
Overview
Goal: Evaluate saliency attribution methods in XAI:Which iden-

tify the important parts of a classifier input?
Problem: Hiding the relevant part of the input with baseline values

or noise means evaluating the classifier off-manifold.
Solution: Train neural agents on abstract games with the same hid-

den information that is used in the evaluation.

The Setup
Connect Four with randomly hidden colour information.

Game Board Channel1 Channel2 Channel3

The Model
DNN with policy and value head for Proximal Policy Optimisation.
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Advantages
• It is clear how to realise hidden information
•No off-manifold evaluation is necessary
•We can let XAI-methods play against each other

Training Characteristic Functions with Rein-
forcement Learning: XAI-methods play Con-
nect Four
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We let Explainable AI (XAI)-methods play against
each other in Connect Four to compare them!

1. XAI-methods explain theoutput of the policy networkwith a heatmap of importancevalues.
Masker1 Player1

Masker2Player2

3. Measure win rates of play-ers supported by each XAI-method.

Gradient DeepShap GB SmoothGrad

LRP DeepTaylor Random FW

2. Select the 50% most importantcolour features and hide the rest forthe agents next move.
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0.737 0.747 0.706 0.782 0.834 0.774 0.887 0.935

0.263 0.498 0.499 0.573 0.609 0.567 0.742 0.871

0.254 0.502 0.496 0.579 0.616 0.616 0.765 0.861

0.294 0.501 0.503 0.587 0.604 0.586 0.742 0.848

0.217 0.427 0.421 0.413 0.512 0.502 0.686 0.819

0.167 0.392 0.385 0.397 0.487 0.472 0.677 0.810

0.226 0.433 0.384 0.414 0.497 0.528 0.681 0.805

0.113 0.259 0.235 0.258 0.314 0.323 0.319 0.676

0.065 0.130 0.140 0.152 0.181 0.190 0.195 0.324

Randomly Hiding Colour Features
Every turn t ∈ [42] we sample ph ∼ U([0, pmax

h ]) and show colour
features of ⌊pht⌋ random game pieces each turn. We train three
agents with varying pmax

h .
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The PI-50 agent with ph = 0.5 performs well for all levels of hidden
information and was chosen for our tournament.
Characteristic Functions
A concept from cooperative game theory. We can define
νpol(S) := π(amax; x(S)) and νval(S) := v(x(S)),

where x ∈ {0, 1}3×6×7 and x(S) := [x1S, x2S, x3],
and calculate Shapley Values (SV)

SV: φν,i =
∑

S⊆[d ]\{i}

(
d − 1
|S|

)−1
(ν(S ∪ {i})− ν(S)),

and Prime Implicant Explanations (PIE)
PIE: S∗ = argmin

S
|S| subject to ν(S) = ν([t]).

PIE with Frank-Wolfe
We solve a convex relaxation of the PIE-problem
s∗ := argmin

s
(π(a∗|x(s))− π(a∗|x))2 subject to ∥s∥1 ≤ k,

where s ∈ [0, 1]3×6×7 and x(s) := [s⊙ x1, s⊙ x2, x3].
with a Frank-Wolfe solver and define the XAI-method FW.

Gradient [Simonyan et al. 2013]
SmoothGrad [Smikov et al. 2017]
GuidedBackprop [Springenberg et al. 2015]
DeepShap [Lundberg and Lee 2017]
LRP [Bach et al. 2015]
DeepTaylor [Montavon et al. 2018]


