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Our Starting Point

How are existing approaches to explainability
used In practice?



Explainable Machine Learning
IN Deployment

Umang Bhatt , Alice Xiang, Shubham Sharma, Adrian Weller, Ankur Taly,
Yuhuan Jia, Joydeep Ghosh, Ruchir Purl, JosZ Moura, and Peter Eckersley

Appeared at the ACM Conference on Fairness, Accountability, and Transparency 2020!
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Growth of Transparency Literature

Many algorithms proposed to OexplainO machine learning
model output!

We study how organizations use these algorithms, If at all



Our Approach

30 minute to 2 hour semi-structured interviews!

50 Individuals from 30 organizations interviewed



Shared Language

" Transparency : Providing stakeholders with relevant information about
how the model works: this includes documentation of the training

procedure, analysis of training data distribution, code releases, feature-
level explanations, etc.!

Explainability : Providing insights into a modelOs behavior for specibc
datapoint(s)



Types of Explanations
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Feature Importance Sample Importance Counterfactuals




Stakeholders

IR &

Executives Engineers End Users Regulators




FINndings

1.Explainability I1s used for debugging internally !

2.Goals of explainabllity are not clearly debPned
within organizations!

3. Technical limitations make explainability hard
to deploy In real-time



Machine Learning Explainability
for External Stakeholders

Umang Bhatt , McKane Andrus, Adrian Weller, and Alice Xiang

Convening hosted by CFI, PAI, and IBM!
Appeared at the ICML 2020 Workshop on Extending Explainable Al: Beyond Deep Models and Classibers!
https://arxiv.org/abs/2007.05408
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Overview

" 33 participants from 5 countries!

15 ML experts, 3 designers, 6 legal experts, 9 policymakers!

Domain expertise: Finance, Healthcare, Media, and Social Services!

" Goal: facilitate an inter-stakeholder conversation around explainable
machine learning



Community Engagement

. In which context will this explanation be used? Does the context change
the properties of the explanations we expose?

. How should the explanation be evaluated ? Both quantitatively and
qualitativelyk

. Can we prevent data misuse and preferential treatment by involving
alected groups In the development process?

. Can we educate external stakeholders (and data scientists) regarding the
functionalities and limitations of explainable machine learning?



Deploying Explainability

. How does uncertainty In the model and introduced by the (potentially
approximate) explanation technigue alect the resulting explanations?

. How can stakeholders interact with the resulting explanations? Can
explanations be a conduit for interacting with the model?

. How, If at all, will stakeholder behavior change as a result of the
explanation shown?

. Over time , how will the explanation technique adapt to changes In
stakeholder behavior?



Practitioner-Driven Questions

. Can we provide methodology for practitioners to evaluate explanations?!
. Can existing explainability tools be used to identify model unfairness?!

. Can we quantify how much uncertainty is associated with given
explanations?



Practitioner-Driven Questions

1. Can we provide methodology for practitioners to evaluate explanations?!



Evaluating and Aggregating
Feature-based Model Explanations

Umang Bhatt , Adrian Weller, and JosZ Moura

Appeared at the International Joint Conference on Artibcial Intelligence 2020!
https://arxiv.org/abs/2005.00631
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Feature Importance Desiderata

Explainf (x) : R ! {C;...GCj}
¥ Restrict ourselves to feature-based explanations in the
classibcation setting (i.e. attributions, saliency maps, etc.)

¥ Which feature(s)x; contributes to classifying with f
¥ Let g be our explanation technique and lgt(f , x) be the
explanation forf (x)
¥ Feature Importanceg,, = |g(f,x)|" RY,

¥ Normalizeg,, to induce a probability distribution over the
features In the Input space

¥ Feature Contribution:g. = g(f,x) " RY and|g.| = g,

¥ Presence of rain increases the chance of precipitation (+)
¥ Presence of clouds detracts from the chance of sunny weather

(#)



Common feature-based explanations
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Common feature-based explanations
LIME (Ribeiro et al. KDD 2016)

g(f,x); =argmin L(f,g,7x)+ Q(9)
gcy

Local surrogate model, g, to approximate f in some kernelized region 7y,
and encourages sparsity by keeping model complexity, 2(g), low

SHAP (Lundberg and Lee. NeurlPS 2017)

1 ! ]| F_l#_l | #
96 =9(F,X)i=¢i =17 sch} s f (Xsugiy) — T (Xs)
Considers contribution over all features, as Shapley values satisfy
efficiency, symmetry, additivity, and dummy (zero).



Common feature-based explanations

LIME (Ribeiro et al. KDD 2016)
g(f,x); =argmin L(f, g, mx)+ (g)
gcg

Local surrogate model, g, to approximate f in some kernelized region m,,
and encourages sparsity by keeping model complexity, 2(g), low

SHAP (Lundberg and Lee. NeurlPS 2017)

g.i = g(f,x)i = di = 5 Xscrn (FshH (F(xsugiy) — f(xs))

Considers contribution over all features, as Shapley values satisfy
efficiency, symmetry, additivity, and dummy (zero).

Integrated Gradients (Sundarajan et al. ICML 2017)

Accumulates the gradients along a straight line path between x and X,
where f(x) = 0, and satisfies completeness,

S g(f,x); = f(x) — F(x).
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Evaluating explanations

Sensitivity
Do similar inputs have similar explanations?
|
p‘AVG(f 1g1X1r) — D(g(X),g(Z))PX(Z)dZ

L (X,z)! r

lJ‘l\/lAX(f1g’X1r): max D(g(X),g(Z))

L (x,z)! r
Let D be the distance between explanations andbe the distance
between Inputs

Faithfulness
Does the explanation capture features important to the prediction?

I-J'F(f , J, X, S) — COrr( é i"S g(f 1X)i 1f (X) L f (X[XS:KIS]))

Fix a subset size and randomly sample subsets of that size fdm
estimate the Pearson Correlation Coeient
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Evaluating explanations (cont.)

Complexity

Is the explanation digestibleWe debPne an attribution contribution

distribution:
!

Py = L 19(X)1] 119 (X)2] 119 (X)d|

lg(x)il*  lg(x)j|* "7 g (x)j
e # i J$ j 10 |

pe(f,g.x) = HX) = Ei ! In(Pa(i)) =1 (L Pa(i) In(Pa(i))




Evaluating explanations (cont.)

Complexity

Is the explanation digestibleWe debPne an attribution contribution

distribution:
!

D, — 119 (X)1] 119 (X)2] 119(X) 4]
A FIC I I CIE3)]
G N N T L | |
Uc(f,g,x) = H(x) = E; ! In(Pa(i)) ="' - Pa(l) In(Pa(l))

The least complex explanation is one wheyéx); = 1 and the most
complex explanation is one wheggx); = =.
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Aggregating Existing Techniques

Can we learn an aggregate explanation of existing techniques that
does better with respect to a criterion of interest? An approach to

study g,,, can be to set the problem up as follows:

8.z = argmax u(f, g), s.t. g = h(Gn)
gcg
Three candidate methods for h(§.
¥ Convex Combination: gaqq = wgq + (1! IW)g2
m

¥ Centroid Aggregation: 8a.c a8 mingég' —1 d(&,8i)

¥ Bayesian Optimization: max_ji(gaqq) Where
" gaggeg # " #

k(gi,&) = Ex b, k(gi(x),8(x)) =Ex b, € &) &I
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Generalized Aggregation

Convex Combination

Jagg = w' G

\ \ \
G' = ( SHAP; LIME, --- IGn

m
Wagg | arg mvexz u(w' G)
=1
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Generalized Aggregation

Classical Rank Aggregation

Gy = {SHAP,, LIME,, . ..1Gm)

| " | " | "
ge= 112 7" g2= .1 2 7" rank= C B A

rank!= C B A rank2= C A B rank*= A B C

! |
Borda Count: g,qq =rank®¥ = C A B

#
Jagg # &0 ngin d(g.,9;)
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AVA: Aggregate Valuation of Antecedents

Can we use weighted Shapley values (Kalal et al. Journal of Game
Theory 1987) to aggregate feature-based explanations with lower
sensitivity?

1 Find k nearest neighbord\y, of Xest and their weights,! ;

d l
L (f) x()s Xtest) ", -

!j: d"

Nk (Xest, D) = arg max ¥
N1 DLINI=K Gyu g

2 Calculate the attributionsg.., for all points InN

1 TRy Py &
O¢i = #i = = f (Xsogin) ! T(Xs)
|F| S
S# F\{ i}
3 Aggregate thex explanations Into a consensuggg,

%

i
gagg_ D

x(M" Ny
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Why aggregate?

¥ Each training point has its
own OlearnedO attribution

¥ Aggregate explanation now
has lower sensitivity

¥ Resulting attribution uses
motivating reasoning of a
doctor

¥ SUPER SUPER cheap to
compute
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Minimizing Complexity

Region Shrinking Method Gradient-Descent Style Method
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Summary

This Work

1 Aggregate local explanations with classical rank aggregation
or via convex combination can be useful

2 Aggregating Shapley value explanations results in a Shapley
value

3 We can learn aggregate explanations to lower sensitivity and
complexity

Future Work

1 Axiomatic Aggregation
¥ 1fg,,...,0, satisfy Axiom R, therg, satisbes R.
2 Are feature-based explanations even useful?
¥ Consider counterfactuals, natural language explanations, etc.

3 Working with experts to bnd &
4 Multi-ODbjective optimization
¥ Resulting Setup

max faithfulnessg ,,,) + sensitivity(g ,4,)
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Practitioner-Driven Questions

2. Can existing explainabllity tools be used to identify model unfairness?!



You ShouldnOt Trust Me: Learning
Models Which Conceal Unfairness
From Multiple Explanation Methods

Botty Dimanov, Umang Bhatt , Mateja Jamnik, and Adrian Weller

Appeared at the European Conference on Artibcial Intelligence 2020!
http://ecai2020.eu/papers/72_paper.pdf
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Can we manipulate explanations?
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Our Method
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FINdINgS

Little change In accuracy, but
di#erence In outputs Is detectable !

Low attribution achieved with

respect to multiple explanation
methods!

High unfairness across multiple
fairness metrics (compared to
holding feature constant)

Principal Component 2

f

Original

fi o

Modified

Principal Component 1




Takeaway
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Practitioner-Driven Questions

2. Can existing explainabllity tools be used to identify model unfairness?!



Practitioner-Driven Questions

3. Can we guantify how much uncertainty Is associated with given
explanations?



Effects of Uncertainty on the
Quality of Feature Importance
Explanations

Torgyn Shaikhina,* Umang Bhatt ,* Roxanne Zhang, Konstantinos
Georgatzis, Alice Xiang, and Adrian Weller

Appeared at the AAAI Workshop on Explainable Agency in Artibcial Intelligence 2021!
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Motivation

A. Vulnerability of feature-based model explanations!

B. Practitioners may use such explanations for model selection, which leads
to conbPrmation bias, over-reliance, and potential manipulation



Our Assumptions

" [Assumption] Fixed model assumption is restrictive : Existing methods
for generating explanations tend to explain a point estimate, which
assumes that only one suitable model exists.!

" [Remark] Obtain uncertainty estimates by subsampling from the posterior
of models (from the same model class and with the same model
specibcation) given training samples and initial states.



Shapley Value
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Our Approach

$i(v,x)* =, P(fl. )$(v,x, f)df
.

v, = WSV, f) =, ¢, [$i(v,x )]

f* /



Our Approach

$i(v,x)* =, P(fl. )$(v,x, f)df
.

Fi(v.¥) = wSiv,x )=, ¢, [$i(v,x )]
f* /

Variance
S/ %) = Op; [$i(v, X T)]



Experimental Setup

Model is uncertainty on a point if itOs prediction lies 1.5 times the IQR!

" Set of models found by (i) changing initialization or (ii) subsampling from
the training data !

" Multiple Evaluation Criteria: Complexity, Monotonicity, E$ciency,

FaithfulnessE



FInding #1

Predictive uncertainty leads to high variance in explanations

Most Uncertain Least Uncertain

.. = /)&

Age

Workclass

A
Education-Num A
A
A

Marntal Status

Occupation

Sex

Capital Gain _A
\_L

Capital Loss

Relationship A

Hours per week ‘Al
- |

06 -05 -04 03 02 -01 0.0 0.1 0.2 0.3 06 -05 -04 03 02 -1 0.0 0.1 0.2 0.3
Shapley Values Shapley Values

Feature importance scores of an OOD, most uncertain (left) and least uncertain (right) samples of the Adult dataset computed using Exact (red), Tree (black) and Kernel (yellow) SHAP. Each feature is presented as a
distribution of its Shapley values associated with the ensemble of 30 Gradient Boosted Trees.
*Similar empirical evidence for other tree-based models and neural nets



FInding #2

Uncertainty degrades quality of explanations across w.r.t. all metrics:

Variance Complexity  Monotonicity  Efficiency Faithfulness

Exact Shapley non-O0OD 0.07 £ 0.00 1.884+0.22 0.88+0.04 1.00 = 0.00 0.00 £ 0.24
OOD 0.39 + 0.00 1.96 £0.14 085+0.05 1.00X£0.00 —-0.01+0.23

TreeSHAP non-OOD 0.08 £ 0.00 1.90+£0.20 0.88+0.04 0.99+0.09 0.00 £ 0.24
OOD 0.44 + 0.00 1.96 £0.13 085+0.04 097+0.18 -—-0.01+0.23

KernelSHAP non-O0OD 0.19 £ 0.00 1.81+0.23  0.89+0.05 1.00 &= 0.00 0.00 £0.24

OOD 0.809+0.00 1.85+0.16 0.82+0.05 1.00=£0.00 0.00 £ 0.23

Integrated Gradients non-OOD  20.00 + 5.34 1.53+£0.22 0964+0.03 0.99+0.10 0.00 £ 0.16

OOD 46.48 +18.61 1.55+0.18 0.96+0.03 1.00+£0.03 0.00 £0.13

Smoothgrad non-OOD  20.35 £ 0.52 1.924+0.11 0924+0.04 1.00%£0.10 0.00 £ 0.13
OOD 1997+043 1.98+0.06 092+0.03 1.00X£0.09 -0.02+0.10

Comparison of the explanation quality on OOD and in-distribution samples of the Adult dataset.
Presented are mean and standard deviation of quality scores averaged across the ensemble of models.
Values in bold indicate where the degradation in quality was statistically significant (p<0.05).



Implication #1

When interpreting feature importance scores, data practitioners must
consider the entire distribution (not just point estimates).

Predicted class 1 with 0.624 confidence and 0.001 uncertainty.
True class: 1

e A
Workclass A
Education-Num /\
Marital Status /\
Occupation A
Relationship A
Race A

Sex J\
Capital Gain A

Capital Loss
Hours per week A
Country
-0.10 -0.05 0.00 0.05 0.10 0.15

Shapley Values



Implication #2

DonOt use feature importance on uncertain data N itOs unreliableE!

Use counterfactual latent uncertainty explanations (CLUES) instead!

6

Input Xx*

Probabilistic
Model

Uncertainty

Quantification

Certain
Prediction?

Yes

Explanation

Interpretability Method

4+ LIME [4]
4 Integrated Gradients [5]

+ FIDO [6]




Getting a CLUE: A Method for
Explaining Uncertainty Estimates

Javier Antoran, Umang Bhatt , Tameem Adel, Adrian Weller, and Jose
Miguel Hernandez-Lobato

To appear at the International Conference on Learning Representations 2021!
https://arxiv.org/abs/2006.06848
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https://arxiv.org/abs/2006.06848

Optimization In the Latent Space of a
Deep Generative Model

Sensitivity CLUE
H(y | XO) = 1.77 H(y I xsens) =0.12 H(y | XO) = 177 — —n-Vz[Z(z) H(y | xCLUE) =0.19

Zl H, (x] ZCLUE)
h ) -\ : )
* SR .
"l

—N VxH(y | XO)




Practitioner-Driven Questions

3. Can we guantify how much uncertainty Is associated with given
explanations?



Practitioner-Driven Questions

. Can we provide methodology for practitioners to evaluate explanations?!
. Can existing explainability tools be used to identify model unfairness?!

. Can we quantify how much uncertainty is associated with given
explanations?



Practical Approaches to
Explainable Machine Learning

Thanks for listening!

Umang Bhatt
usb20@cam.ac.uk
@umangsbhatt
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