2019; Zylberajch et al., 2021)

* This approach works at the training data, so it is model-agnostic.

Imperial College 28
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il s
Step 3: Update the Model L _"@

(to be improved)

CAIPI (Teso and Kersting, 2019)

Algorithm 1 CAIPI takes as input a set of labelled examples

* Use active learning to pick a query L, a set of unlabelled instances I{, and iteration budget 7.
: : 1: f+« FiT(L
* Predict and explain the query 5. ffepeat (£)
3: ; S 3 TRl E . ‘u
« Collect feedback from the users Y 2 SeTQuRERLY)
e True label 5. %+ EXPLAIN(f,x,7)
e Irrel t feat in th | fi 6: Present . g, and 2 to the user
frelevant Ieatures in the explanation 7 Obtain y and explanation correction C
. 8 {(Z:,5:)}5-; + TOCOUNTEREXAMPLES(C)
Generate counterexamples | 9- Lo LU{(z,y)} U@ )},
* Vary the removed feature but retain the label 10 U—UN{z}u{zi,)
_ _ E f +« FIT(L)
 Combine the augmented data with the 12: until budget T is exhausted or Jf is good enough
original dataset and retrain the model 13: return f

Stefano Teso & Kristian Kersting. Explanatory interactive machine learning. In Proceedings of the 2019 AAAI/ACM 29

Imperial College . .
Conference on Al, Ethics, and Society (pp. 239-245).
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-----------------------------------------------

Step 3: Update the Model L |

Trainer

Inspected Model !

(3) Influence the (re)training process

* Aim to make the resulting model behave as the feedback suggests
* Feature disabling (Lertvittayakumjorn et al., 2020)

* Regularizing the explanations, e.g., attention scores (Cho et al., 2018),
integrated gradients (Yao et al., 2021)

* Constraint optimization (Stumpf et al., 2009)
* User co-training (Stumpf et al., 2009)

Imperial College 30
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Step 3: Update the Model

Trainer

(to be improved)

Explanation Regularization (Yao et al., 2021)

* Regularize attribution scores
C
LM =" (¢°(prz) — t5)?
c peER
* Regularize interaction scores
C
LM =" " (¢“(pgiz) — 75,)°
¢ {p,g}eR
* Total loss
o E:‘ + a(ﬁattr +£inter)

Ground truth: Hate

Hate
...Sweden has been proved to be a failure...
...sweden has been proved to be a failure...
Sweden has been proved to be a failure...
- Non-hate

Prediction: Non-hate

Attribution score of “Sweden” should be decreased.
Attribution score of “failure” should be .
The interaction score of “Sweden” and “failure”
should be

Huihan Yao, Ying Chen, Qinyuan Ye, Xisen Jin, Xiang Ren. 2021. Refining Language Models with Compositional

Explanations. arXiv: 2103.10415 ; https://shanzhenren.github.io/talk/Ren-talk%202021-Mar-PDF.pdf

gpected Model
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Step 3: Update the Model CO = 8
'"SpeCte{ MOdelifzjj Give feedback “j“a"

Update Approach
* Most of the existing works
update the model by improving
the training data, some of
which combine it with one of
Training the other two approaches.
20% % 46% 20% %

32
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2
v

Update 1 ) Provide explanations

the model ( 1
[ ] Explanation-Based
lterative improvement (L0 mmem ©
Inspected Model Human
p t @) Give feedback J

* [terative improvement can be done if the explanations change after
model update.
* This allows humans to fix vital bugs first and finer bugs in later iterations.

* (Ribeiro et al., 2016) (Koh and Liang, 2017)
08 0.08 10
—— SP-LIME
§ —=— RP-LIME — 0.96 g a8
g 0.7 — Nocleaning g . E y
o S A: =
o fa b
S ; 0.92 g 04
E 0.6 2 £
@ @
&) 0,90 02
0.0
050 1 2 3 Q00 005 010 015 020 025 030 000 005 010 015 020 025 0.30
Rounds of interaction Fraction of train data checked Fraction of train data checked

* |t may be susceptible to local decision pitfalls where local improvements
could add up to inferior overall performance (Wu et al., 2019)

Imperial College 33
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Experimental Setting

Feedback providers

Not
reported
7%

Selected
participants
46%

Simulation
27%

Imperial College
London

®

Update Provide explanations

the model (

Q=

Inspected Model

t @ Give feedback

Explanation-Based
Human Debugging
Framework

)
2,
J

» Selected participants

* E.g., domain experts, NLP experts,
students

e Could be done in-person

* Crowdsourcing
* Mostly via Amazon Mechanical Turk
* Need some quality control

« Simulation (No humans involved)
» Use oracles as human feedback
* Faster and cheaper but not natural

34
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Model Understanding

 Some forms of explanations are more effective for creating good
user understanding of the models than others.
* Rules & keywords (are better than similar examples) (Stumpf et al., 2009)
* Explaining why (is better than explaining why not) (Lim et al., 2009)
* Interactive explanations (are better than static ones) (Cheng et al., 2019)

* Our suggestions
* Avoid using forms of explanations which are difficult to understand

* Allow the feedback providers to request more information if they are
interested

Imperial College 36
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Human Feedback Characteristics

* Human feedback is not always complete, correct, or accurate (Ghai
et al., 2021).

* |t focuses on a few features that are most different from human
expectation, ignoring the others.

* |t is usually not accurate for correcting model explanations quantitatively.

* Our suggestions
* Rely on collective feedback rather than individual feedback

* Allow feedback providers to verify and modify their feedback before
applying it to update the model

Imperial College
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Trust & Frustration

* Explanations of low-quality models decrease trust and cause
frustration to the users. Also, it is inconclusive whether an ability to
provide feedback makes human trust and acceptance rally (Smith-
Renner et al., 2020; Honeycutt et al., 2020).

* Qur suggestions

* |f possible, let the developers or domain experts in the team (rather than
end users) be the feedback providers.

* Collect end users’ feedback implicitly or collect without telling them that
the explanations are of the production system.

Imperial College 38
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Expectation

« Some humans expected the model to improve after the session
where they interacted with the model, regardless of whether they
saw explanations or gave feedback during the interaction session
(Smith-Renner et al., 2020).

* Qur suggestions
* Display the improvements after the model gets updated.

* Where possible, show the changes incrementally in real time, allowing the
feedback providers to check if their feedback works as expected or not.
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Outline

* General EBHD framework

* A few instances of the framework

e Specific components of the framework
* Research on Human Factors

* Open problems

* Conclusion

Main reference of this talk

Piyawat Lertvittayakumjorn and Francesca Toni. 2021. Explanation-
Based Human Debugging of NLP Models: A Survey. TACL (Forthcoming).
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Open Problems

* Beyond English Text Classification

* Tackling More Challenging Bugs
* Dealing with conflicting pieces of feedback

* Injecting new knowledge to the model
* Analyzing and Enhancing Efficiency
* Reliable Comparison across Papers

* Towards Deployment
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u ( }
Conclusion ) mmmmm O
Human Debugging
Lt Framework A\
Inspected Model Human

t 2) Give feedback J
 EBHD process makes explanations actionable.

* 3 main steps: Explain 2 Feedback = Update (Repeat)

* They should be designed harmoniously with respect to the bug
context, i.e., the task, the model, and the bug sources.

* Humans are not perfect oracles. Please take care of them.

* Many challenges are still not fully solved, e.g.,
generalizability, efficiency, comparison, and deployment.
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Thank you / Q&A

Piyawat Lertvittayakumjorn

Imperial College London
pl1515@imperial.ac.uk | ¥ @plkumjorn
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Imperial College
London

44


mailto:pl1515@imperial.ac.uk
https://www.doc.ic.ac.uk/~pl1515/

