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B (Dynamic) Graphs / Networks are everywhere v.s. temporal graph?
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B However, GNNs are susceptible to adversarial attacks
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B Small perturbations of the graph structure and node features lead to misclassification of the
target [1].
B Dynamic GNNs are more sensitive to random noise and targeted adversarial attacks!

B Question: What is a good representation for graphs?
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The Information Bottleneck (IB)

Task-relevant
Task-relevant but redundant

B Good graph representation: in the perspective of the Information Bottleneck
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B Good graph representation: in the perspective of the Information Bottleneck
B The Information Bottleneck (IB) method is a technique in information theory, designed for

finding the best tradeoff between accuracy and compression [1].

B (a) Vanilla IB.
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B Good graph representation: in the perspective of the Information Bottleneck

B The Information Bottleneck (IB) method is a technique in information theory, designed for
finding the best tradeoff between accuracy and compression [1].
B (b) Non-structure-involved GIB (Graph IB).
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B Good graph representation: in the perspective of the Information Bottleneck

B The Information Bottleneck (IB) method is a technique in information theory, designed for
finding the best tradeoff between accuracy and compression [1].
B (c) Structure-involved GIB (Graph IB) [2].
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B Good graph representation: in the perspective of the Information Bottleneck

optimal (Minimal & Sufficient) overfitting (Redundant) (irrelevant)

(a) Vanilla IB. (b) Non-struct.-invol. GIB. (c) Struct.-invol. GIB.

B The high sensitivity of the model to adversarial attacks is because the information that is
irrelevant to the target is encoded in the representation [1].

B Past works: A good graph representation contains the minimal and sufficient information to
achieve good prediction!

B Question Further: What is a good representation for dynamic graphs?

Dynamic Graph Information Bottleneck (DGIB), accepted by the Web Conference 2024 (WWW' 24) in Singapore. 8
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B Good dynamic graph representation: “minimal and sufficient” is inadequate
B Case study: directly adapt GIB [1] to dynamic graph representation learning for link prediction

train val test —=

—O— GIB (adapted)
—v¢— DGIB-Cat

Average Test (88.39%)
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B A noteworthy finding: the prediction performance for the next time-step graph during training
significantly surpasses that for the target graph during validating and testing.

B We argue: A good representation for dynamic graphs should be
Minimal, Sufficient, and Consensual (MSC Condition), but How?
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B Major Challenges

B How to understand what constitutes the optimal representation that is both
discriminative and robust for downstream task prediction under the dynamic
scenario?

B How to appropriately compress the input dynamic graph features by optimizing
the information flow across graph snapshots with structures straightforwardly
involved?

B How to optimize the intractable IB objectives, which are incalculable on the
non-Euclidean dynamic graphs?
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B Minimal-Sufficient-Consensual (MSC) Condition

B Assumption 1 (Minimal-Sufficient-Consensual (MSC) Condition)
Given DG = {gf}thl, the optimal representation Z*! for the robust future link prediction should
satisfy the Minimal-Sufficient-Consensual (MSC) Condition, such that:

7L arg min IESCE )20,
S(D):I(S(D):YT+)=[(D:;YT+)

where D is the training data containing previous graphs G*T and node feature X’*! at the next
time-step, and S(-) is the partitions of O , which is implemented by a stochastic encoder
P(ZT+1 |D,C(6)) where C(0) satisfies the Consensual Constraint.

B Assumption 1 declares the optimal representation ZZ+! for the robust future link prediction task
of dynamic graphs should be minimal, sufficient and consensual (MSC).
B How to understand “Consensual’? ==> The “baton” for compression process.

Dynamic Graph Information Bottleneck (DGIB), accepted by the Web Conference 2024 (WWW' 24) in Singapore. 11



T“EWEB” C gl JEE frr i £k ML o : :
- N J .Tvﬁm‘z-ﬁmki? -
T ‘ A on ey 3 el Motivation Methodology Experiments Conclusion

B Dynamic Graph Information Bottleneck (DGIB) Principle

B Definition 1 (Dynamic Graph Information Bottleneck)

Given DG = {G'}L_,, and the nodes feature X' *! at the
next time-step, the Dynamic Graph Information Bottle-
neck (DGIB) is to learn the optimal representation Z7+!

that satisfies MSC Condition by:

Z W g min DGIB(D, YT+, Z21*1)
P(ZT+|DJC(0))eQ

optimal (MSC Condition) overfitting (Redundant)

A [—I(YT+1;ZT+1) +,BI(@;ZT+1)].

B How to implement and optimize the DGIB objective? Decompose it into DGIB,,s and DGIB,.
B DGIB,s channel: optimize ZT+! underP(Z*! | D, 6)
B DGIB. channel: encourages Z'T and ZT*! share consensual predictive pattern
for predicting Y7+! under P(z*! | Z"T,C(0))

Dynamic Graph Information Bottleneck (DGIB), accepted by the Web Conference 2024 (WWW' 24) in Singapore. 12
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B Dynamic Graph Information Bottleneck (DGIB) Framework

link prediction
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B The DGIB framework iteratively compresses structures and node features between graphs.
B The overall Lpgip is decomposed to DGIB,,s and DGIB. channels, which act jointly to satisfy

the MSC Condition.
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B DGIB Principle Derivation and Implementation
® For DGIB,s:

B Assumption 2 (Spatio-Temporal Local Dependence)

Given DG = {gt}le, let Ns7(0, k, t) be the spatio-temporal k-hop neighbors of any node v € V.

The rest of the DG will be independent of node v and its spatio-temporal k-hop neighbors, i.e.:

P (X4 | Gextoiery G ) =P (X6 | Ghonton)

where gxsﬁv,k,t)denotes Nst(v, k, t)-related subgraphs, and Q%UT} denotes complement graphs

in terms of node v and associated edges.

B Assumption 2 is applied to constrain the search space Q as P(Z1*! | D, ), which leads to a
more feasible DGIB,s.

Dynamic Graph Information Bottleneck (DGIB), accepted by the Web Conference 2024 (WWW' 24) in Singapore. 14
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B DGIB Principle Derivation and Implementation

® For DGIB,s:
Z™l'=arg  min  DGIBys (D, Y ;274
P(ZT+1| D,0)€Q
A | _ I(YT+1;ZT+1) 4 ﬁl I(Z);ZT+1)
Proposition 1 (Lower Bound of I (YT+1 ;ZT+1)). Proposition 2 (Upper Bound of I (D;ZT+1)). Let Ir; 7 ©
0 (YT“ ZT +) [T + 1] be the random time indices. Based on the Markov property
I(Y™,ZT*Y) 214 Epyras zre |log = &) D 1L 2T | ({A'} e g, U{Z' }re ). for any Q(AT) and Q(Z7):
2
7 T+1 R t t t
/ D I(D; 2T < I(D; {A'}ye 1, U{Z e g,) < ZI&Z( +ZIZ ,
converges to constants — Ep(yr+)p(z7+) Q2 (YIH) =h e
. | P(A* |zt zt1 AY)
where A" =E [log -
Q(A?)
Zt . —1 P(Zt | Zt,Zt—l’At)
=) Og
Q(Z?)
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B DGIB Principle Derivation and Implementation

® For DGIB,s:
ZT+! = arg min DGIBys (D, Y1, 21+
P(Z1T+1|D,0)eQ
S I(YT+1;ZT+1) +ﬁ1 I(Z);ZT+1) <} :
. - |
Proposition 1 (Lower Bound of I (YT+1 ;ZT+1)). Proposition 2 (Upper Bound of I (D;ZT+1)). Let Ir; 7 ©
[T + 1] be the random time indices. Based on the Markov property
1 ) i A & D 1w 2™ | ({A'Yeg, U{Z Y 1eg,), for any Q(A') and Q(Z'):
I(D;ZTH) < I(D; {At}teIA U{Zt}tefz) = Zﬂt+ZZt,
T+1 T+1 7, I
~Lee(g(z) YY) M
e, | P(At | Zt,Zt_l,At)
— where A" = At| 7t 7t- og - >
AL, = Z KL Bern(gbz’k)H Bern(|Nst (0, k, t)|_1)]< G225 Q(At)
veV? ) :
r 2
AL = 3 Ke|cat(g!, )| Cat(INsr 0.k 017 v I llog ®(Z3; pp, 0p) — log ®(Z; pg, 05)
veV? ) veYt s
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B DGIB Principle Derivation and Implementation

B For DGIB.:
Z'H =g min DGIBc (21T, YT+, z1#1)
P(ZTH|Z:T C(0))eQ
A [_ I(YT+1;ZT+1) 4 ,52 I(ZI:T;ZTH) ] .

Proposition 1 (Lower Bound of I(YT+1;ZT*1)), Proposition 3 (Upper Bound of I(Z'T;ZT+1)),
T+1 T+1 T+1 ) 4 &
T+1, »T+1 Q (Y | Z ) 17 Tkl P(Z | Z )

I(Y , 4 ) >1+ EP(YT+1,ZT+1) log Q2 (YT+1) I(Z ;Z ) < E lOg Q(ZT+1)

\/ Ql (YT+1 | ZT+1)
converges to constants — Ep(yr+)p(z7+) Qa2 (YTH)
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B DGIB Principle Derivation and Implementation

B For DGIB.:

Z'H =g min DGIBc (21T, YT+, z1#1)

PZF=Z+E (0] EQ
A | I(YT+1;ZT+1) +,52 I(ZI:T;ZTH) %
A
Proposition 1 (Lower Bound of I(YT+1;ZT*1)), Proposition 3 (Upper Bound of I(Z'T;ZT+1)),

I(YT+1;ZT+1) > I(leT;ZTH) &

_ T+1) yT+1 I log ®(ZI*; py, 62) — log ®(Z1* s ., 62

Lee(9(Z7). YY) F L L Hp. Op) ~ 108 Ho %

vEV +1)7
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B DGIB Principle Derivation and Implementation

® For DGIB,s:
T+1 _ . T+1, 5T+1
7T+1 _ argp(zﬂ{?gl,e)es} DGIBys (D, Y75 Z7) Minimal
&
A [_ I(YT“;ZTH) + B I(Z);ZT+1) ] . Sufficient
® For DGIB¢:
ZT+1 oy arg min DGIBC (ZI:T, YT+1;ZT+1)
P(ZT+1|Zl‘T,C(9))€Q
Consensual
é [_ I(YT+1;ZT+1) +ﬁ2 I(zl:T;ZT+1) ] .

Dynamic Graph Information Bottleneck (DGIB), accepted by the Web Conference 2024 (WWW' 24) in Singapore. 19
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B DGIB Overall Training Pipeline

Algorithm 1: Overall training pipeline of DGIB framework.

Input: Dynamic graph DG = {G" }tT 1> Node features
XET+1: Labels YT of link occurrence; Number of
layers L; Relative time encoding function RTE(-);
Non-linear rectifier 7; Activation function o;
Hyperparameters k, «, 1 and 2.

Output: The optimized robust model f* = w o g; Predicted

label YT+ of link occurrence at time T + 1.
1 Initialize weights W and learnable parameters 6 randomly;
2 ZVT*L(0)  RTE (X! T*1), attentions w < GAT(ZFT+L(0));
s Construct Ns7(v, k, 1) — {u € V=1 | d(u,0) = k};
s forl=1,2,---,Land v € VIT+l do
5 for t in range [T + 1] do

6 710-1)  ¢(ztU-D)w D),
7 ¢t(l) o{(Z Nz )y W' bueNsr (0.k )5
8 At(l) — Upyept{ueNsT (v, k, t)|u~ Bern(gbt(l))}
5 or Upee {u€ Ns1 (0, k, t)|u~ Cat(gbt(l))},
10 ZHD 3 oyehr® (25D s

11 end

5 yT+1 — g(ZT“(L));

13 | DGIBys « Eq. (8), DGIB¢ « Eq. (13);

14 Calculate the overall loss, as Lpgis < Eq. (21);

15 Update 6 by minimizing Lpgs and back-propagation.
16 end

Dynamic Graph Information Bottleneck (DGIB), accepted by the Web Conference 2024 (WWW' 24) in Singapore.
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B Dynamic Graph Datasets

# Link  Length Temporal

Dataset # Node # Link e (Split) G

COLLAB 23,035 151,790 5 16 (10/1/5) year
Yelp 13,095 085375 5 24 (15/1/8) month
ACT 20,408 202,339 5 30 (20/2/8) day

H Baselines
B Static GNNs: GAE, VGAE, GAT

B Dynamic GNNs: GCRN, EvolveGCN, DySAT
B Robust (D)GNNs and Regularizer: IRM, V-REx, GroupDRO, RGCN, DIDA, GIB

B Adversarial Attack Settings

B Non-targeted: for structures, randomly remove links; for node features, add random noise

B Targeted: apply NETTACK library to perform both evasion attack and poisoning attack
B evasion: train on clean datasets and perform attacking on each graph snapshot in testing.
B poisoning: attack the whole dataset before model training and testing.

Dynamic Graph Information Bottleneck (DGIB), accepted by the Web Conference 2024 (WWW' 24) in Singapore. 21
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B Against Non-targeted Adversarial Attacks

Table 1: AUC score (% + standard deviation) of future link prediction task on real-world datasets against non-targeted adversarial
attacks. The best results are shown in bold type and the runner-ups are underlined.

Dataset | COLLAB | Yelp | ACT

‘ Structure Feature Attack ‘ Structure Feature Attack ’ Structure Feature Attack
Model Clean

| Attack 21 =05 A1=10 A=15| Attack 1 =05 A1=10 A=15 ] Attack  2=05 A=10 A=15

GAE [20] 77.15+0.5 74.04z0.8 50.59:0.8 44.66+0.8 43.12:0.8 | 70.67+1.1 64.45+50 51.05:0.6 45.41:0.6 41.56x0.9 | 72.31x05 60.27+04 56.56205 52.52+0.6 50.36+0.9
VGAE [20] 86.47+0.0 74.95:1.2 56.75+0.6 50.39:0.7 48.68:0.7 | 76.54+0.5 65.33+1.4 55.53:0.7 49.88:0.8 45.08+0.6 | 79.18+0.5 66.29+1.3 60.67+0.7 57.39+0.8 55.27+1.0
GAT [44] 88.26+0.4 77.29:18 58.13x0.9 51.41:09 49.77:09| 77.9320.1 69.35+1.6 56.72:03 52.51:05 46.21x05 | 85.07:03 77.55+1.2 66.05:04 61.85+03 59.05:0.3

GCRN [35] 82.78+0.5 69.72:05 54.07:+0.9 47.78+08 46.18:0.9| 68.59:1.0 54.68:7.6 52.68:0.6 46.85:06 40.45:0.6 | 76.28:05 64.35:1.2 59.48:0.7 54.16+0.6 53.88+0.7
EvolveGCN [30]| 86.62+1.0 76.15:0.9 56.82+1.2 50.33+1.0 48.55:1.0 | 78.2120.0 53.82+20 57.91:05 51.82:03 45.32+1.0 | 74.55203 63.17+1.0 61.02:05 53.34:05 51.62+0.7
DySAT [33] 88.77+0.2 76.59:0.2 58.28+0.3 51.52+0.3 49.32:0.5 | 78.87+0.6 66.09+1.4 58.46+0.4 52.33:0.7 46.24+0.7 | 78.52+04 66.55+1.2 61.94:0.8 56.98+0.8 54.14+0.7

IRM [2] 87.96+0.9 75.42:0.9 60.51+1.3 53.89+1.1 52.17:0.9 [66.49+10.8 56.02+16.0 50.96+3.3 48.58+5.2 45.32+33 | 80.02+0.6 69.19+1.4 62.84+0.1 57.28+02 56.04+0.2
V-REx [20] 88.31+03 76.24:0.8 61.23+1.5 54.51x1.0 52.24:1.1|79.04z0.2 66.41+1.9 61.49+05 53.72x1.0 51.32+0.9 | 83.11203 70.15+1.1 65.59:0.1 60.03+03 58.79+0.2
GroupDRO [32] | 88.76+0.1 76.33:03 61.10:1.3 54.62+1.0 52.33:0.8 | 79.38:04 66.97+0.6 61.78+0.8 55.37:09 52.18:07 | 85.19:05 74.35:16 66.05:0.5 61.85:0.4 59.05+0.3
RGCN [58] 88.21+0.1 78.66:0.7 61.29+05 54.29:0.6 52.99:0.6 | 77.28:0.3 74.29+04 59.72+03 52.88:03 50.40:0.2 | 87.22:0.2 82.66x0.4 68.51x0.2 62.67+02 61.31:0.2
DIDA [56] 91.97+0.0 80.87:0.4 61.32+0.8 55.77+0.9 54.91:0.9 | 78.22+0.4 75.92209 60.83+0.6 54.11x0.6 50.21:0.6 | 89.84+0.8 78.64+1.0 70.97:202 64.49:04 62.57:0.2
GIB [46] 91.36+0.2 80.89:0.1 61.88+0.8 55.15+0.8 54.65:0.9 | 77.52:0.4 75.03+0.3 61.9420.9 56.15203 52.21+08 | 92.33203 86.99+03 72.16:05 66.72+02 64.96+0.5

DGIB-Bern |[92.17:02 83.58:0.1 63.54+0.9 56.92+1.0 56.24+1.0| 76.88:0.2 75.61+0.0 63.91+0.9 59.28+0.9 54.77+1.0| 94.49+02 87.75+0.1 73.05:0.9 68.49+0.9 66.27+0.9
DGIB-Cat |92.68+0.1 84.16+0.1 63.99:0.5 57.76+0.8 55.63+1.0|79.53+0.2 77.72+0.1 61.42+09 55.12+0.7 51.90+0.9 [94.89:0.2 88.27+0.2 73.92+0.8 68.88+0.9 65.99+0.7

Dynamic Graph Information Bottleneck (DGIB), accepted by the Web Conference 2024 (WWW' 24) in Singapore. 22
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B Against Targeted Adversarial Attacks

Table 2: AUC score (% * standard deviation) of future link prediction task on real-world datasets against targeted adversarial
attacks. The best results are shown in bold type and the runner-ups are underlined.

Evasion Attack Poisoning Attack

Dataset Model Clean n=1 n=2 n=3 n=4 Avg. Decrease n=1 n=2 n=3 n=4 Avg. Decrease
VGAE [20] | 86.47+0.0 | 73.39+01  62.18+01  51.72:01  46.97+0.1 132.27 63.42:03  52.63:03  50.98:04  45.64:03 13851
GAT [44] 88.26+0.4 76.21+0.1 66.56+0.1 57.92+0.1 50.96+0.1 128.71 66.59+0.5 55.31+0.6 51.34x07  48.99:0.9 137.05
DySAT [33] | 88.77+02 | 77.91:01  68.22:01  58.82:0.1  51.39:0.1 127.80 69.02:03  57.62:03  52.76:03  50.07:0.8 135.37
COLLAB | RGCN [58] | 88.21:01 | 77.65:01  67.11:x01  59.06:0.1  52.02:0.1 127.49 69.48:02  58.39:03  52.48:06  50.62:0.9 134,53
GIB [46] 91.36+02 | 78.95:0.0  69.63:0.1  60.98+00  54.48+0.2 127.74 71.47:03  61.03z04  54.97:07  52.09:1.0 134.44
DGIB-Bern | 92.17:02 | 81.36:0.0 72.79+0.0 63.25:0.1 57.22:0.1 1 25.51 74.06:0.3 61.93:02 56.57:02 52.62:03 1 33.49
DGIB-Cat | 92.68:0.1 | 81.29:00  71.32:01  62.03t01  55.08z0.1 127.24 72.55z02  60.99:03  55.62:04  53.08:0.3 1 34.65
VGAE [20] 76.54+0.5 65.86+0.1 54.82+0.2  48.08x0.1 46.25+0.1 129.77 62.73x06  52.61:04  47.72:04  45.43:05 131.90
GAT [44] 77.93+01 | 67.96+0.1  59.47+01  50.27+01 = 48.62:0.1 127.39 65.34+05  54.51:x02  50.24:04  48.96:04 129.72
DySAT [33] | 78.87z06 | 69.77:0.1  60.66:0.1  52.16x0.1  50.15:0.1 1 26.22 66.87+0.6  56.31:03  50.44:06  50.49:05 1 28.96
Yelp RGCN [58] 77.28+0.3 68.54+0.1 60.69+0.1 51.51+0.1 49.72+0.1 12544 65.5520.4 55.47+03 49.08+0.6 49.09=0.6 129.09
GIB [46] 77.52+0.4 | 68.59+0.1 61.22+0.1 51.26+0.1 49.58+0.1 1 25.61 65.59+03  56.79:03  50.92:04  49.55:04 12813
DGIB-Bern | 76.88:02 | 72.27:0.1 60.96x0.0 54.32:0.1 51.73:0.1 12219 68.64:0.2 56.73:02 53.18:03  50.21:02 1 25.61
DGIB-Cat | 79.53:0.2 | 70.17:00 62.25:0.1 52.69+0.1 50.87+0.1 1 25.82 67.38203 57.02:0.2 51.39:02  50.53:0.2 1 28.85
VGAE [20] 79.18+0.5 67.59+0.1 62.98+0.1 54.33+0.1 52.26+0.0 1 25.11 62.55+1.6 55.15+1.7 51.02+1.8 50.11+1.9 130.90
GAT [44] 85.07+0.3 75.14+0.1 67.25+0.1 59.75+0.1 58.51+0.1 1 23.40 71.26:09  61.43+1.1 57.35+1.1 58.53+1.0 12695
DySAT [33] 78.52+0.4 70.64x0.1 63.35+0.0 56.36+0.0 55.12+0.1 12184 66.2120.9 56.28+0.9 53.45+1.1 54.43+1.0 1 26.65
ACT RGCN [58] | 87.22:02 | 78.64+01  70.11x01  62.99:01  61.31:0.1 12173 73.71:08  63.43:09  59.97:13  60.41:08 1 26.18
GIB [46] 92.33:03 | 85.61:0.1  74.08:0.1  65.44:01  64.04:0.1 1 21.70 80.01x07  67.04z08  63.85z06  60.95:0.7 12639
DGIB-Bern | 94.49:+02 | 89.83:0.1 85.81:x0.1 79.95:0.1 78.01:0.1 11173 80.92:0.3 70.76:0.4 65.27:0.6 61.93209 1 26.21
DGIB-Cat | 94.89:02 | 84.98:01  76.78:01  67.69:0.1  66.68:0.1 121.98 80.16:04  68.71:05  64.38:06 65.43:0.9 12657
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B Ablation Study

B DGIB (w/o Cons): remove the Consensual channel DGIB. in the overall training objective, and

optimizing only with the Minimal and Sufficient channel DGIB,s.
B DGIB (w/o A ): remove the structure sampling term (A) in the upper bound of I(D;ZT+!).
B DGIB (w/o Z): remove the feature sampling term (ZZ) in the upper bound of I(Z);ZT+1).
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ﬁﬁﬁﬁﬁ —~ W r— g 0004
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é, E:a::: O '%ﬁwwwa: ( ) / :ﬁ#ﬁﬁ: N\ ( )
S S Yien S 80 Yo
2 70 /3 < 697 %}}}:{ N 622, < %i{{{ 74.0 75 1
/ -”ﬁﬂﬁ": f W . .ﬁﬁﬁﬁ / -
gtk 60 %IJ’JJ NN 7 29.3 /:&? / ferrns 70.8
:::::: R hran 571 70 1 Hrrers) G Padatal
otatel 61.2 s e 56.5 e erer b ren] 67.2
""""" 606 R R R oot e 66 9
60 E"i’:‘:’:‘ \ 912 55 1 / SAAtaLIN | / etatate N 7 24.2 % g’:& / r’wwwgﬁg % Aatatals |
1o e i %o = i = /q::ﬁ
B 50 555 W s 60 7555 Y ==
50 Cloan S POiSOI;iI"Ig Clean Evasion Poisoning Clean Evasion Poisoning
Figure B.1: Results of ablation study on Yelp. Figure B.2: Results of ablation study on ACT.

Figure 4: Ablation study results.
(COLLAB)
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B Information Plane Analysis

B Information Plane: observe the evolution of the IB compression process, including the changes

in the mutual information between input, latent representations, and output during training.
B Given the Markov Chain < X — Y — Z >, the latent representation is uniquely mapped to a
point in the Information Plane with coordinates (I1(X;Z),1(Y,Z)).

Z™ = arg min DGIB(D, Y *1;zT*1)|  Compressign Phase
P(ZT+|D,C(6))e e
£ 10,01
A [—I(YT+1;ZT+1) +ﬁI(Z);ZT+1)] ; =
w75
* 50
10 =
1.0} 95 st ERM Phase
0.8 6
~ 0.6 0 0 2 4 6 8 10
) S 1(D;Z™) (bits)
~ 0.4 o
Ll
0.2 50 100 150 200
o - Epochs
5 3( XZT) 2SS 6 16T) S e 5}( X;7T) 2 T Figure 5: Information Plane analysis.
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B Hyperparameter Analysis

B We analyze the sensitivity of hyperparameters «, f; and f».

B \We analyze the impact of the compression parameters 1 and 2 on the trade-off between the
performance of prediction and robustness.

B We conduct experiments based on DGIB-Bern with different ratios of MSE term and compression
term (1/f1,1/f2) on the clean, evasion attacked (n = 2) and poisoning attacked (n = 2) COLLAB.
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Figure B.3: Sensitivity analysis of « on COLLAB. Figure B.4: Sensitivity analysis of f1, /2 on COLLAB. Ratio of 1/p1,1/p2

Figure 6: Performance trade-off analysis.
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B Paper Highlights

B We propose the novel DGIB framework for robust dynamic graph representation
learning. To the best of our knowledge, this is the first exploration to extend IB
on dynamic graphs with structures directly involved in the IB optimization.

B We investigate a new insight and propose the Minimal-Sufficient-Consensual
(MSC) Condition, which can be satisfied by the cooperation of both DGIB,,5 and
DGIB channels to refine the spatio-temporal information flow for feature
compression. We further introduce their variational bounds for optimization.

B Extensive experiments on both real-world and synthetic dynamic graph datasets
demonstrate the superior robustness of our DGIB against targeted and non-
targeted adversarial attacks compared with state-of-the-art baselines.
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B Future Works

B Extend DGIB to more downstream graph tasks, such as node classification,
graph classification, efc.

B Adapt DGIB to continuous dynamic graph scenarios for wider applications, such
as in-time traffic prediction, anomaly detections, efc.

M |nvestigate the possibility of combining DGIB with up-to-date GNN backbones
and architectures, such as graph Transformers, efc.

B Explore more efficiently-estimated IB variational bounds to decrease complexity.

B Construct a uniform framework to handle both static and dynamic graph robust
representation learning.
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