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Note: (a) All questions are compulsory.
(b) ) Use of calculator is not allowed

Q.No Question £ 1 C

3

e

<5
LN
P

Q1 Consider a graph G = (V, 4, X), where 4 is the adjacency matrix a‘;ﬁjf .

X € RIVI*™ is the node feature matrix. Define permutation iﬁ.yaﬁaﬁme"
and permutatic equivariance for a graph function f. Prove tha’h,y__éf
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represents permutation invariance, and CO-3 5

Pf(A,X) = f(PAPT:E
represents permutation equivariancg,’%gﬁéitg 1%1§a permutation
matrix. Explain why Graph Neural@}_%@@g;?g‘satisfy these properties.

Q2 For a Graph Convolutional N@W%rk%GGN), the neighborhood
aggregation update rule is glvé;‘tl?y {

O, I V
hff““) ey (Wk z.‘uEN(v),::_;T_’i\_zt{ly;ﬁl-\-,‘+ By h,(,k)) where hf,ﬂ) = x,. Derive the
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matrix form g, % CO- 5
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& GHPD = o(AHOW, + HOB,)
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With A% ?B“"ug ahd explain the role of matrices 4, D, W;, and By.

A

Q3 C_@rfgia'&g_gﬁi&“following graph of friendship request
":}"» % f"-i.n

DE
NO Features CO-
A Vegetarian 3,4

8 Non-Vegetarian
C Both

Classify the features of each friend after establing the friendship
network using Graph Convolutional Neural Network (GCNN)
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For a Graph Attention Network (GAT), the attention coefficients are
computed as

e a(WOH )
and normalized using the softmax function:

___ exp(ey)
ZREN(V) exp (eyx)

Cou

The node embedding update rule is hff) =g ()]ue Nw) G WD hff _1))
Derive the above equations and explain the significance of learned
attention weights a,,,, in comparison with the fixed averaging used iff

g
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Q5

Consider a K -layer Graph Neural Network where the node er‘i’ib,pgdiﬁg
W(;)h(l-i) % P *,
—_— Wit o F
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Explain the concept of receptive field in GNNs d pro jethat a K-
layer GNN aggregates information from the lfgllo yifeighborhood.
Discuss the over-smoothing problem and %Qlamgﬁw skip
connections modify the update equatiom;'o“';%;;;e«%_ "
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after layer [ is given by h,(,l) =g (Zuew(v)
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Q6

N e&ée;"rzues Loss = YN, ClE (¥, 9®). Explain the significance of
"\S\éﬁm&ax activation in multi-class node classification.

S,
For a node classiij;%at'ioﬁ’f{a%@k-fn a Graph Neural Network (GNN),
suppose the ngdé‘ erpheddings after L layers are {hf;") ER%, Yy E G}
2

-:k".;’k‘. :5,3 -' "
The predigtionhead is defined as 9, = WRE where W) g pxd
’)I.:Qﬁ:-‘.c:} ,
Der&ﬁ ﬁ%t;;sé-entropy loss function for N training nodes

(vt ﬁ-,f{,(i ¥=- Zf,-{=1 yj(i) log (ﬁ,gi))and hence show that the total loss
P e
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;ﬁ)mpare global mean pooling, global max pooling, and global sum

pooling used for graph-level prediction in Graph Neural Networks
(GNNs). Explain why global sum pooling may fail to distinguish
structurally different graphs and discuss how a virtual super-node
improves graph representation learning,
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