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Introduction to the problem



Short Introduction

> PhD student at the UvA: Formalising Explainable Al

> The presented work was created in collaboration with:

Dr. Tim van Erven Dr. Damien Garreau



Call for XAl

Some Reasons

GDPR
General Data Protection
Regulation

» Fairness: Biases can be detected
earlier

> Trustworthiness
> Increases reliability

> Regulation



Explanations

Explosion

Methods

CAM with global average pooling [42], [91]

+ Grad-CAM [43] generalizes CAM, utilizing gradient

+ Guided Grad-CAM and Feature Occlusion [68]

+ Respond CAM [44]

+ Multi-layer CAM [92]

LRP (Layer-wise Relevance Propagation) [13], [53]

+ Image classifications. PASCAL VOC 2009 etc [45]

+ Audio classification. AudioMNIST [47]

+ LRP on DeepLight. fMRI data from Human Connectome Project [48]
+ LRP on CNN and on BoW(bag of words)/SVM [49]

+ LRP on compressed domain action recognition algorithm [50]
+ LRP on video deep learning, selective relevance method [52]
+ BiLRP [51]

DeepLIFT [57]

Prediction Difference Analysis [58]

Slot Activation Vectors [41]

PRM (Peak Response Mapping) [59]

LIME (Local Interpretable Model-agnostic Explanations) [14]

+ MUSE with LIME [85]

+ Guidelinebased Additive eXplanation optimizes complexity, similar to LIME [93]
# Also listed elsewhere: [56], [69], [71], |94]

Others. Also listed elsewhere: [95]

+ Direct output labels. Training NN via multiple instance learning [65]
+ Image corruption and testing Region of Interest statistically [66]

+ Attention map with autofocus convolutional layer [67]

DeconvNet [72]

Inverting representation with natural image prior [73]
Inversion using CNN [74]

Guided backpropagation [75], [91]

Activation maximization/optimization [38]

+ Activation maximization on DBN (Deep Belief Network) [76]
+ Activation maximization, multifaceted feature visualization [77]
Visualization via regularized optimization [78]

Semantic dictionary [39]

Network dissection [36], [37]

Decision trees

Propositional logic, rule-based [82]

Sparse decision list [83]

Decision sets, rule sets [84], [85]

Encoder-generator framework [86]

Filter Attribute Probability Density Function [87]

MUSE (Model Understanding through Subspace Explanations) [85]

(2014.03) SEDC [129]

(2015.08) OAE [51]

(2016.05) HCLS [110, 112]
(2017.06) Feature Tweaking [186]
(2017.11) CF Expl. [196]

(2017.12) Growing Spheres [114]
(2018.02) CEM [55]

(2018.02) POLARIS [209]

(2018.05) LORE [80]

(2018.06) Local Foil Trees [190]
(2018.09) Actionable Recourse [189]
(2018.11) Weighted CFs [77]
(2019.01) Efficient Search [175]
(2019.04) CF Visual Expl. [76]
(2019.05) MACE [99]

(2019.05) DICE [145]

(2019.05) CERTIFAI [179]
(2019.06) MACEM [56]

(2019.06) Expl. using SHAP [165]
(2019.07) Nearest Observable [201]
(2019.07) Guided Prototypes [191]
(2019.07) REVISE [95]

(2019.08) CLEAR [202]

(2019.08) MC-BRP [123]

(2019.09) FACE [162]

(2019.09) Equalizing Recourse [83]
(2019.10) Action Sequences [163]
(2019.10) C-CHVAE [156]
(2019.11) FOCUS [124]

(2019.12) Model-based CFs [127]
(2019.12) LIME-C/SHAP-C [164]
(2019.12) EMAP [41]

(2019.12) PRINCE [71]

(2019.12) LowProFool [18]
(2020.01) ABELE [79]

(2020.01) SHAP-based CFs [66]
(2020.02) CEML [11-13]

(2020.02) MINT [100]

(2020.03) ViCE [74]

(2020.03) Plausible CFs [22]
(2020.04) SEDC-T [193]

(2020.04) MOC [52]

(2020.04) SCOUT [199]

(2020.04) ASP-based CFs [28]
(2020.05) CBR-based CFs [103]
(2020.06) Survival Model CFs [106]
(2020.06) Probabilistic Recourse [101]
(2020.06) C-CHVAE [155]
(2020.07) FRACE [210]

(2020.07) DACE [96]

(2020.07) CRUDS [60]

(2020.07) Gradient Boosted CFs [5]
(2020.08) Gradual Construction [97]
(2020.08) DECE [44]

(2020.08) Time Series CFs [16]
(2020.08) PermuteAttack [87]
(2020.10) Fair Causal Recourse [195]
(2020.10) Recourse Summaries [167]
(2020.10) Strategic Recourse [43]
(2020.11) PARE [172]

Methods

o

Linear probe [101]

Regression based on CNN [106]

Backwards model for interpretability of linear models [107]

GDM (Generative Discriminative Models): ridge regression + least square [100]
GAM, GA2M (Generative Additive Model) [82], [102], [103]

ProtoAttend [105]

Other content-subject-specific models:

+ Kinetic model for CBF (cerebral blood flow) [131]

+ CNN for PK (Pharmacokinetic) modelling [132]

+ CNN for brain midline shift detection [133]

+ Group-driven RL (reinforcement learning) on personalized healthcare [134]
+ Also see [108]-[112]

PCA (Principal Components Analysis), SVD (Singular Value Decomposition)
CCA (Canonical Correlation Analysis) [113]

SVCCA (Singular Vector Canonical Correlation Analysis) [97] = CCA+SVD
F-SVD (Frame Singular Value Decomposition) [114] on electromyography data
DWT (Discrete Wavelet Transform) + Neural Network [135]

MODWPT (Maximal Overlap Discrete Wavelet Package Transform) [136]
GAN-based Multi-stage PCA [118]

Estimating probability density with deep feature embedding [119]

t-SNE (t-Distributed Stochastic Neighbour Embedding) [77]

+ t-SNE on CNN [120]

+ t-SNE, activation atlas on GoogleNet [121]

+ t-SNE on latent space in meta-material design [122]

+ t-SNE on genetic data [137]

+ mm-t-SNE on phenotype grouping [138]

Laplacian Eigenmaps visualization for Deep Generative Model [124]

KNN (k-nearest neighbour) on multi-center low-rank rep. learning (MCLRR) [125]

KNN with triplet loss and query-result activation map pair [139]
Group-based Interpretable NN with RW-based Graph Convolutional Layer [123]
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TCAV (Testing with Concept Activation Vectors) [96]

+ RCV (Regression Concept Vectors) uses TCAV with Br score [140]
+ Concept Vectors with UBS [141]

+ ACE (Automatic Concept-based Explanations) [56] uses TCAV
Influence function [129] helps understand adversarial training points
Representer theorem [130]

SocRat (Structured-output Causual Rationalizer) [127]
Meta-predictors [126]

Explanation vector [128]

# Also listed elsewhere: [14], [43], [85], [94]

# Also listed elsewhere: [14], [60], [85] etc

CNN with separable model [142]
Information theoretic: Information Bottleneck [98], [99]

Database of methods v.s. interpretability [10]
Case-Based Reasoning [143]

Total publication counts: 3544
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Explanations

Examples

> Highlight important features

» Counterfactual explanation

» Caption generation

A catl paws at a knile on a A monitor and keyboard
dining table next o a laptop

> Example based

> Activation Probing

v nding 2 surfboard
a3 bievels in the ocean

A dog 515 In the basket of A m;
.‘ ool

Text with highlighted words

Why does the generation think that just because
they don't understand video games and technology, they
feel like they have to hate them and blame every bad
thing Sn them?

o= !

~ o~
L
'

§
n A Counterfactual Explanation:

If you had an income of $40,000 rather than $30,000,
your loan request would have been approved.



Explanations

Some issues

> Easily manipulated

> Disagreement problem .
b £ 3 3

4 exBianalion
WS

A t'sx;':u!as Sl

» Post-Hoc can be unfaithful

Below, you see a data point, as well as its explanation using methods LIME and KernelSHAP.

LIME KernelSHAP

I m

priors_count 1

two_year_recid 1
priors_count -

length_of stay 4

Feature
Feature

¢_charge_degree_F 1 -

c¢_charge_degree_F -

sex_Female + l sex_Female
-0.10 -0.05 0.00 0.05 0.10 -0.02 -0.01 0.00 0.01 0.02 0.03

Feature importance Feature importance



Leading example

2 parties: Loan application process:

» Credit Loan Applicant (A)

> (A) provides (P) with a set of features:

X1

Ad

» Credit Loan Provider (P) > (P) has an automated decision system f

i

f(x) =1 ifaccepted
f(x)=—=1 ifnot

> (A) can ask for a counterfactual explanation




2 parties: Loan application process:

» Credit Loan Applicant (A) » (A) provides (P) with a set of features:

LU

Leading example

» Credit Loan Provider (P) » (P) has an automated decision system f

f(x) =1 ifaccepted
f(x)=—1 ifnot

l l l l > (A) can ask for a counterfactual explanation
——

This example us seen as a:

Strategic classification

Negative example




Modelling the situation



Learning theoretic setting for classification

f: L CRY— {-1,1)

We observe data {(X!, Y1), ..., (X", Y}
We assume that

(Xp, ¥) ~ P

Loss is measured by counting wrong
classifications

C(f(x),y) = 1{f(x) # y}

Goal is to minimize expected loss (Risk)

R = Ep[Z(f(Xy), Y)]

The optimal classifier is the Bayes Classifier

f5 = argmin Ep[£(f(Xy), ¥)]




MOdel Counterfactual point is defined as

Adding recourse p(X,) = X°F € argmin ¢(X,, 2)
z: flD)=1

For simplicity, we assume that every negative X,
By addlng recourse In the miX, accepts recourse

Xy — X,

xCF

where X is either X, or , we induce a new

distribution

Xy, X, Y) ~ O Risk with Recourse is defined as

Ro(f) = Eple (f(X), Y)]

Note that () depends on fin general




Model

When is Recourse accepted . . .
The function r(X,,) models how likely X, is to

accept recourse

In general X, does not need to change to XCF,

This is modelled by setting

X =BXF + (1 - B)X,, B ~ Ber(r(X,))

For the rest of the talk we will assume r(X,) = 1




Modelling O
Choice in dependency structure @ °

Compliant case

We define 2 extreme cases:

» Compliant: Q(Y | X, X) = P(Y | X) 0 ° °
» Defiant:  O(Y|X,,X) = P(Y| X)) -

Defiant case




Modelling O

Examples

Some examples:
» Credit loan application:

» Compliant: Applicant improves risky behaviour

» Defiant: Applicant tries to “game the system”
> Medical Diagnosis:
> Compliant: Patient improves their health

» Defiant: Patient takes medicine to reduce
symptoms

> Job applications:
> Compliant: Applicant improves their skills
> Defiant: Applicant improves their CV

N

Compliant case

N

Defiant case




Modellin
Causality J Q a °
O

Compliant case

There is a very Causal interpretation to Q.

See Improvement-Focused Causal Recourse (ICR) [Konig et al.] 0 ° °

for a more extensive treatment of this view

Defiant case

We view everything on a distributional level



https://scholar.google.com/citations?view_op=view_citation&hl=en&user=THTbZ5EAAAAJ&sortby=pubdate&citation_for_view=THTbZ5EAAAAJ:FAceZFleit8C

Optimal classifier



Optimal Classifier

Example (Compliant)

We assume that
X|Y=4+1~Nu,X)
X|Y==—1~N,2)
PY=+1)=P¥=-1)=-

Optimal classifier is (assuming ||¢||s-1 = ||v||x-1)
f(x) = sign(0 ' x),

0=2X"'(u—v)

« +1 correct

« —1 correct
x 4+1 wrong
x —1 wrong

> Rp(f7) = P(||u = vllz-1)

1 1
> Ro(f%) = -+ 20l - vlly-1)

Ro(f%) > Rp(f%) if Rp(f¥) <



Optimal Classifier

Formal result

Theorem

Let £ be the 0/1 loss and suppose that P(Y = 1 | X, = x) = % for all x on the decision boundary

of 1, then:
A. For the Compliant case,

Ry(f%) = P(Y = — 1) > Rp(f%)

B. For the Defiant case,

Ro(f%) = SP(fp(X)) = = 1) + P(fp(Xp) = 1.Y = = 1) > Rp(f¥)




Optimal Classifier
Proof sketch (Compliant)

Ro(f%) = SP(fp(X)) = = 1) + P(fp(Xp) = 1.Y = = 1) > Rp(f¥)

=) Every point is now classified as + 1

= The mistakes you make are
m) Original f5(Xy) =+ 1 but ¥ = — 1,

m) Half of the original f 5 (X)) = — 1,

mpbecause P =+ 1| X) =P =-1|X) = % on the decision boundary



Optimal Classifier
Proof sketch (Defiant)

Ro(f%) = P(Y = = 1) > Rp(f%)

=) Every point is now classified as + 1

= The mistakes you make are
mp Original f5(Xp) = + Ll but Y = — 1,

m» Original f;f(XO) = — ], but Y = — 1, because the label does not change in this case



Non-Optimal classifier



Non-Optimal Classifier
More general

Need to make some extra assumptions:

» Assume f(x) = sign(g(x)—%) for some probabilistic classifier g(x): & — [0,1]

» The function g is “e-close” to P(Y = 1 | X = x) along the decision boundary

What if we consider non-optimal classifiers?

0“‘
o Xoe -
oﬁ .t?;- |

"y
o

- | . |

Rp(f) =009  Rg(f)=0.30 Rp(f) =019  Ro(f) =0.26 Rp(f) =013  Ro(f) = 0.33




c-close assumption

More general

What is the assumption?

Informally:

» The function g is “e-close” to P(Y = 1 | X = x) along the decision boundary

Formally:

| 13-Pr= 11X = gt P <

1
X g(x0)<5}

Implied by uniform bound,

\%—P(Y: I‘Xo =x)| < ¢ for all x suc that g(x) =%




Non-Optimal Classifier
Formal result

Theorem

Let £ be the O/1 loss, g: & — [0,1] a continuous probabilistic classifier and assume the €
-condition:

A. For the Compliant case, R () is lower and upper bounded by

(5EOP(fXy) = — 1) + P(f(X)) =+ 1.Y = — 1)

B. For the Defiant case,

Ro(f) =P(Y == 1)




Non-Optimal Classifier
Implications

Theorem

Let £ be the O/1 loss, g: & — [0,1] a continuous probabilistic classifier and assume the €
-condition:

A. For the Compliant case, R, (f) > Rp(f) if

P(Y = = 1]fX) == 1) > 5+e

B. For the Defiant case, R (f) = Rp(f) if and only if

PY=-1|fX)=-1)2+




Non-Optimal Classifier
Interpretation

Recourse will harm the risk If
A. For the Compliant case, if f approximates the true conditional
distribution and f performs € better on the negative class

B. For the Defiant case, if f performs better than random on the negative
class




Non-Optimal Classifier
Experimental results

Rp(f) =0.09

Table 1: Estimated risks on synthetic data sets. Lower risk is bold.

Rq(f) = 0.30

Rp(f) = 0.19

Rq(f) = 0.26

Rp(f) =0.13

Rqo(f) = 0.33

Table 2: Estimated risks on real data sets. Lower risk is bold.

Moons data Circles data Gaussians data

Rp Rg Rp Rg Rp Rg
Logistic Regression (LR) 013 033 051 034 014 0.32
GradientBoostedTrees (GBT) 0.08 030 0.19 026 0.13 0.33
Decision Tree (DT) 0.08 029 0.19 023 0.13 0.34
Naive Bayes (NB) 0.13 033 0.17 0.16 0.15 0.28
QuadraticDiscriminantAnalysis (QDA) 0.13 033 0.17 0.16 0.12 0.33
Neural Network(4) 0.12 032 0.23 030 0.13 0.36
Neural Network(4, 4) 0.04 026 0.17 022 0.12 0.40
Neural Network(8) 0.04 023 0.16 020 0.12 0.36
Neural Network(8, 16) 0.04 026 0.16 0.18 0.11 0.35
Neural Netowrk(8, 16, 8) 0.04 026 0.16 0.18 0.11 0.35

Credit data Census data HELOC data

Wachter GS CoGS Wachter GS CoGS Wachter GS CoGS

Rp Rg Rp Rg Rp Rg|Rp Rg Rp Rg Rp Rg|Rp Rg Rp Rg Rp Rg
LR 0.17 0.05 0.17 0.05 0.17 0.04|0.21 0.29 0.21 0.33 0.21 0.32(0.29 0.41 0.29 0.41 0.29 0.44
GBT 0.06 0.06 0.06 0.07 0.06 0.07 (0.15 0.04 0.15 0.23 0.15 0.33]0.20 0.21 0.20 0.25 0.20 0.37
DT 0.29 0.12 0.29 0.05 0.29 0.05(0.23 0.21 0.23 043 0.23 0.45[0.19 0.25 0.19 0.21 0.19 0.31
NB 0.11 0.06 0.11 0.06 0.11 0.07(0.19 0.78 0.19 0.76 0.19 0.81]0.29 0.44 0.29 0.43 0.29 0.48
QDA 0.12 0.06 0.12 0.06 0.12 0.07(0.20 0.78 0.20 0.75 0.20 0.82]0.32 0.46 0.32 0.47 0.32 0.52
NN4) 0.06 0.06 0.06 0.07 0.06 0.06(0.16 0.26 0.16 0.25 0.16 0.26|0.29 0.47 0.29 0.46 0.29 0.50
NN@4, 4) 0.06 0.06 0.06 0.07 0.06 0.07(0.15 0.30 0.15 0.27 0.15 0.30]0.29 0.47 0.29 0.47 0.29 0.51
NN(8) 0.06 0.06 0.06 0.06 0.06 0.07|0.16 0.34 0.16 0.33 0.16 0.33(0.28 0.44 0.28 0.46 0.28 0.51
NN(8, 16) 0.06 0.06 0.06 0.07 0.06 0.07|0.15 0.36 0.15 0.34 0.15 0.36(0.27 0.42 0.27 0.45 0.27 0.46
NN, 16, 8) (0.06 0.06 0.06 0.07 0.06 0.07 |0.15 0.36 0.15 0.34 0.15 0.36|0.27 0.42 0.27 0.45 0.27 0.46




Non-Optimal Classifier
Proof sketch (Compliant)

Upper/lower: (%iG)P( fX)=—1D+P(fiX)=+1,Y=—1)

=) Every point is now classified as + 1

= The mistakes you make are
m» Original f(X,) =+ 1 but Y = — 1,

m» \Vithin e-distance of half the original f(X,) = — 1,

mSimplity Rp(f) < (3=)P(f(Xp) = = D



Non-Optimal Classifier
Proof sketch (Defiant)

Ro(f) = P(Y == 1) > Rp(f)

=) Fvery point is now classified as + 1

= The mistakes you make are
m» Original f(X,) =+ 1l but Y = — 1,

m» Original f(X;) = — 1, but Y = — 1, because the label does not change in this case



Strategising



Strategising

Example

Can (P) strategise against this accuracy drop?

> Need to assume that not everyone gets an
explanation, I.e. Yes and No

r(xg) = 1{||o(y) — x|l < D} for some D > 0

Too much effort



Strategising

Example

Exactly the same people get a
loan

More effort



Strategising

» Can generalise this result
> Defiant case: Can only be as good as before

» Compliant case: In principle, could have arbitrary improvement, but would
increase the cost for every applicant substantially



Strategising

Formal result, a new definitions

Definition

Let # be some model class, define
F, = f %~ fo() | f€ F).

The set of functions induced by the recourse map.

If F o= F , we call & invariant under recourse

For example,
F = {f(x) =sign(a'x + b) | a,b € R?} and r(xg) = 1{||le(xy) —xll < D}.

Then & = 3‘7¢



Strategising

Formal result (Defiant)

Theorem

If # is a recourse invariant model class, then
min Rp(f) = min R,(f)-

fesF =

You can only do as well as before



Strategising

Formal result (Compliant)

Theorem

If & is a recourse invariant model class, then

min R, (f) < min Rp(f) — 7-

fex fex#
Where y € R depends on P and /.

Improvement is possible when y > 0!
For example, in the Gaussian example

However, there will be a cost for every individual



Thank you for your attention!



