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Need for Interpretable Al

> Al models are being increasingly utilized to make decisions that
can impact human lives.

INNOVATION > Al

Risk Or Revolutlon Wlll Al Replace [awyers?
By Hessie Jones , Contributor.(D Hessie Jones is a strategist, entrepreneur andi... v

Mar 20, 2025, 05:27pm EDT

Aug 13, 2024 9:06 AM Eastern Daylight Time

7 in 10 Companies Will Use AI in the Hiring Process in 2025,

InsideTracker Launches Innovative “Ask InsideTracker” Al Chat Despite Most Saying It’s Biased

Feature to Provide Members with Science-Backed Information
in Real Time

> Interpretability of these decisions is critical for reliable and
responsible use of Al.



Regulation for Al algorithms

> “Right to Explanation” for Al algorithms being enforced by
European Data Protection authorities.

Part of Chapter IX: Post-Market Monitoring, Information Sharing and Market Surveillance = Section 4: Remedies

Article 86: Right to Explanation of Individual Decision-

Date of entry into force: According to:
2 August 2026 Article 113

> “Interpretability” of Al algorithms part of FDA guidelines for
good ML practices in healthcare.’

1. https://www.fda.gov/media/153486/download



Why Interpretability?

> Mismatch between training objectives (e.g. cross entropy loss)
and real world desiderata’.

% Real-world objectives like ethics, bias, and safety are difficult to formalize into
mathematical functions.

% Real-world environments can change drastically compared to training environments.

> Interpretability helps promote user trust — widespread adoption
of Al algorithms.

1. Lipton, Zachary C. "The mythos of model interpretability: In machine learning, the concept of interpretability is both important and slippery.” Queue 16.3 (2018): 31-57.



What is Interpretable Al?

> An Al algorithm that not only makes accurate predictions but
also provides an interpretable explanation for its prediction.

Explanation

in this regions..”

Patient has Alzheimer’s
disease with 98.6%
probability

Input Al algorithm Prediction



Algorithms for Interpretable Al

> Two polarizing approaches

Models that are Interpretable by design
Root Node

Post-hoc approaches to elicit explanations from black-box models

a0 Sub Tree
e Patient has Alzheimer’s
disease with 98.6%

probability
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Undefs'tomding the risks to

Lea; iz prevent a heart attack.

Image: https://www.datacamp.com/tutorial/decision-tree-classification-python
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Tutorial Outline

1. Post-hoc approaches to model interpretability.

< Introductory lecture reviewing recent attempts at post-hoc
interpretability.

2. Model interpretability with Shapley Coefficients.

< Deep-dive into Shapley values, a popular post-hoc interpretability
method.

3. Interpretability by design.
< Introductory lecture reviewing recent attempts at developing Al models



Post-hoc Approaches to Model
Interpretability




Types of post-hoc interpretability methods
> Feature attributions: Explain how different input features affect

the model's predictions.

> Concept-based attributions: Explain how different high-level
semantic concepts affect the model's predictions.

> Interpretable Model-Agnostic Explanations: Locally
approximate a black-box model with a simpler interpretable-by-
design model.

N ) © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved 10



Feature attributions

> Definition (informal): Given a model f, and an input x, assign
scores to every feature based on how “important” they were for
the model's prediction.

> Different notions of “importance” result in different feature
attribution algorithms.

> Most widely used post-hoc interpretability methods.

< Popularized as “saliency maps” in vision.

© 2025, Amazon Web Services, Inc. or its affiliates. . All rights reserved il



Gradient-based feature attributions

> Gradients measure feature importance in terms of the local
sensitivity of the model’s output to that feature.

Recall, for a given scalar function f with input x,

Original A - Jiy LM =GO
Image Gradient dx =0 h
g e R
AR Why did the model predict Junco Bird?
ineo Her Compute gradient of output logit w.r.t. pixel
. ¥ ompute gradient of output logit w.r.t. pixels
Bird

12



Gradient-based feature attributions

> Individual gradients don't give clear explanations, visually noisy.

Original
Image Gradient
) ‘\.";*‘_1;&:
& " g ". '::§p
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Gradient-based feature attributions

> Individual gradients don't give clear explanations, visually noisy.

> Resulted in a flurry of ad-hoc methods that manipulate the
gradients to produce "better-looking” feature maps

Integrated  Gradient

Original Guided Guided Integrated Gradients
Image Gradient SmoothGrad BackProp GradCAM Gradients SmoothGrad Input

L5

G \ S, e N -4‘:.‘ ’ : .,
- . . St |

Y
2

Wiy ¢
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Sanity Checks for Saliency Maps

> Proposes simple diagnostic tests that a “reasonable” explanation
method should pass.
< Explanation should be sensitive to the weights of the network.

< Explanation should help distinguish between “learning” and
“memorization”.

> Many existing gradient-based approaches fail these simple tests.

aws 15



Sanity Checks for Saliency Maps

< Explanation should be sensitive to the weights of the network.

Cascading randomization

Original Image from top to bottom layers

conv2d_1a_3x3
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mixed_6b
conv2d_4a_3x3
conv2d_3b_1x1
conv2d_2b_3x3

Original Explanation
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Sanity Checks for Saliency Maps

< Explanation should help distinguish between “learning” and
“memorization”.

Absolute-Value Visualization

3 .. 3%
7]
- 5 Q Q ‘518
e £ 38 3 3% &5 p5
2 5 e O B8O 5% g O
B e 5% § 38 &g Egfg ¥
& &§ ©°8 & %5 E6 "o G
True -
Labels l‘_\ { ) L,\ H L,\ L ) \ ) L
& A i A r-"“ w - -
Random [ %' " =i 7% ISR 3 o A
Labels R | o }1.._' o ‘ ‘

:
Rank Correlation - Abs
\aWS’, © 2025, Amazon Web Services, Inc. or it: es. All rights reserved.
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Gradient-based feature attributions

> Pro:

< Simple and efficient to implement, only requires model to be
differentiable.

< Intuitive definition of feature importance.

» Cons:
< Individual feature importance might not be interpretable to the user.

< Real-world features are often highly correlated, e.g. image pixels.
Gradients do not take this into account.

aws
N
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Subset-based feature attributions

> Given an input x and a model f, these methods aim to identify a
size-constrained subset of features that contribute most to the
prediction f(x).

> Stated formally, for a given budget k, find a subset of feature
indices S, such that,

min d(f (xs), f (%))

|S|<k

> This is a discrete optimization problem and thus infeasible
W|thout apprOX|mat|ons

aws . _ 19



L2X: a subset-based feature attribution method

> L2X solves the following objective, where | is mutual

information. f?l%gl(f(xs)»f(x))

» Approximations:
< Mutual Information is intractable — Optimize a variational lower bound.

< Searching over subsets S is non-differentiable - Continuous relaxation via
the Gumbel-SoftMax trick.

1. Chen, Jianbo, et al. "Learning to explain: An information-theoretic perspective on model interpretation." International conference on machine learning. PMLR, 2018.

aws 20



L2X in action

> Explanations for an LSTM trained for sentiment classification on
the IMDB movie review dataset.

H Truth | Predicted | Key sentence H

positive | positive | There are few really hilarious films about science fiction but this one will knock your sox off. The lead
Martians Jack Nicholson take-off is side-splitting. The plot has a very clever twist that has be seen to be
enjoyed. This is a movie with heart and excellent acting by all. Make some popcorn and have a great
evening.

negative | negative | You get 5 writers together, have each write a different story with a different genre, and then you try to
make one movie out of it. Its action, its adventure, its sci-fi, its western, its a mess. Sorry, but this movie
absolutely stinks. 4.5 is giving it an awefully high rating. That said, its movies like this that make me
think I could write movies, and I can barely write.

> Subsets consist of coherent sentences instead of discontiguous
chunks of text!

© 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved
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Subset-based feature attributions

> Pro:
< Accounts for feature correlations by identifying a set.

< Principled manner of defining “importance” in terms of finding a
“minimal” subset required for maintaining performance (accuracy).

> Cons:

< Computational overhead in computing attributions prevent adoption at
scale.

aws
N
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Types of post-hoc interpretability methods
> Feature attributions: Explain how different input features affect

the model's predictions.

> Concept-based attributions: Explain how different high-level
semantic concepts affect the model's predictions.

> Interpretable Model-Agnostic Explanations: Locally
approximate a black-box model with a simpler interpretable-by-
design model.

N ) © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved 23



Concept-based attributions

> Explanations in terms of raw input features are typically not
most intuitive or intelligible to humans.

> Humans reason in terms of high-level concepts.

» How can we assign attributions or importance scores to
concepts?

24



Concept-based attributions

Brushing teeth

2025, Amazon Web Services, Inc. or its affiliates. All rights reserved.

We show saliency maps for predicting
brushing teeth.

We see highlighted region near the

mouth but what concepts mattered for
the decision?

Did the concept “toothbrush” matter?
Did the concept “mouth” matter?

25



TCAV: Concept-based attributions

> Quantifies how much of a “concept” was important for
prediction in a model.

%@ - machin: éf::ﬁ\dg model =P p( yA )

; ? (e.g., neural network)
’ : zebra-ness
LI é
Was striped concept important or N

to this zebra image classifier?

26



TCAV: Methodology

1. Get positive and negative training data for concept “stripes”.

Inputs:

Examples of

3 Concepts }L[ R” R™

. ‘H‘ muw = ? ' v . M K* class
*i@é@%@ m

Random
images

&

\\

A trained network under investigation
and
Internal tensors

Image: https://beenkim.github.io/slides/TCAV_ICML_pdf.pdf
aws
~—
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TCAV: Methodology

2. Learn a concept activation vector for concept “stripes”.

Inputs:
- O fiRoRm
EUNLES L |
Voesda n
d @) @ pep
Train a linear classifier to f[ (Z) — f //( )
separate activations. f/(%) ’Ul\ f (1§>
" AD g
CAV (v() is the vector L fi (.) ‘ fi (@)

orthogonal to the decision

boundary.
[Smilkov “17, Bolukbasi ‘16 , Schmidt ‘15]

Image: https://beenkim.github.io/slides/TCAV_ICML_pdf.pdf

N ) © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved
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TCAV: Methodology

3. Get sensitivity of predictions to a concept by directional
derivatives, then aggregate over all “Zebra” images to get TCAV

score.

TCAV score SC’ k.l 2%(,(({_

dotted striped zig-zagged

(
(
= Sck,1(
(

zebraness — Op(z)

striped CAV — () 'UlC

= Scki(x)

|{:I) e Xy : SC,kJ(CL') > O}|

TCAVQc 1, = X

Directional derivative with CAV

Image: https://beenkim.github.io/slides/TCAV_ICML_pdf.pdf
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Concept-based attributions

> Pro:
< Provides human-friendly explanations in terms of concept attributions.

< User can choose to obtain explanations in terms of any concept.

» Cons:
< Burden on user to provide appropriate concepts, which is often not known.

< Even with known concepts, might not always be feasible to obtain training
set of positive and negative images.

N ) © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved 30



Types of post-hoc interpretability methods
> Feature attributions: Explain how different input features affect

the model's predictions.

> Concept-based attributions: Explain how different high-level
semantic concepts affect the model's predictions.

> Interpretable Model-Agnostic Explanations: Locally
approximate a black-box model with a simpler interpretable-by-
design model.

N ) © 2025, Amazon Web Services, Inc. or its affiliates. All rights reserved 31



Local Interpretable Model-Agnostic Explanations (LIME)

> So far, we saw post-hoc methods that give explanations in terms
of this feature/concept was important for prediction.

> What if the user wants a more holistic understanding of the deep
model's decision-making process?

< For example, as a Boolean expression or decision tree?

> But these simpler “interpretable” models are not as expressive as
a deep network. ®

1- Ribeiro, Marco Tulio, Sameer Singh, and Carlos Guestrin. "Model-agnostic interpretability of machine learning." arXiv preprint arXiv:1606.05386 (2016).

aws 32



LIME: Idea

> A non-linear deep network can be locally approximated by a
simpler “interpretable” model like logistic regression classifier or
a decision tree.

I
I
'®
[ J
@

([ ] +

-+
+
+
I
I
I
]

1. Ribeiro, Marco Tulio, Sameer Singh, and Carlos Guestrin. "Model-agnostic interpretability of machine learning." arXiv preprint arXiv:1606.05386 (2016).
Image: https://www.seas.upenn.edu/~obastani/cis7000/spring2024/docs/lecture18.pdf
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LIME: Methodology

> Red cross x is the point to be explained. & "

> First, sample points around x.

1. Ribeiro, Marco Tulio, Sameer Singh, and Carlos Guestrin. "Model-agnostic interpretability of machine learning." arXiv preprint arXiv:1606.05386 (2016).
Image: https://www.seas.upenn.edu/~obastani/cis7000/spring2024/docs/lecture18.pdf

34



LIME: Methodology

> Red cross x is the point to be explained. ['®

> First, sample points around x.

> Use deep model to predict labels for each sample

1. Ribeiro, Marco Tulio, Sameer Singh, and Carlos Guestrin. "Model-agnostic interpretability of machine learning." arXiv preprint arXiv:1606.05386 (2016).
Image: https://www.seas.upenn.edu/~obastani/cis7000/spring2024/docs/lecture18.pdf
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LIME: Methodology

> Red cross x is the point to be explained.

+
%0

o
%
"

> First, sample points around x.

> Use deep model to predict labels for each sample.

> Weigh samples according to distance to x.

1. Ribeiro, Marco Tulio, Sameer Singh, and Carlos Guestrin. "Model-agnostic interpretability of machine learning." arXiv preprint arXiv:1606.05386 (2016).
Image: https://www.seas.upenn.edu/~obastani/cis7000/spring2024/docs/lecture18.pdf
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I

LIME: Methodology . +++’:'
. . . + i
> Red cross x is the point to be explained. 4__|.,’: A
L
> First, sample points around x. N

> Use deep model to predict labels for each sample.
> Weigh samples according to distance to x.

> Learn a simple classifier (say linear) on weighted samples

1. Ribeiro, Marco Tulio, Sameer Singh, and Carlos Guestrin. "Model-agnostic interpretability of machine learning." arXiv preprint arXiv:1606.05386 (2016).
Image: https://www.seas.upenn.edu/~obastani/cis7000/spring2024/docs/lecture18.pdf
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LIME in Action

(a) Original Image (b) Explaining Electric guitar (c) Explaining Acoustic guitar  (d) Explaining Labrador

Figure 4: Explaining an image classification prediction made by Google’s Inception neural network. The top
3 classes predicted are “Electric Guitar” (p = 0.32), “Acoustic guitar” (p = 0.24) and “Labrador” (p = 0.21)

Image: Ribeiro, Marco Tulio, Sameer Singh, and Carlos Guestrin. "Model-agnostic interpretability of machine learning." arXiv preprint arXiv:1606.05386 (2016).

aws
N
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Local Interpretable Model-Agnostic Explanations

> Pro:
< Is model-agnostic, does not even require access to gradients.
< User has choice to pick their favorite “interpretable” ML model.

> Cons:

< Computationally expensive since it requires training "interpretable”
predictors for every instance to be explained.

< Explanations very unstable, dependent on the sampling process.

39



Diagnostics for Post-hoc Methods

» How can we know if a given explanation is correct?
< Need explanations to be faithful to the true decision-making process.

> Difficult to evaluate faithfulness since we do not know the true
explanation.

> We will describe some proxy methods in next slide.

40



Diagnostics for Post-hoc Methods

> Subtractive metrics: Remove top-k important features and
check how much score decreases w.r.t control group of features.

> Additive metrics: Keep top-k important features and check how
much score increases compared to control of “no features”.

> Perturbation metrics: How sensitive are the explanations to
small perturbations to the input?

More metrics here: Nauta, Meike, et al. "From anecdotal evidence to quantitative evaluation methods: A systematic review on evaluating explainable ai." ACM Computing
Surveys 55.13s (2023): 1-42.

aws 41



Thank you!
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Foundations of Interpretable Al




Shapley Values
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Shapley Values
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Shapley Values

Search Index
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SHAP (SHapley Additive exPlanations) is a game theoretic approach to explain the output of any machine
learning model. It connects optimal credit allocation with local explanations using the classic Shapley values from
game theory and their related extensions (see papers for details and citations).




Shapley Values



Shapley Values

TODAY
What are they?

How are they computed?
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Shapley Values

TODAY

What are they?
How are they computed?

(Shapley for local feature importance)

« Not an exhaustive literature review
« Not a code & repos review
« Not a demonstration on practical problems

e Review of general approaches and methodology
« Pointers to where to start looking in different
problem domains




Shapley Values

. Let G = ([n], f) be an n-person cooperative game o %9

] e

y with characteristic function v : P([n]) — R & iy

How important is each player for the outcome of the game?

Lloyd S Shapley. A value for n-person games. Contributions to the Theory of Games, 2(28):307-317,
1953.



Shapley Values

- Let G = ([n],f) be an n-person cooperative game o %o
gy With characteristic function v : P([n]) — R P

How important is each player for the outcome of the game?

p)= S PRSI Db gy o)

n!

SC[n]\{i} ‘

marginal contribution of player i with coalition S

Lloyd S Shapley. A value for n-person games. Contributions to the Theory of Games, 2(28):307-317,
1953.



Shapley Values

sy = 3 PR EED (50 gy u(s)
SCln]\{i}

Lloyd S Shapley. A value for n-person games. Contributions to the Theory of Games, 2(28):307-317,
1953.



Shapley Values

sy = 3 PR EED (50 gy u(s)
SCln]\{i}

. Efficiency

v([n]) =v(0) + Z ¢i(v)

Lloyd S Shapley. A value for n-person games. Contributions to the Theory of Games, 2(28):307-317,
1953.



Shapley Values

sy = 3 PR EED (50 gy u(s)
SCln]\{i}

. Efficiency

v([n]) =v(0) + Z ¢i(v)

. Linearity

¢ di(a1vr + agu) = a1 gi(v1) + aagi(v2)
for characteristic functions vy, vy

Lloyd S Shapley. A value for n-person games. Contributions to the Theory of Games, 2(28):307-317,
1953.



Shapley Values

sy = 3 PR EED (50 gy u(s)
SCln]\{i}

. Efficiency - Symmetry ]
v([n]) = v(0) + Z i (v) If v(SUi) =v(SUJ) VS CIn]\{ij}
1=1

Then ¢@(’U) — ¢j (’U)
. Linearity

¢ di(a1vr + agu) = a1 gi(v1) + aagi(v2)
for characteristic functions vy, vy

Lloyd S Shapley. A value for n-person games. Contributions to the Theory of Games, 2(28):307-317,
1953.



Shapley Values

sy = 3 PR EED (50 gy u(s)
SCln]\{i}

. Efficiency - Symmetry
v([n]) = v(0) + Z i (v) If v(SUi) =v(SUJ) VS CIn]\{ij}
1=1

Then ¢@(’U) — ¢j (’U)
. Linearity . Nullity

¢ di(a1vr + agu) = a1 gi(v1) + aagi(v2)
for characteristic functions vy, vy

Lloyd S Shapley. A value for n-person games. Contributions to the Theory of Games, 2(28):307-317,
1953.



Shapley Explanations for ML

sy = 3 PRI D (50 gy o(s)
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inputs X ¢ X ¢ R" predictor f:X—=Y
responses Y ¢ ) = [(C] f(X) = Y ~Y
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Shapley Explanations for ML

sy = 3 PRSI (50 gy u(s)

SC[n]\{i}
inputs X ¢ X c R" predictor f:X—=Y
responses Y ¢ ) = [(C] f(X) = Y ~Y

How should (can) we choose the function v?



Shapley Explanations for ML

sy = 3 PR EED (50 gy u(s)

SC[n]\{i}
inputs X ¢ X ¢ R" predictor f:X—=Y
responses Y ¢ ) = [C] f(X) = Y ~Y

How should (can) we choose the function v?

Question 2:

How can we (when) compute ¢;(v)?
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Shapley Explanations for ML

sy = 3 PR EED (50 gy u(s)
SCn]\{i}

inputs X ¢ X ¢ R” predictor f.Xx — Yy

A

responses Y ¢ ) = [C] f(X)=Y =Y

How should (can) we choose the function v?

Question 2:

How can we (when) compute ¢;(v)?

Question 3: i
What do ¢;(v) say (and don't) about the problem? i:f

s S S i o
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Shapley Explanations for ML

pi(v) = > w(S)[v(SU{i}) —v(S)]
SC[n]\{i}

inputs X ¢ X ¢ R” predictor f.:Xx — Y

A

responses Y ¢ ) = [C] f(X)=Y =Y

How should (can) we choose the function v?

Question 2:

How can we (when) compute ¢;(v)?

Question 3: i
What do ¢;(v) say (and don't) about the problem?
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Question 1:

How should (can) we choose the function v?

For any S C [n], and a sample = ~ px, we need
v¢(S,z) : P(ln]) x X - R

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022]
[Lundberg and Lee, 2017] [Strumbelj & Kononenko, 2014] [Datta el at, 2016]



Question 1:

How should (can) we choose the function v?

e Fixed reference value

’Uf(S,CC) — f(il?s,ai‘%)

Explicand Present Baseline Absent
Features Features

X1 X2 X3 T4 S riTerzrse N\ S

x¢ 219 4 7 {1,2} 220000 {3,4}
v(S) = f(z),z= 29 v(S)=f(x),x= 2190 0

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022]
[Lundberg and Lee, 2017] [Strumbelj & Kononenko, 2014] [Datta el at, 2016]



Question 1:

How should (can) we choose the function v?

e Fixed reference value

’Uf(S,ZU) — f(ﬂ?g,iU%)

Explicand Present Baseline Absent
Features Features

T15233%4 S 122324 N\ S

= 2847 {12} #0000 {34}
v(8) = fla),o = 218 v(S) = f(z),2= 210 0

pi(v) = Y w(S) [flwsu,al) — flzs,2L)]
SCn|\{i}

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022]
[Lundberg and Lee, 2017] [Strumbelj & Kononenko, 2014] [Datta el at, 2016]



Question 1:

How should (can) we choose the function v?

e Fixed reference value

’Uf(S,ZU) — f(ﬂ?g,iU%)

Explicand Present Baseline Absent
Features Features
L1Xo2X3T4 S T1To T3 Ty PV-\*S
= 2847 {12} #0000 {34}
v($) = f=),> = 21 o(S) = f(x),o = 21810 0
b
Q Easy, Cheap Q (5135,965) 4 px

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022]
[Lundberg and Lee, 2017] [Strumbelj & Kononenko, 2014] [Datta el at, 2016]



Question 1:

How should (can) we choose the function v?

e Fixed reference value

’Uf(S,ZU) — f(CIIS,CC%)

Explicand Present Baseline Absent

P Features Features

X1 X2 X3 T4 g 324 N\ S

¢ 29 4 7 00 {3,4}
v(S) = f(z),x r),r= 290 0

b
(5857335) b
€ Easy, cheap O (zs,z3) # px

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022]
[Lundberg and Lee, 2017] [Strumbelj & Kononenko, 2014] [Datta el at, 2016]



Question 1:

How should (can) we choose the function v?

o Conditional Data Distribution

vi(S,z) = E[f (25, X5)| X5 = zg]

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022] [Aas et al, 2019]
[Teneggi et al, 2023][Frye et al, 2021][Janzing et al, 2019][Chen et al, 2020]



Question 1:
How should (can) we choose the function v?

o Conditional Data Distribution

vs(S,z) = E[f (zs, X5)| X5 = z]

Explicand Present data
Features 2 1
T1T2X3T4 S 4 1 4 - 2
¢ 219 47 {1,2} 3765 (zs, Xg) ~ ZH
29 47
2ol

v(S) = f(z),z= 29

[Chen et al, Algorithms to estimate Shapley value feature attributions,
[Teneggi et al, 2023][Frye et al, 2021][Janzing et al, 2019][Chen et al, 2020]

2022] [Aas et al,

2019]



Question 1:
How should (can) we choose the function v?

o Conditional Data Distribution

vs(S,z) = E[f (zs, X5)| X5 = z]

Explicand Present data
Features 2 1
T1Xo2X3Xy S 4F4 ~ 2 1
¢ 219147 {1,2} 3765 (zsX35)~ 2H7
29 47
AR

v(S) = f(z),z= 29

(g, X’S) ~ e « Difficult/expensive
e "Breaks" the Null axiom:

it f(@i,ic) = f(@g, ic) Vae 7 ¢i(f) #0

O

"True WXhe data’

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022] [Aas et al, 2019]
[Teneggi et al, 2023][Frye et al, 2021][Janzing et al, 2019][Chen et al, 2020]



Question 1:

How should (can) we choose the function v?

o Conditional Data Distribution

vi(S,z) = E[f (25, X5)| X5 = zg]

(zg, X 5) ~ Q « Difficult/expensive
O | P ) e "Breaks" the Null axiom:
frue he data if f(xi,z;0) = fzg, 250) VTic 7 ¢i(f) #0

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022] [Aas et al, 2019]
[Teneggi et al, 2023][Frye et al, 2021][Janzing et al, 2019][Chen et al, 2020]



Question 1:

How should (can) we choose the function v?

o Conditional Data Distribution

vi(S,z) = E[f (25, X5)| X5 = zg]

(w57X§)

(zg, X 5) ~ Q « Difficult/expensive
O Tone P )  "Breaks" the Null axiom:
True2othe data if f(z;,@0) = f(@}, Tic) Voo 7 ¢i(f) # 0

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022] [Aas et al, 2019]
[Teneggi et al, 2023][Frye et al, 2021][Janzing et al, 2019][Chen et al, 2020]



Question 1:

How should (can) we choose the function v?

o Conditional Data Distribution

vi(S,z) = E[f (25, X5)| X5 = zg]

Alternative: learn a model gy for the conditional expectation

’Uf(S, w) — E[f(wSaXS’)‘XS — :ES] ~ gg($,S)

[Frye et al, 2021]

« Difficult/expensive

(w57X§)N Q

e "Breaks" the Null axiom:
"True WXhe data’

if f(wiamic) — f(wgamic) Vro # ¢z‘(f) #0

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022] [Aas et al, 2019]
[Teneggi et al, 2023][Frye et al, 2021][Janzing et al, 2019][Chen et al, 2020]



Question 1:
How should (can) we choose the function v?

e Marginal Data Distribution

e

vy (S, ) = El[f (s, X35)]

) Present data
Explicand
Features 2 1 9 1
T1T2T3T4 S 4 1 4 7 14
<2047 {12} 3765  (25%s)~ 2816 5
2.4 7 1h
v(S) = f(z),z= 219 41918

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022] [Aas et al, 2019]
[Lundberg & Lee, 2017 ][Frye et al, 2021][Janzing et al, 2019][Chen et al, 2020]



Question 1:
How should (can) we choose the function v?

« Marginal Data Distribution (interventional expectation)
vy (S, 2) = Elf(zs, X5)] = E[f(X)[do(3)]
. Present data
Explicand Features 5 : m:
T1X2XT3T4 S 4814 . 14
284 {12} { RS (w5, Xsg)~ z.xgi
491 ; ‘

v(§) = f(z),z= 28

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022] [Aas et al, 2019]
[Lundberg & Lee, 2017 ][Frye et al, 2021][Janzing et al, 2019][Chen et al, 2020]



Question 1:
How should (can) we choose the function v?

e Marginal Data Distribution (interventional expectation)
vy (S, z) = E[f(zs, Xg)] = E[f(X)|do(S)]
) Present data
Explicand Features 5 r : m
T1To2XT3T4 S 4 1 4 5. 1 4
c2@aE (1L2) gig; o S)”'Xiﬁ
1
o(S) = f(x),z = 28 4
e Easier than conditional Q ° (fcsa XS*) % Dx
O e “true to the model’’ e can hide correlations in the
maintains Null axiom data

[Chen et al, Algorithms to estimate Shapley value feature attributions, 2022] [Aas et al, 2019]
[Lundberg & Lee, 2017 ][Frye et al, 2021][Janzing et al, 2019][Chen et al, 2020]



Question 1:

How should (can) we choose the function v?

Example (mOl‘tallty predlctlon) [Chen et al, True to the model or true

to the data? 2020]

e National Health and
Nutrition Examination
Survey (NHANES)

X = (Age,IR,WaistC,BP,BMI)

f(z) = B'z, with 85 = 0



Question 1:

How should (can) we choose the function v?

Example (mOrtallty predlCtIOn) [Chen et al, True to the model or true

to the data? 2020]

Low Feature Value High
e National Health and a)
" T Age e
Nutrition Examination ncome Ratia |
Survey (NHANES) Waist Circ. - _‘_
SystolicBP - ———*——

X = (Age,IR,WaistC,BP,BMI) BMI ]

f(ZE) — ﬂTCB, with B5 =0
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Question 1:
How should (can) we choose the function v?

[Chen et al, True to the model or true
to the data? 2020]

Example (mortality prediction)

Low Feature Value High
o National Health and a)
o ) i Age L el
Nutrition Examination ncome Ratia |

SUI‘V@Y (NHANES) Waist Circ. == ———‘—
SystolicBP - ——-—*—

X = (Age,IR,WaistC,BP,BMI) BMI ]
f(ZE) = ﬂTCB, Wlth ﬁ5 =0 <) |
e e
Income Ratio "*
BMI « .._—‘.

Waist Circ. —-’-
Systolic BP +
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Question 1:

How should (can) we choose the function v?

Example (mortality prediction)

e National Health and
Nutrition Examination
Survey (NHANES)

X = (Age,IR,WaistC,BP,BMI)
f(z) = B'z, with 5 =0
 Auditing a predictor?

(e.g. loan recommendations?)

o Feature discovery/bias
analysis?

[Chen et al, True to the model or true
to the data? 2020]

a.)
Age

Income Ratio
Waist Circ.

Low Feature Value High

SystolicBP -

BMI

c.)

BMI
Waist Circ.
Systolic BP

[EUOIJUSAISI|

|euolleAlasqQ



Question 1:

How should (can) we choose the function v?

 Linear model (approximation)

e —~

ve(S,z) = E[f(zg, X5)] = f(zs, E[X5])

O e Hasiest, popular in practice e (zs, X35) 7 px
except in linear models

(and feature independence)

[Bhenettadl,2Al§drithmdbeépgestimete20hidplByyeadtcaicaR(?2é ] fdanzbngiehsal202019] [Chen et al, 2020]



Shapley Explanations for ML

pi(v) = > w(S)[v(SU{i}) —v(S)]
SC[n]\{i}

inputs X ¢ X ¢ R” predictor f.:Xx — Y

A

responses Y ¢ ) = [C] f(X)=Y =Y

How should (can) we choose the function v?

Question 2:

How can we (when) compute ¢;(v)?

Question 3: i
What do ¢;(v) say (and don't) about the problem?

s S S i o
L



Question 2:

How can we (when) compute ¢;(v)?

¢i(v) = Z w(3) (S Ui}) —v(S)]  intractable.. O(2™)
SCn]\{i}

[Lundberg and Lee, 2017] [Strumbelj & Kononenko, 2014] [Datta el at, 2016]
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Question 2:

How can we (when) compute ¢;(v)?

¢i(v) = Z w(3) (S Ui}) —v(S)]  intractable.. O(2™)
SCn]\{i}

« Monte Carlo Sampling
di(v) = Y [(S"U{i}) —v(S")]

S’ ~w(S)

i(v) = > [o(Pre'(m) U {i}) — v(Pre’(m))]

" wCII(n)

[Lundberg and Lee, 2017] [Strumbelj & Kononenko, 2014] [Datta el at, 2016]



Question 2:

How can we (when) compute ¢;(v)?

¢i(v) = Z w(3) (S Ui}) —v(S)]  intractable.. O(2™)
SCn]\{i}

« Monte Carlo Sampling
di(v) = Y [(S"U{i}) —v(S")]

S’ ~w(S)

i(v) = > [o(Pre'(m) U {i}) — v(Pre’(m))]

" wCII(n)

« Weighted Least Squares (kernelSHAP )

$i(v) = argmin Y w(S)(v(S) = Bo — ) B;)’

SCln| jes

[Lundberg and Lee, 2017] [Strumbelj & Kononenko, 2014] [Datta el at, 2016]



Question 2:

How can we (when) compute ¢;(v)?

« Weighted Least Squares (kernelSHAP )

¢;(v) = arg min Z w — By — Zﬁj

BeRn+1 jcs

[Jethani et al, 2021]



Question 2:

How can we (when) compute ¢;(v)?

« Weighted Least Squares (kernelSHAP )

¢; (v) —argmme — Bo — Zﬁj

BeRn+1 jcs

« Weighted Least Squares, amortized ( FastSHAP )

(I)fastShap = arg min E S‘ S‘ 7y) - Z qb@(X’ y)j)2

Po:X =R 2 k] SCn) jes

... and stochastic versions [Covert et al, 2024]

[Jethani et al, 2021]



Question 2:

How can we (when) compute ¢;(v) if we know more?

(about the model)

[Lundberg and Lee, 2017] [Strumbelj & Kononenko, 2014][Chen et al, 2020]



Question 2:

How can we (when) compute ¢;(v) if we know more?

(about the model)
o Linear models f(z) = 8'z

Closed-form expressions (for marginal distributions and baselines)
¢i(frz) = Bi(wi — i)

(also for conditional if assuming Gaussian features)

[Lundberg and Lee, 2017] [Strumbelj & Kononenko, 2014][Chen et al, 2020]



Question 2:
How can we (when) compute ¢;(v) if we know more?

(about the model)

o Linear models f(z) = 8'z

Closed-form expressions (for marginal distributions and baselines)
¢i(frz) = Bi(wi — i)

(also for conditional if assuming Gaussian features)

Mortality model
a Global feature importance Local explanation summary
o Tree models [rundberg et a1, 20207 Pl i A
Sex (F/M) -4 <
Systolic blood presssure h_— .
White blood cells P
Polynomial time algorithm (exact) e —
Blood albumin o
(TreeSHAP) fOI' ¢Z ( f ) Alkaline phosphatase ....__
Total cholesterol P—
2 Physical activity 4=
O (N trees N leaves Depth ) Haematocrt —
Uric acid -'—
Red blood cells —
Albumin present in urine '_
Blood protein —
(I) 012 0:4 016 018 1:0 —2I.0 —1I.5 —1I.0 -6.5 6 0f5 1:0 1:5
Mean(|SHAP value|) SHAP value (impact on model output)

(log(relative risk of mortality))

[Lundberg and Lee, 2017] [Strumbelj & Kononenko, 2014][Chen et al, 2020]

High

Low

anjea ainjea



Question 2:

How can we (when) compute ¢;(v) if we know more?

(about the model)

e Local models [Chen et al, 2019]

L—Shap

Observation: Restrict computation of ¢;( f) to local areas of influence
given by a graph structure
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e Local models [Chen et al, 2019]

L-Shap

Observation: Restrict computation of ¢;( f) to local areas of influence
given by a graph structure
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e Local models [Chen et al, 2019]
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Question 2:

How can we (when) compute ¢;(v) if we know more?

(about the model)

e Local models [Chen et al, 2019]

Observation: Restrict computation of ¢;(f) to local areas of influence
given by a graph structure

B (v) = ! w v 1) — v
¢i(v)_‘Nk(i)‘ > w(S) p(SU{i}) —v(8)]

SCN:(i)\3

= complexity O(2*n)

Correct approximations (informal statement)

Let S C N;(i). If, forany T C S\ {3}, (X; 1L X}, 5| X7) and (X; 1L
Xips| X1, Y)

Then ¢%(v) = ¢;(v)

(and approximately bounded otherwise, controlled)



Question 2:

How can we (when) compute ¢;(v) if we know more?

e Local models

[Chen et al, 2019]

(about the model)

Observation: Restrict computation of ¢;(f) to local areas of influence

1

.
%) = X0

given by a graph structure

> w(8) (S u{i}) —u(S)

SCN; (i)\i

= complexity O(2*n)

Method Explanation

Shapley It is 08 heartwarming or entertaining . It just '

C-Shapley It is [not heartwarming or . It just  sucks .

L-Shapley It is 08 heartwarming [Gf . [It just sucks .
KermnelSHAP | It is [HOf heartwarming or _
SampleShapley | It is not or entertaining . It just




Question 2:

How can we (when) compute ¢;(v) if we know more?

(about the model)
« Hierarchical Shapley (h-Shap) (reneggi et a1, 2022)

Observation: f(x) =1« Ji: f(z;, X_;) =1 (A1)



Question 2:

How can we (when) compute ¢;(v) if we know more?

(about the model)
« Hierarchical Shapley (h-Shap) (reneggi et a1, 2022)

Observation: f(x) =1« Ji: f(z;, X_;) =1 (A1)

Example: f(x) = 1 if x contains a sick cell




Question 2:

How can we (when) compute ¢;(v) if we know more?

(about the model)

« Hierarchical Shapley (h-Shap) (reneggi et a1, 2022)

Observation: f(x) =1« Ji: f(z;, X_;) =1 (A1)

(NAAANEREN -

¢1=1/2 Py =1/2

¢11— <;l512 1 ¢21 0 ¢522—
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Question 2:

How can we (when) compute ¢;(v) if we know more?

(about the model)

« Hierarchical Shapley (h-Shap) (reneggi et a1, 2022)

Observation: f(x) =1« Ji: f(z;, X_;) =1 (A1)

(AN EEEN -

1. Complexity O(27klogn)
2. Correct approximation (informal)

e Under Al, cb?'Shap(f ) = &i(f)

¢1=1/2 Py =1/2

@11— ¢12 1 4521 0 ¢22—

dr21=1 ¢122=1( G221 =0 (oo =1

« Bounded approximation as
deviating from Al




Question 2:

How can we (when) compute ¢;(v) if we know more?

(about the model)
« Hierarchical Shapley (h-Shap) [reneggi et a1, 2022]
Observation: f(z) =1« Ji: f(z;, X_;) =1 (A1)
h-Shap (T = 0) GradientExp DeepExp
o] s =gy Sl=hgs
L] [] []
1 [] N
LIME Grad-CAM
t: ."é Etﬂ " 4 DD =
-, | |0
RN e




Question 2:

How can we (when) compute ¢;(v) if we know more?

(about the model)

« Shapley Approximations for Deep Models

DeepLift (Shrikumar et al, 2017): biased estimation of baseline Shap
Deep Shap (Chen et al, 2021): biased estimation of marginal Shap

DASP (Ancona et al, 2019) Uncertainty propagation for baseline (zero) Shap

assuming Gaussianity and independence of features

Shapnets [Wang et al, 2020]: Computation for small-width networks

Transformers (VITS) [Covert et al, 2023]: leveraging attention to fine-

tune a surrogate model for Shap estimation

... not an exhaustive list!



Shapley Explanations for ML

pi(v) = > w(S)[v(SU{i}) —v(S)]
SC[n]\{i}

inputs X ¢ X ¢ R” predictor f.:Xx — Y

A

responses Y ¢ ) = [C] f(X)=Y =Y

How should (can) we choose the function v?

Question 2:

How can we (when) compute ¢;(v)?

Question 3: i
What do ¢;(v) say (and don't) about the problem?
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Question 3:
What do ¢;(v) say (and don't) about the problem?
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Interpretability as Conditional Independence

 Explaining uncertainty via Shapley Values [Watson et al, 2023]

$i(v) = D w(8)[oke(SU{i}) — vkr(S))
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Question 3:
What do ¢;(v) say (and don't) about the problem?

Interpretability as Conditional Independence

 Explaining uncertainty via Shapley Values [Watson et al, 2023]

$i(v) = D w(8)[oke(SU{i}) — vkr(S))
S\

with 'UKL(Sa 513) — _DKL(pY|m || PY |z, )
Theorem (informal)

Y 1l Xj |Xs =Ty = ’UKL(S U {Z},LE) — ’UKL(S,ZE) =0
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Question 3:
What do ¢;(v) say (and don't) about the problem?

Interpretability as Conditional Independence

o SHAP-XRT: Shapley meets Hypothesis Testing [Teneggi et al, 2023]

~

H)s : (f(zsupiy Xsopg)) < (f(zs, Xg))

pi,s < XRT : eXplanation Randomization Test, via access to X g ~ px,|q,


https://scholar.google.com/citations?view_op=view_citation&hl=en&user=4qzIl0EAAAAJ&citation_for_view=4qzIl0EAAAAJ:_FxGoFyzp5QC

Question 3:
What do ¢;(v) say (and don't) about the problem?

Interpretability as Conditional Independence

o SHAP-XRT: Shapley meets Hypothesis Testing [Teneggi et al, 2023]

~

H)s : (f(zsupiy Xsopg)) < (f(zs, Xg))

pi,s < XRT : eXplanation Randomization Test, via access to X g ~ px,|s,

Theorem (informal)
For f: & — [0,1], E[p;s] <1—-E[v(SUi)—v(S9)]

Thus, large E[v(S U1%) — v(S)] = reject HQS


https://scholar.google.com/citations?view_op=view_citation&hl=en&user=4qzIl0EAAAAJ&citation_for_view=4qzIl0EAAAAJ:_FxGoFyzp5QC

Last Question 3': Should we just focus on CIT?

[Teneggi et al, Testing semantic importance via betting, 2024]
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[Teneggi et al, Testing semantic importance via betting, 2024]
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Is the piano important for ¥ = cat, given that there is a cute
mammal in the image?




Last Question 3': Should we just focus on CIT?

[Teneggi et al, Testing semantic importance via betting, 2024]

; Y €[0,1)*
pianist
cat
—_—p  tiger
feline

0.0 0.1 0.2

Is the piano important for ¥ = cat, given that there is a cute
mammal in the image?

Local Conditional Importance

~

HIS . f(Hsugy) < f(Hg)

\

features with concepts S U {i} features with concepts S



Last Question 3': Should we just focus on CIT?

[Teneggi et al, Testing semantic importance via betting, 2024]

Local Conditional Importance

HS . f(Hougy) < f(Hs)

Zj = Zdispenser
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gas pump 40
marginal
30 conditional
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Last Question 3': Should we just focus on CIT?

[Teneggi et al, Testing semantic importance via betting, 2024]

Local Conditional Importance
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HS . f(Hougy) < f(Hs)

Z; = Zg4
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gas pump 40
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30 conditional
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Last Question 3': Should we just focus on CIT?

[Teneggi et al, Testing semantic importance via betting, 2024]

Local Conditional Importance

~

HS . f(Hougy) < f(Hs)

gas pump Zj = Zdispenser

40
marginal
30 conditional
>
et
2 20
[ ZS ZS U ZJ
o
10
o T
0.1 . 0.2 0.3
}/gas pump
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Last Question 3': Should we just focus on CIT?

[Teneggi et al, Testing semantic importance via betting, 2024]

Local Conditional Importance

~

HS . f(Hougy) < f(Hs)

gas pump 40 Zj = Zdispenser Zj = Ztrumpet
marginal
30 conditional
2 Zg U Zj
c 20 g
S Zs Zg U Zj
o
10
0
0.1 R 0.2 0.3 0.1 . 0.2 0.3
}/gas pump }fgas pump
ZS — [Ztexty Zold » Zdispensera Ztrumpet, Zfirey oo ] ZSUj — [ztexty Zold Zdispenser7 Ztrumpet ) ZFirea oo ]
— — —
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Conclusions

« Shapley Values are one of the most popular wrapper-
explanation methods

 Requires care when choosing what distributions to sample
from, dependent on the setting
"true to the model” vs "true to the data”

« While proposed in a different context, they can be used to test
for specific statistical claims
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Interpretability Crisis

« As deep learning is widely used in safety critical applications, there is
a need for developing trustworthy and interpretable models.

« |deally we desire...

« But in reality

MRI Scan

LSincettheres C‘I‘Iﬂ"l"m\j
. inithis region..”

’ £
i
>

¥y — [

P Patient has Alzheimer’s

: L ARE-A disease with 98.6%
MRI Scan —_— probability
White-Box
At 1 Patient has Alzheimer’s
R — =) disease with 98.6%
; probability

& Penn



Main Trend: Post-hoc Explanations

« Most method interpret black-box models post-hoc using importance
scores based on the sensitivity of the model output to the input features:

— LIME [1] | Patient has Alzheimer’s
— Grad-CAM [2] ' disease with 98.6%

; g ‘ — babili
_ SHAP [3] , J probability

The Good: MRl Sean Black-Box
— No need to retrain model, accuracy maintained.

The Bad:

— Explanations are unreliable; not faithful to the model it tries to explain [4].
— Feature importance scores might not be interpretable to end-users [3].

[3] Lundberg and Su-In Lee. A Unified Approach to Interpreting Model Predictions. NIPS, pp 4765-4774, 2017.
[4] Adebayo, J., Gilmer, J., Muelly, M., Goodfellow, ., Hardt, M., & Kim, B. Sanity checks for saliency maps. NeurlPS, 2018

[1] Ribeiro, Singh, Guestrin. "Why Should | Trust You?” Explaining the Predictions of Any Classifier. KDD, 2016.
[2] Selvaraju, Cogswell, Das, Vedantam, Parikh, Batra. Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization. ICCV 2017. @ P 3
[5] Rudin. Stop explaining black box machine learning models for high stakes decisions and use interpretable models instead. Nature Machine Intelligence, 2019. Y of PENNSYLVANIA



Need for Interpretable-by-Design Models

- Explanations are user/task/domain dependent and best described in
terms of words/attributes/facts that support the decision’s reasoning.

« We can capture this via a user/task/domain dependent query set Q.

(a) Task: bird classification (b) Task: scene interpretation (c) Task: medical diagnosis
Queries: parts, attributes Queries: objects, relationships Queries: symptoms

0. Ear pain

1. Sore throat

2. Fever

3. Cough

4. Nasal congestion
5. Allergic reaction

6. Shortness of breath

7. Painful sinuses




Concept Bottleneck Models (CMBs)

Has Horns? Yes
Has Fur? Yes

Deep Has Wings? No Linear
Network s Four-legged? Yes Network Bison
Input Congept Classifier Prediction
Predictor

« Concept Bottleneck Models (CBMs) [1].

— Specify a query set: define a set of task-relevant concepts Q.
— Answer queries: train deep network to predict concepts from Q in image x.
— Make prediction: train linear classifier on predicted concepts.

« Explain prediction via weights of linear layer for different concepts.

[1] Koh, P. W., Nguyen, T., Tang, Y. S., Mussmann, S., Pierson, E., Kim, B., & Liang, P. Concept bottleneck models. ICML, 2020. ? UNIVERSITY of PENNSYLVANIA



Are Concept Bottleneck Models Enough?

Has Horns? Yes
Has Fur? Yes

Deep Has Wings? No Linear )
Network s Four-legged? Yes Network Bison
Input Concept Classifier Prediction
Predictor

« Limited expressivity: linear classification layer limits expressivity of
CBMs when “concept answers — class prediction” map is non-linear.

« Limited interpretability: explanations in terms of coefficients of linear
weights not always desirable to end-users, especially non-Al experts.

- Limited flexibility: same explanations for all inputs in the same class.



Information Pursuit Framework

« Information Pursuit: interpretable-by-design framework based on:

— Selecting the smallest number of queries that are sufficient for prediction.

— Making a prediction based only on the chain of query-answer pairs.

(@

)

Input image y0bs Ask a sequence of interpretable queries about x
q1- Has shape perching-like? Yes
q,. Has bill shape all-purpose? Yes
q3- Has belly color yellow? Yes

q4. Has upperparts color yellow? No

qs- Has throat color yellow? No
qe- Has breast color black? Yes
q7- Has belly color olive? Yes

obs

J

Predicted bird species

———— Green Jay with
99% probability

& Penn

[1] Chattopadhyay, Slocum, Haeffele, Vidal, Geman. Interpretable by design: Learning predictors by composing interpretable queries. TPAMI 2022. IVERSITY 0f PENNSYLVANIA



Ingredients Needed to Implement this Framework

« Q1: How do we define the set of queries?

« Q2: Given an input and a query, how do we answer the query?

« Q3: How do we select queries that form the explanation?

[1] Chattopadhyay, Slocum, Haeffele, Vidal, Geman. Interpretable by design: Learning predictors by composing interpretable queries. TPAMI 2022.

[2] Chattopadhyay, Chan, Haeffele, Geman, Vidal. Variational Information Pursuit for Interpretable Predictions, ICLR 2023. )

[3] Chattopadhyay, Pilgrim, Vidal. Information Maximization Perspective of Orthogonal Matching Pursuit with Applications to Explainable Al. NeurlPS 2023. A P

[4] Chattopadhyay, Chan, Vidal. Bootstrapping Variational Information Pursuit with Foundation Models for Interpretable Image Classification. ICLR 2024. 0‘. e I I I l
[5] Chattopadhyay, Haeffele, Vidal, Geman. Performance Bounds for Active Binary Testing with Information Maximization. ICML 2024. UNIVERSITY of PENNSYLVANIA



Q1: How to define the set of queries?

UNIVERSITY 0f PENNSYLVANIA



Q1: How do we Define the Set of Queries?

« Defined by domain experts [1,2]

— Assume queries have similar semantic resolution.

— B
CUB dataset (a) Task: bird classification ~ (c) Task: medical diagnosis
« 200+ bird classes Queries: parts, attributes Queries: symptoms

« 300+ bird attributes
— SymCAT-200 dataset
- 200 disease diagnosis

0. Ear pain

1. Sore throat
2. Fever

3. Cough

4. Nasal congestion

« 326 patient symptoms
— Challenge

5. Allergic reaction
6. Shortness of breath

7. Painful sinuses

- Annotating queries is very costly

[2] Chattopadhyay, Slocum, Haeffele, Vidal, Geman. Interpretable by design: Learning predictors by composing interpretable queries. TPAMI 2022.
[3] Oikarinen, T., Das, S., Nguyen, L. M., & Weng, T. W. (2023). Label-free concept bottleneck models. ICLR 2023
[4] Chattopadhyay, Chan, Vidal. Bootstrapping Variational Information Pursuit with Foundation Models for Interpretable Image Classification. ICLR 2024.

Penn

UNIVERSITY 0f PENNSYLVANIA

[1] Koh, P. W., Nguyen, T., Tang, Y. S., Mussmann, S., Pierson, E., Kim, B., & Liang, P. Concept bottleneck models. ICML, 2020. @



Q1: How do we Define the Set of Queries?

- Defined by large language models [3,4].

— E.g., ask LLM for list of attributes of all relevant categories.

For every {class}:

Convert to queries:
g1 = blue color
g2 = black color
g3 = medium size
g4 = spotted pattern

PROMPT to GPT-3: List the useful visual
attributes (and their values) of the bird
image category ‘{class = Blue Jay}'

v

RESPONSE:
1. Color: Blue, White, Black
2. Size: Medium
3. Shape: Long Tail, Crested Head I
4. Pattern: Spotted, Striped

9L = value <attr>

Union over all classes

N.<attr>: <value> l
Query Set E
[1] Koh, P. W., Nguyen, T., Tang, Y. S., Mussmann, S., Pierson, E., Kim, B., & Liang, P. Concept bottleneck models. ICML, 2020. )
[2] Chattopadhyay, Slocum, Haeffele, Vidal, Geman. Interpretable by design: Learning predictors by composing interpretable queries. TPAMI 2022. A
[3] Oikarinen, T., Das, S., Nguyen, L. M., & Weng, T. W. (2023). Label-free concept bottleneck models. ICLR 2023 ‘ I I I l

[4] Chattopadhyay, Chan, Vidal. Bootstrapping Variational Information Pursuit with Foundation Models for Interpretable Image Classification. ICLR 2024. UNIVERSITY 0f PENNSYLVANIA



Q2: Given an input and a query,
how do we answer the query?

UNIVERSITY 0f PENNSYLVANIA



Q2: How do we Answer a Query for a given Input?

« Train classifiers on data annotated with query answers [1].

Has Horns? Yes
Has Fur? Yes
Deep Has Wings? No
Network Is Four-legged? Yes

Concept

Input Predictor

— Challenge: need tons of data annotated with all concepts/attributes/facts
=> few datasets have such detailed annotations.

— Challenge: cannot handle new queries that have not been annotated.

[1] Koh, P. W., Nguyen, T., Tang, Y. S., Mussmann, S., Pierson, E., Kim, B., & Liang, P. Concept bottleneck models. ICML, 2020. @ UNIVERSITY 0f PENNSYLVANIA



Q2: How do we Answer a Query for a given Input?

Use Vision Language Models (VLMs) to answer queries
— Challenge: State-of-the-art VLMs like Llama [1] and BLIP [2] are too slow

to be used in an online manner.
— Challenge: CLIP [3] is relatively light-weight, but CLIP dot products
between query and image are inadequate: they are not interpretable.

Observed distribution of CLIP dot products

Deswed distribution of CLIP dot products
obs 4
I Threshold Input |mage X Threshold?
Foy I Foy
20.5 | 2,
a No<—|—> Yes 2
0.0 ! 0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
CLIP dot product value

CLIP dot product value

& Penn

[1] Touvron, Lavril, Izacard, Martinet, Lachaux, Lacroix, Roziére et al. "Llama: Open and efficient foundation language models." arXiv preprint arXiv:2302.13971, 2023
Y of PENNSYLVAN

[2] Li, Junnén, et a;l. "BIip-2‘: Bootstra{pping Ianéuage-irr;age pre-training with frozen image encoders and large language models." ICML 2023
[3] Radford, Kim, Hallacy, Ramesh, Goh, Agarwal, Sastry et al. "Learning transferable visual models from natural language supervision." ICML 2021



Q2: Can we Improve CLIP without Annotations?

« In image classification, most query answers are known to be false
based on the class alone.

— Example: Know class is dog — “does the subject have fins?” is false —
no need to see the image.
Input image x°Ps

Yes! Use
LLMs

« We need to look at the image only for queries relevant to the class.

— Example: “Does the subject have a leash?”. Need to see image since not
all dogs have a leash.

BR8N

UNIVERSITY 0f PENNSYLVANIA



Concept Question Answering System [1]

- Pseudo-labeling: Use GPT to determine class-relevant queries and
use CLIP to determine probability of being true based on image.

Image

Query CLIP
GPT

Class

Yes

No

Is query relevant for class?

True

with probability
equal to CLIP’s
dot product

— Pseudo-answers

S False

« Concept-QA: Train a lightweight visual question answering (VQA)
system using pseudo-answers as we don’'t know class at test time.

Image

Query

[1] Chattopadhyay, Chan, Vidal. "Bootstrapping Variational Information Pursuit with Foundation Models for Interpretable Image Classification." ICLR 2024

Concept-QA

—P(True)

BR8N

UNIVERSITY 0f PENNSYLVANIA



Interpretability of Concept-QA answers

« Concept-QA is more interpretable than CLIP!

Density

Threshold?

0.0

0.2 04 06 08 1.0

CLIP dot product value

Input image x°°5 .

Density
N U
U o

0.0 0.2

0.4 0.6 0.8
Concept-QA P(True) for x°Ps



Accuracy of Concept-QA answers

« Concept-QA is more accurate than CLIP & more efficient than BLIP2:

— Concept-QA takes 0.04s per query vs 1.52s per query for BLIP2 FlanT5

model!
Model ImageNet Places365 CUB-200 CIFAR-10 | CIFAR-100
Acc. F Acc. F Acc. F Acc. Fy Acc. F
CLIP-Bingy 055 039|058 042|056 048 | 0.58 047 | 051 0.21
CLIP-Binyorm 050 027|049 026 | 056 045 | 066 053 | 0.54 0.24
BLIP2 ViT-g OPT,75 | 055 031 | 0.76 0.18 | 0.53 035 | 0.73 0.13 | 0.86 0.07
BLIP2 ViT-g FlanT5y; | 0.86 0.56 | 0.87 0.62 | 0.70 040 | 0.83 0.59 | 0.87 041

Concept-QA (Ours) | 0.87 0.56 | 0.83 045 | 0.80 0.54 | 0.80 0.62 | 0.80 0.38

Manually annotated 2.5K randomly sampled image-query pairs for each dataset.



Q3: How do we select the queries
that form an explanation?

UNIVERSITY 0f PENNSYLVANIA



Information Pursuit (IP)

« Q3: How do we select queries that form the explanation?
— Shorter chains are easier to interpret.
— Select smallest number of queries that are sufficient for prediction.
Generative-IP (G-IP) [1] Variational-IP (V-IP) [2]

Learn deep generative model and use Train deep network to select the next
it to select most informative queries. optimal query given answers thus far.

Use orthogonal matching pursuit and large vision and language models.

[1] Chattopadhyay, Slocum, Haeffele, Vidal, Geman. Interpretable by design: Learning predictors by composing interpretable queries. TPAMI 2022.
[2] Chattopadhyay, Chan, Haeffele, Geman, Vidal. Variational Information Pursuit for Interpretable Predictions, ICLR 2023. )
[3] Chattopadhyay, Pilgrim, Vidal. Information Maximization Perspective of Orthogonal Matching Pursuit with Applications to Explainable Al. NeurlPS 2023.

"
[4] Chattopadhyay, Chan, Vidal. Bootstrapping Variational Information Pursuit with Foundation Models for Interpretable Image Classification. ICLR 2024. 0‘. I ‘ I I I l
[5] Chattopadhyay, Haeffele, Vidal, Geman. Performance Bounds for Active Binary Testing with Information Maximization. ICML 2024. UNIVERSITY of PENNSYLVANIA



Information Pursuit: Problem Formulation

- Notation

— X € X :input variable (data).
— Y € Y : prediction variable (label).
— Q ={q: X = A}: query set. X =+ q—>a

« Querier r : a function that selects the next question given history.
(16 A1k )™ T = Q41

« Codep(X) : chain of query-answers selected by the querier for input X.

(q k» a k) [
1 1 Pe

UNIVERSITY 0f PENNSYLVANIA



Information Pursuit: Optimal Querier

« What properties should an ideal querier have?

— Minimality: shorter explanations are easier to interpret and thus preferred.

— Sufficiency: explanations (query-answer chains) should be a sufficient
statistic for Y.

- Balance minimality of explanation with sufficiency via the objective:

min E [|Codef(X)|} (Minimality)
s.t. P(Y|Codej (X)) =P(Y|X) (Sufficiency)

« Above problem is NP-Hard to solve [1], thus need for approximations.

BR8N

(T
[11 H. Laurent and R. L. Rivest, "Constructing optimal binary decision trees is np-complete", Inf. Process. Lett., vol. 5, no. 1, pp. 15-17, 1976. ‘ UNIVERSI TY of PENNSYLVANIA



Generative Information Pursuit (G-IP)

« Given query set Q, Information Pursuit (IP) selects queries
sequentially and adaptively in order of information gain [1].
[nformation Pursuit Algorithm

Queries are chosen according to observed x.

 First query and prediction:

q1 = argmax I(q(X);Y) y1 = argmax P(y | q1(x))
qeq yey

« Next query and prediction:

gr+1 = argmax I(q(X);Y | qr.k(z)) Yr+1 = argmax P(y | qr.x11(7))
qeq yey
« Termination and prediction:
drL+1 = 4STOP if max I(C](X); Y | Q1:L(CE)) =0 yr+1 = argmaxP(y | q1.0())
qEQ yey

¢1:x(z) is the event that contains all realizations of X that agree on the first k query-answers for x. ~—

UNIVERSITY 0f PENNSYLVANIA

(T
[1] Geman and Jedynak, An active testing model for tracking roads from satellite images, TPAMI, 1996. ‘



Generative Information Pursuit (G-IP)

Selecting the first query requires computing

argmax [(q(X);Y)
Lat . q t.qEQ History
e Laler queries need computing /

argmax [ (q(X); ¥ | qq.x(x))
qeQ

Generative IP: learn deep generative model for P(q(X);Y) and use it
to compute mutual information (via sampling) and select best query.

Challenge: estimating mutual information in high dimensions is hard.

BR8N

(T
[1] Chattopadhyay, Slocum, Haeffele, Vidal, Geman. (2022). Interpretable by design: Learning predictors by composing interpretable queries. TPAMI 2022. ‘ UNIVERSITY 0f PENNSYLVANIA



Variational Information Pursuit (V-IP)

- Train querier g, to select the most informative query for classifier /5.
min By s Dy (PCY 1 X1 Po(Y [ 9,,5)]
s.t. Gy = 9,(S), Pe(Y1]qy,S)=rfola,us)

« Theorem: selecting the most informative query given history =
finding query that, when added to the history, gives best prediction.

obs
Given: X
, . Query Set
Classifier Q
f:S§S-Y
T
|
History _| Querier Query | Query Answer
S = {qu a(x°*)h g:5-q Qr+1 € Q Qe (0]

3 x P
R S S S R R T A e Bl e A it o o s eIII 1

A
[2] Chattopadhyay, Chan, Haeffele, Geman, Vidal. Variational Information Pursuit for Interprg@ble Predictiorr\}s/, ICLR 2023.



IP vs Orthogonal Matching Pursuit (OMP)

- IP: Given queries selected - CLIP-IP-OMP [1]: decompose image as sparse
thus far, IP selects query that linear combination of semantic dictionary
is most informative for Y
Qk+1 = argmax I(CI(X), qul:k(x)) L
qa€Q +

« OMP: given atoms selected
thus far, OMP selects atom
that is most correlated with x

+
min ||fllos.t. DF = x &
. . N e
. ¢: image embedding L J
ix+1 = argmax [(d,x — DBy)| : text embedding —

deD ﬁ

Image credit: https://en.wiktionary.org/wiki/cat#/media/File:Cat03.jpg

Penn

[1] Chattopadhyay, Pilgrim, Vidal. Information Maximization Perspective of Orthogonal Matching Pursuit with Applications to Explainable Al. NeurlPS 2023. @ UNIVERSITY 0f PENNSYLVANIA



https://en.wiktionary.org/wiki/cat

CLIP-IP-OMP: Detalils

Input image Text concepts

CLIP Image Encoder CLIP Text Encoder

Image
embedding
(signal x)

Text
embeddings for
each concept
(dictionary D)

Sparse code # for image in

terms of concepts _
Explanation

Classifier for y provided
by sparse code
and classifier

Prediction § weights

Learned classifier weights

Penn

[1] Chattopadhyay, Pilgrim, Vidal. Information Maximization Perspective of Orthogonal Matching Pursuit with Applications to Explainable Al. NeurlPS 2023. @ UNIVERSITY 0f PENNSYLVANIA



Summary of the Information Pursuit Framework

« Q1: How do we define the set of queries?

— Defined by domain experts [1].
— Defined by large language models [4].

« Q2: Given an input and a query, how do we answer the query?

— Train classifiers on data annotated with query answers by task experts [1].
— Use domain-specific pre-trained large vision language models [4].

« Q3: How do we select queries that form the explanation?

— Information Pursuit: Select smallest number of queries that are sufficient
for prediction using Generative IP [1], Variational IP [2], and OMP [3].

[1] Chattopadhyay, Slocum, Haeffele, Vidal, Geman. Interpretable by design: Learning predictors by composing interpretable queries. TPAMI 2022.
[2] Chattopadhyay, Chan, Haeffele, Geman, Vidal. Variational Information Pursuit for Interpretable Predictions, ICLR 2023. )
[3] Chattopadhyay, Pilgrim, Vidal. Information Maximization Perspective of Orthogonal Matching Pursuit with Applications to Explainable Al. NeurlPS 2023.

"
[4] Chattopadhyay, Chan, Vidal. Bootstrapping Variational Information Pursuit with Foundation Models for Interpretable Image Classification. ICLR 2024. 0‘. I ‘ I I I l
[5] Chattopadhyay, Haeffele, Vidal, Geman. Performance Bounds for Active Binary Testing with Information Maximization. ICML 2024.

UNIVERSITY 0f PENNSYLVANIA



Applications
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Interpretable Image Classification by V-IP

- Task: Image
classification.

1.0
0. Init
I 1. Mammal
0.8 2. black and brown markings
3. a small to medium sized dog

- Query set: Queries

4. a Monkey

about presence or >t vt s o
absence of different

8. artiodactyl

t. t 9. short, front legs
Seman IC Concep S ] 10. long head with curved horns
11. a long head and muzzle

12. a prey animal

- Dataset: ImageNet I

(SRS
% 0’7) (o) % Qﬁé ®6®®
— 1000 classes 7 KR



Interpretable Medical Diagnosis by VI-P

0. Ear pain

- Task: Disease diagnosis. e

2. Fever

« Query set: Queries about presence or 3. Cough
absence Of d|fferent Symptoms 4. Nasal congestion

- Dataset: SymCAT-200

— 1.1M doctor-patient dialogues about 326 N
symptoms indicative of 200 diseases. 10. Skin rash

11. Itchiness of eye

6. Shortness of breath
7. Painful sinuses

8. Diminished hearing

— Each dialogue: 2-3 symptoms per patient.

12. Hoarse voice

— 326 binary queries, one per symptom. z,\\“*\l\°°’ie°dg“\°’¢\°°i
" 9 SNAN
SN IR R
<
o & L& H
ég\ é(\\ \60 (S .{(‘\‘7 < s
PR\ é}“ N
st & &
N o
C 20



Accuracy Versus Number of Queries

Test Accuracy

Test Accuracy

1.00;
(a) CIFAR-10

0.75/

o
U
©

0.25| —— Variational-IP (Ours) —— RAM
—— Probabilistic HardAttn —— RAM+

—— Random

0.00

059 (b) CIFAR-100

o
>
o]

0.30

0.15

0.00

# of queries

1.00

0.75

Test Accuracy
o
w
o

0.25

0.00

(c) SymCAT-200

Variational-IP top 1

—e— Variational-IP top 3

—*— Variational-IP top 5
+— BSODAtop 1

—e— BSODA top 3

—+— BSODA top 5

—+— REFUELtop 1

f/ —e— REFUEL top 3

¢ —+— REFUEL top 5

0 5 10 15 20
# of queries

Penn

UNIVERSITY 0f PENNSYLVANIA



Accuracy-Explainability Tradeoff

« How far is interpretable-by-design from black-box model performance

Test Accuracy
© © ©
IN o o

©
N

o
o

CIFAR-100 Accuracy Gap
~ -
— P
= CLIP ViT-B/16
0 100 200 300 400

Avg. # of Queries

Test Accuracy
© © ©
R (o)} [00]

©
N

o
o

ImageNet Accuracy Gap
V
— P
= CLIP ViT-B/16
0 160 200 360 400
Avg. #

of Queries 0
& Penn
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f PENNSYLVANIA



Interpretable Radiological Report Classification

4 . . . N
Radiology report: As compared to the previous radiograph, the
. 1 : H vertebral fixation devices in the right-sided Port-A-Cath are in
* TaSk Pred ICt dlsease Iabel In a constant position. 7he pre-existing parenchymal opacities have slightly
. . decreased in extent and severity. Also, a component of minimal
rad IOIOg ICaI re pOf't. interstitial fluid overload is less severe than on the previous image.
Unchanged cardiac silhouette. No pleural effusions.
. L Disease to classify: Lung opacity )
« Query set: Queries about presence or
. . g:: Opacification likely reflects atelectasis?
absence of facts in a radiology report. | .
g»: Patchy opacity at right lung base? o8
gs: Opacification related to atelectasis?
® Dataset M I M I C'CXR qs: Decreased opacities on the right? 0.6
gs: Slight right lower lobe opacity?
- Data' 227’827 reports' gs: Opacities less apparent? 0.4
— Queries are binary questions, one for @r: Oval opacity? .
. gs: Constant severity of bilateral parenchymal opacities? '
each possible fact. o | |
go: Opacification at the periphery of the right lung? 00
— The task is to predict the disease label. NP

& Penn
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Interpretable Radiological Report Classification

« Q1: How do we define the set of queries?

— Leverage LLMs and medical knowledge to extract 591,920 facts from
227,827 reports in the MIMIC-CXR dataset [1].

- Q2: How do we answer a query for a given input?

— Leverage LLMs and medical knowledge to verify if a fact is present in a
radiology report [2].

« Q3: How do we select the best queries to form an explanation?

— Select smallest number of facts that are sufficient for disease prediction [2]
using Variational IP [3,4].

[2] Ge, Chan, Messina, Vidal. Information Pursuit for Interpretable Classification of Chest Radiology Reports. ArXiv 2025.
[3] Chattopadhyay, Chan, Haeffele, Geman, Vidal. Variational Information Pursuit for Interpretable Predictions. ICLR 2023.
[4] Chattopadhyay, Chan, Vidal. Bootstrapping Variational Information Pursuit with Foundation Models for Interpretable Image Classification. ICLR 2024. UNIVERST TY 0f PENNSYLVANIA

[1] Messina, Vidal, Parra, Soto, Araujo. Extracting and Encoding: Leveraging LLMs and Medical Knowledge to Enhance Radiological Text Representation. ACL 2024. BR8N P



Interpretable Radiological Report Classification

« Average precision (AP) and F1 score of IP-CRR on six binary

prediction tasks:

— Lung Opacity (LO), Calcification of the Aorta (CA), Support Devices(SD),
— Cardiomegaly(CM), Pleural Effusion(PE), and Pneumonia(PN).

Methods

| AP

F1

|LO CA SD CM PE PN’LO CA SD CM PE PN

CXR-BERT (FT-Last)
CXR-BERT (FT-All)
Flan-T5-large

0.900 0.361 0.969 0.864 0.945 0.449
0.984 0.992 0.970 0.964 0.962 0.641
0.527 0.073 0.445 0.380 0.616 0.190

0.829 0.223 0.912 0.789 0.887 0.449
0.987 0.991 0.978 0.982 0.953 0.541
0.663 0.139 0.321 0.543 0.754 0.299

CBM
IP-CRR

0.947 0.345 0.934 0.791 0.874 0.432

0.972 0.578 0.959 0.892 0.925 0.468

0.884 0.241 0.853 0.738 0.801 0.431
0.918 0.350 0.889 0.811 0.860 0.451

BR8N

UNIVERSITY 0f PENNSYLVANIA



Summary

« Information Pursuit: an interpretable-by-design prediction framework.

« Generative model: use LLMs to define queries, VLMs to answer
queries, and G-IP, V-IP, OMP to select queries and make predictions.

Input image x°PS

e o

G

)

Ask a sequence of interpretable queries about x

q1- Has shape perching-like? Yes
q». Has bill shape all-purpose? Yes
q3. Has belly color yellow? Yes

q4. Has upperparts color yellow? No

obs

qs- Has throat color yellow? No
qe- Has breast color black? Yes
q;. Has belly color olive? Yes
< J )

Predicted bird species

—— Green Jay with
99% probability



Open Questions

- How to define interpretability?

— Hypothesis tests on the importance of a feature?

— Minimum set of interpretable features that are sufficient for prediction?
— What about causality-based explanations?

- How to evaluate if a model is interpretable?
— Human evaluations?

— Can humans predict a class based on explanation?
— Benchmarks
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Thank you
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