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Al Explamability

Q Modern ML models are accurate but opaque
Q Explainability: Generally, post-hoc property

— Explainability refers to methods that provide explanations of
a model’s predictions, often after the model is trained.

— Which inputs mattered most for this prediction
3 Interpretability: Generally, model-intrinsic property

— A modelis interpretable if we can directly understand how it
works and how inputs map to outputs (e.g., Random Forest)

Black Box

INPUT OUTPUT

Input is converted
into output




Shapley Value

Q Determines the contribution of each player in collaborative work
Q Whatis the contribution of the red player?

— Consider 2N1 coalitions excluding the red player (N: number of players)

— The contribution of a player is the sum of its additional contributions to all
other teams

3 player:
23 = 8 coalitions




Shapley Value

Q What is the contribution of the red player?

— The sum of its additional contributions to all other teams

O Let F(S): Total contribution of S, a coalition/team of a set of players

Contribution of the red player

F( {ié})—F( {i})




Shapley Value

N: number of players
S: a coalition Pn, =

¢,i: The contribution of the ith
player to all coalition

|S|!(N — |S[ - 1)!

(F(SU {ni}) - F(S))

F(S): Total contribution of a coalition sc{12..N}\{i} | Y

N!

J\ )

Weights

Y
Marginal contribution

For example, in a team project where
each member contributed differently,

— The Shapley value provides a way to
determine how much credit or blame
each member deserves.

O Nobel Prize in Economics, 2012




Shapley Value in Machine Learning

» Consider a model f designed to predict the price of a house
> f(size, location, age, bedroom....) = price
» The model is trained.

— Size
ﬂ — |ocation
— bedroom

» Selling agent: What should be the price of a house that they
are putting to the market? The model can give a price.

» The buyer: What aspects of the house contribute to the price?
Here comes Shapley values.

$S




Shapley Value in Machine Learning

— size
— location Ss
— bedroom
$500k
+360k 330k +$20k $430k
$400k +$80k ‘ | }'[ ]
$300k
$300k -
Baseline: Th $200k Feature importance
aseline. the can be positive or negative
model's average _—
prediction across the ~ **** Specific for a house
training data
$0
Baseline Size Location Age Bedrooms Prediction
E[f(x)] 2,400 sq ft Good area 40 years 4 f(x)



Shapley Value in Machine Learning

N: number of players

SI'(N —[S] —1)!
S: a coalition bn, = Z BECY ks ) (F(SU {n;}) = F(S))
N!
F(S): Total contribution of a team Sc{1,2.,N}\{i} \ Y A i '
¢;: The contribution of the ith Weights Marginal contribution

player to all coalitions

N: model parameters/data features influencing the model prediction

S: a coalition of a subset players

F: An ML model (e.g., CNN, GNN, regression, etc.)

F(S): Prediction of the model with S

¢;: The contribution of the ith parameter or feature to model prediction

 The valueis between: [-1,1]. Measures how influential a parameter or feature is
to the prediction of the model.
 Treat the model as a black box. It does not care how accurate the model is.




Shapley Value in Machine Learning

N: number of players

SI'(N —[S] —1)!
S: a coalition bn, = BECY ks ) (F(SU {n;}) = F(S))
L . N! I ;
F(S): Total contribution of a team sc{12,. . N}\{i} | Y Y
¢;: The contribution of the ith Weights Marginal contribution

player to all coalitions

Computation Complexity: 2N inference with S parameters
Example: 20 parameters => N=22° : 1,048,576 coalitions
Impractical for most ML models.

Solution: Sampling or surrogate model to approximate
SHAP (Lundberg et al. 2017): 50K citations
Sample coalitions: e.g., 2000 samples << 220
Linear surrogate model




SHAP: Approximate Shapley Values

a Key idea: approximate Shapley values via weighted linear
regression on sampled coalitions of features.

O Treats the model as a black box.
— Randomly sample subsets S € {1,2,..N}.

— Compute model outputs f(S) with masked/absent features replaced by
background values.

— Fit a locally weighted linear model: g(S) = ¢y + X, p;m;

where (m,=1)if feature iin S, else 0.
— Solve for ¢; via weighted least squares.

Solution:
o = (MTWM)‘1 MTWy“
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Graph Neural Networks

TARGET MODE

Layer-2 5 n XA
_____________ y i 1: . X B

A siffpund nnnnnn nnnnnnm ."-.s ,_=
: e XE
A | Y ® XI

Class of .ﬂ.
INPUT GRAPH the target node @ XA

‘Node | Node
embedding features

Inference time: GNN(v) = class of v
Explanations: features and edges important for this prediction

Photo credit: Jure Leskovec’s lecture 11




GNN Explanation Goals

a Consider a pretrained 2-layer
GNN (GCN, GAT, etc) for the
node-classification task.

Q Vv’s prediction is influenced by
2-hop nodes and edges.
Called the computational
graph.

Q Simplest goal: which edges
influence v’s prediction the
most.

An explanation




GNN Explanation With Shapley

- Players: Edges {1, 2, 3} !
2
— explain v, find importance of edge 1
3
- Coalition: {1, 2} (A subgraph)
- Marginal contribution of 1: f({1, 2 ! O
5 \ 2 f{} - Hoh = £ O\o - f Q| -0
—f({2}) =0.17 O O
. . . . O |
. 2N-1 margmal contributions (22=4 In F({1,2} - £{2}) = f v -f(z o) —0.17
the example) (et
! O
- Weighted average: 01,3 - 713) - f(z>0 -f( 0/0) -
3 3
— More weights: small and large coalitions )
. . . . £({1,2,3) - £{2,8)) =1 zi>n E =0.11
— ¢, ==%0124 =% 0.17 + =% 0.09 + = * g g
3 6 6 3
0.11 = 0.12
s = BEV =D (s ()~ F5)
sc{12.. NN (i} | . I\ T )
Weights Marginal

Similarly for other edges! contribution




GNNShap: Shapley Based GNN Explanation
(Akkas and Azad, the Web Conference, 2024)

Step 1: Find players: 2- Step 2: Sampling via mask matrix

hop computational graph

Mask
M
Graph: G Computational graph: G¢ 1|2[3]4|5/6|7|8 ,
A Edges present in
10011001/<—th_ led sub h
o | olo[i[1olo[11} is sampled subgrap
o | [1[1|1|11]1]0
&
& o[1(o|1|1[o]1]0
= | |1]o]1]o]1[o|1]0
4 [ojojt]o|1]1]o]o
< >
#edges

v' Other edges are not used in inference
So, their importance is 0 and removed from consideration

v’ Exact calculation require GNN inference with 2A7 subgraphs
Need to sample from the subgraph space
14



GNNShap: Shapley Based GNN Explanation
(Akkas and Azad, the Web Conference, 2024)

Step 1: Find players: 2-hop Step 2: Sampling via mask matrix

computational graph Sampling
Mask
M
Graph: G Computational graph: G¢ 1(2|3]4|5/6|7|8
A
1{0lo|1]1]o]o|1
E olol1]1olo]1]1
o | 1111 ]1|1]|1]o
-
z ol1]o[1]1[o|1]0
= | |1|o]1]o]1|o[1]o
¥ o]o]1]o]1]1]o]o
<
#edges
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GNNShap: Shapley Based GNN Explanation
(Akkas and Azad, the Web Conference, 2024)

Step 3: Model predictions

Model predictions

GNN

<S>

0.2

0.8

0.5

0.9

0.6

0.4

Step 4: Shapley computation

Shapley
Computation

>

Edge importance
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How to sample from the large space?

d Example- 8 edges to Graph: G Computational graph: G¢
consider.

Q Exact calculation require
GNN inference with 277 \

subgraphs
Q Need to sample from 1
the subgraph space N
0 How to sample from @—ro )
the subgraph space? (Sju”k;g';;hs) OL;J
(O—0) )

17




How to sample from the large space?

a Sampling space

— A few small and large

subgraphs
— A lot of mid-size
subgraphs
aQ How should we pick
subgraphs from this
space?

Counts

Coalition size distribution

175000 A

150000 A

125000 A

100000 A

75000 A

50000 -

25000 A

0_

0.0 2.5 5.0 75 100 125 150 175
Coalition size

Number of coalitions for 20 players
(subgraphs of given sizes )
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How to sample from the large space?

Q Uniform sampling?

— Sample more from mid-
sized coalitions

ad However, amall and g
large samples
(subgraphs) are more
informative 0-

Coalition size distribution

175000 A

150000 A

125000 A

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

Coalition size
Number of coalitions for 20 players
(subgraphs of given sizes )
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How to Samples from the large space?

a Small and large samples
(subgraphs) are more
informative 0 aNNShop

GNNShap
7000 -

Q GraphSVX (Duval et al. 5000-
2021): only sample small 2o
and large subgraphs
GraphSVX 2000-

3 GNNShap: Sample from
everywhere, but more o5 d B 5
from small and large
subgraphs

Sample distribution for 30 players

20




GNNShap: The overall algorithm
(Akkas and Azad, WWW 2024)

Step 1: Find players: I-hop subgraph graph Step 3: Model predictions
Graph: G Computational graph: G¢ — Model predictions
5 ]
8 4
o—0
\ =
6]
Step 2: Sampling (mask matrix) Step 4: Shapley computation
Sampling —
weight Mask Shapley
8000 - ngal\‘lj::;/: w M ° Computation
TR ot/ )
£ wi] [1]oJo[]1]o[o]4 (©O—0
§5°°°’ wo| |0[0]1]1]0|0[1]1
s 4000- w_:2>, 11111110\‘ 3
£ soo0- wal [o[1]o[1]1]o[1]o 8
2000- ws| [1]o]1]o]1]o]1]o — ¢=(MTWM)!
Lo00- we| [o[o[1]o[1[1]o]o TR M™W§
0- } 6




Output of GNNShap

original graph

1527 _ IDWEr
. e higher
What happens Model prediction
when we drop an o changes
4 important edge? significantly

b
1190 -

x q

349 \ What happens

Model prediction
does not change

‘ target node when we drop an

unimportant

edge?

22




Explanation Fidelity (Fidelity-)

original graph

= Nigher
original prediction
target node 0.89
® A
Trained
least importants dropped graph G N N \

0.87
explanation graph prediction

Fidelity =|0.89-0.87|=0.02

X X

Lower is better

: X target node
X . 23




Explanation Quality (Fidelity-)

Fidelity-: Drop least important edges identified by a method. Then measure the
difference in prediction score. GNN(E) — GNN(E\e). Lower is better.

012 - —% Saliency
GMNNExplainer

—e— PGExplainer
0.10° o PGM-Explainer
—— OrphicX Model: 2-layer GCN
0.08- —&— GraphSVX Data: Cora
.E-"I‘ D - / Task: node classification
E 0.06 :;. SMhae ~ for 50 test nodes
w ﬁ

0.04 -
0.02 -
0.00- | : , : : ! !
10 20 30 40 50 60 70
Sparsity %

Removing least important edges by different methods. 94




Explanation Quality (Fidelity+)

Fidelity+: Drop most important edges identified by a method. Then measure the
difference in prediction score. GNN(E) — GNN(E\e). Higher is better.

0.225 -
_F..-—‘gﬂ
0.200 - f *
0.175 -
Model: 2-layer GCN
10" Data: Cora
;:} 0.125 - Task: node classification
% for 50 test nodes
= 0.100 - =
0.075 GNNExplainer
. —e— PGExplainer
0.050 - —u— PGM-Explainer
—&— GraphSVX
0.025 - —+— SVXSampler
—8— GNNShap
| I | i I
10 20 30 40 50
Topk
Removing top-k most important edges by different methods. o5



Computational
Complexity

26



GNNShap Computational Complexity

Q Consider explaining prediction of a node with 32
edges in its two-hop subgraph
— Exact Shapley computations: evaluates 232 =4 billion
subgraphs
— GNNSHap: ~ 20,000 subgraphs using sampling

— Still, we need to run 20,000 GNN inferences on different
subgraphs, which is embarrassingly parallel but expensive

— This computation is just to explain the prediction of a node

27



GNNShap Runtime Performance

3 GNNShap high quality, but still computationally
expensive

0.12 -
@ Saliency
0.10 - GNNExplainer
@ PGExplainer
N 0.08 - ¢ PGMExplainer
_.§‘ p  OrphicX
% 0.06 - A FastDnX
T GNNSha
L 0.04- P
0.02 - A
o &
000 - ’» | | | |
0 50 100 150 200

Time (s)
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Scalability Challenge

Q Shapley-based methods
are more accurate, but

computationally expensive

— More samples => better
fidelity
— More sample => expensive
a Need a distributed

algorithm that can use
multiple GPUs/CPUs

GNNShap Fidelity+ (higher is better)

#samples Coauthor-CS

—e— 5000

—=— 10000 %
—¥— 20000 e

—A— 40000 '
—— 60000 . f%d::
80000 v
—%— 120000 /
160000 -
>

10 20 30 40 50

Top-k most important edges
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DistShap Overview
(Akkas, Devarakonda, and Azad, VLBD, 2026)

Replicated Independent Independent
Computational Graph Local Sampling Model Predictions
GPU, W, M, Y1
w; | [1]oJo[o[oo]o]o]o _;I A ’ - 0.29
: W e 4 A A A
w3 | |o|1|o|o|o(0|0[0|O 5 1500
S
wa [ [Mlot[1]1]1|1|1]1] — &
« 1000
o
g
£ 500 Z \
=2
GPU" Wn Mn 0 PU1GPU2GPU3 GPU4 GPU3GPU2GPU
wgy | |1]0l0]1{0 01|01 — 0 5 10 15 20 25 30
Coalition Size
wog | [01[1]0[1[1]0]1|0
> ; GNN —
woo | [0]1/0]1[1|0]1]0|0 0.79
Wigg 101001011—:»@ 7 0.92
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DistShap Overview

Independent
Model Predictions Shapley Value Computation Explanation
o N (MTWAM) MW
0.29
~ Conjugate
\ J 0.81
5 GNN —— > ‘ Gradients Least i—’ %
' Squares
% / 0.90 Y U
\—:} ReplicatEd allrelduce
GNN - :
—\ Yn :
C%\l@ 0.67 \ 4
\ 0.73 Conjugate
5 GNN — - » | Gradients Least
%‘/} /7 — Squares
N
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DistShap Performance

3 DistShap: Quality same as GNNShap
Q Faster with more GPUs (skipping the method)

0.12 -
\ 4

@ Saliency
0.10 - GNNExplainer
@ PGExplainer
, 0.08- # PGMExplainer
> p  OrphicX
% 0.06 - A FastDnX
o 0.04 - GNNShap
' & DistShap 8 GPUs
0.02 - 6 o
OOO - ’» | | | |
0 50 100 150 200

Time (s)
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Scalability of DistShap

Large dataset: 50-100K players, 600K samples
8 to 128 NVIDIA A100 GPUs

B Shapley Computation W Model Predictions

Redd&

2000
1600
0
< 1200
g 800
= x3.8 16X more resources
400 x7.1

x12.5

8 16 32 64 128
Number of GPUs 33




Application 1n Graph Sparsification

m— hayeer
. Can we remove less important
edges from the graph entirely?

i LERT L]
L 3581
TEEES ]

118817

EE=i #

dfTd=a]ig?

e of b oter featres

III' N ] |.|-| lllll. |.:!.| |:|_-:.||| o T l.'_l
B

34




Lottery Ticket Hypothesis

Q Frankle & Carbin, ICLR 2019: A dense, randomly
initialized network contains a sparse subnetwork that,
when trained in isolation from the same initialization,
can match the dense network's test accuracy.

1. Init 2. Train 3. Prune 4. Rewind

oo

small random 6o some |B| grow keep top |9| B « 6o from step 1

35




Lottery Ticket Hypothesis For GNN

Q There is no practical benefit to sparsifying the model,
as GNN models are already small.

3 Lottery Ticket Hypothesis For GNN: How to sparsify the
input graph!
— Graph Lottery Ticket (GLT). A sparsified subgraph matches a
GNN on the full graph. Chen et al., ICML 2021

— Need a lot of training

Iterative Unified Graph Epaﬁ:ﬂ.mmn “
o

@%4 g % Yo lufk gs

-eraph B \ Sparse G Fmplh Sparse GRNzs  /
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Use of Shapley in Graph Sparsification

original graph

Q Remove unimportant . ®© — o

edges for fast

inference \a/ c 2 odes
Q But this is local for : & :a\rgetnode

the target node! 712 = 41.7% sparser
Q What if these edges least importants dropped gph_ft e smieracee

are important for

XX
other nodes? |

mxﬂ/ ) X - 7 edges
oo N

X . target node .




Use of Shapley in Graph Sparsification

™

(9 0 O 00
q |:|=—ﬂ S v S ]
5y ob

Irput Graph Explainar {1) Lacal sxplanaticns
Yo o sle
—FDD %Dgg —FGD
oXe o
[2) Aggregation (3] Sparsification

Akkas and Azad, WWW 2026 38



Comparison with Lottery Ticket Approaches

—i— U5 —=— Wl Pl =i#— LFNhap

Lottery ticket approaches

Cora PubMed

- B ——a—_
" IF. ;""-..i ‘.-\-H—-l—ll——*_"_‘__"‘—-_' — B e S S
TN " ke
B a0 e teald TR s
e "'-_.-. ' ke .-'-.__-. l.__.
; . - — e
L. '-.__-. S "-_- & "-__-__. _..l.'-'
i -I_-‘ ] - -.'.. __F'l."'-.
E Th I.--'."'l'l' [ .'-..--‘-i

Sparsity % (removing least important edges)




Comparison with Other Explanation Methods

O GNNShap offers better sparsity compared to other
explanation approaches

-- Baseline  —e— Saliency #— GuidedBackprop  —e— IntegratedGradients GNNExplainer = —#— GNNShap
Cora (GCN) Cora (GAT)

N

© 2 PIPPPP ROV RDPRP, P © 2 BOPPPD PP PPNV P PP

82

80

78

76

74

72

Test Accuracy %

Sparsity % (removing least important edges)
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Summary

Q Shapley values are arguably the most used method in
explainable Al

3 GNNShap showed that it is better than other popular
GNN explanation methods such as GNNExplainer

Q Shapley values can be used to sparsify the graph for
faster inference

41



Possible Extensions

Q0 Shapley-based methods for relational GNNs and for
dynamic graphs
Q Better sampling algorithms

Q Faster Shapley computation for other models. SHAP
is notoriously slow.

Q Shapley-style methods for spectral GNN
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