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Abstract

In the era of foundation models, Out-of-
Distribution (OOD) problems, i.e., the data
discrepancy between the training environ-
ments and testing environments, hinder Al
generalization. Further, relational data like
graphs disobeying the Independent and Iden-
tically Distributed (IID) condition makes the
problem more challenging, especially much
harder when it is associated with time. Mo-
tivated by this, to realize the robust invari-
ant learning over temporal graphs, we want
to investigate what components in tempo-
ral graphs are most invariant and represen-
tative with respect to labels. With the In-
formation Bottleneck (IB) method, we pro-
pose an error-bounded Invariant Link Selec-
tor that can distinguish invariant components
and variant components during the training
process to make the deep learning model gen-
eralizable for different testing scenarios. Be-
sides deriving a series of rigorous generaliz-
able optimization functions, we also equip
the training with task-specific loss functions,
e.g., temporal link prediction, to make pre-
trained models solve real-world application
tasks like citation recommendation and mer-
chandise recommendation, as demonstrated in
our experiments with state-of-the-art (SOTA)
methods. Our code is available at https:
//github.com/kthrn22/00D-Linker

Proceedings of the 28" International Conference on Artifi-
cial Intelligence and Statistics (AISTATS) 2025, Mai Khao,
Thailand. PMLR: Volume 258. Copyright 2025 by the au-
thor(s).

Jun Wu
Michigan State University
wujun4@msu.edu

Jingrui He
University of Illinois
Urbana-Champaign

jingrui@illinois.edu

1 Introduction

Recently, foundation models have revolutionized the
field of artificial intelligence, demonstrating unprece-
dented performance across a wide range of tasks, such
as natural language processing [48] and computer vi-
sion [3]. However, these efforts face significant insuffi-
ciencies if a discrepancy between the data distributions
of training and testing environments, e.g., hallucina-
tion of Large Language Models (LLMs) [38, 23, 35].
This cause is also referred to as Out-of-Distribution (or
OOD) problem [57, 32, 42|, which mismatch poses a
substantial obstacle to the generalization capabilities
of Al systems, limiting their effectiveness in real-world
applications.

The challenge of OOD generalization becomes even
more complicated when dealing with relational data
structures, particularly graphs. Unlike traditional data
types, graph data inherently violates the Independent
and Identically Distributed (IID) condition [51], a fun-
damental assumption in many machine learning al-
gorithms. This violation originates from the inter-
connected nature of graph data, where each node’s
features and labels are influenced by its neighbors, cre-
ating complex dependencies that are difficult to model
and generalize (67, 36, 60, 8, 50, 55, 65, 66]. Further-
more, the introduction of a temporal dimension to
graph data exponentially increases the complexity of
the problem [7, 56, 6, 21, 46, 22, 20]. Spatial-temporal
graphs, which represent evolving relationships and dy-
namic structures over time, present a unique set of
challenges for machine learning models. The temporal
aspect introduces additional variability and dependen-
cies that must be accounted for, making the task of
identifying invariant and generalizable features even
more challenging.

According to the recent survey [29], it suggests that
the effective graph data required by the graph foun-
dation models is not about the size (e.g., number of
nodes and edges) but the density of different subgraph
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patterns; Also, there is currently no viable graph foun-
dation models for temporal link prediction tasks, i.e.,
whether the link exists or not between two entities
in the graph [4, 61]. Motivated by the above analy-
sis, our research focuses on realizing robust invariant
learning over spatial-temporal graphs. The central
question we aim to address is: What components
in spatial-temporal graphs are most invariant
and representative with respect to labels across
different domains and time periods?

Answering this question and extracting those invari-
ant components for utilization is crucial for developing
models that can generalize effectively to unseen en-
vironments and future timestamps. To this end, we
leverage the Information Bottleneck (IB) method, a
powerful framework for extracting relevant informa-
tion from complex data structures. Building upon the
IB principle, we propose a novel approach: an error-
bounded Invariant Link Selector. This innovative
method is designed to distinguish between invariant
and variant components during the training process,
enabling deep learning models to focus on the most sta-
ble and informative features of temporal graphs. Our
Invariant Link Selector operates by:

e Identifying and prioritizing graph components that
remain consistent across different domains and
time periods.

e Minimizing the influence of variant components
that may lead to overfitting or poor generalization.

e Adaptively adjusting the selection process based on
error bounds, ensuring robustness and reliability.

In developing this approach, we derive a series of rig-
orous generalizable optimization processes. These pro-
cesses form the theoretical foundation of our method,
providing a principled way to balance the trade-off be-
tween compressing input information and preserving
relevant features for the task.

Recognizing the importance of practical applicability,
we augment our method with task-specific loss func-
tions. This integration allows our pre-trained models to
be fine-tuned for real-world applications such as tempo-
ral link prediction. To validate the effectiveness of our
proposed method, we conduct extensive domain-shift
experiments comparing our approach with state-of-the-
art (SOTA) methods. These experiments are designed
to evaluate not only the overall performance of our
model but also its ability to generalize across different
domains and time periods.

2 Preliminary

In this section, we introduce some necessary techniques
and notations for paving the way for the derivation of
our method.

2.1 Information Bottleneck method

The Information Bottleneck (IB) method [47] presents
a principled approach to extract and compress the
representation of relevant information from complex
data structures.

Mathematically, the IB method seeks to find a com-
pressed representation of an input variable that retains
maximal information about a target variable. Formally,
given a joint distribution p(z,y) over the input variable
X and target variable Y, the IB method aims to find a
compressed representation 7', which (1) compresses the
input X as much as possible; and (2) preserves as much
relevant information as possible about the target Y.
Let I(T; X) denote the mutual information between T
and X, and let I(T;Y") denote the mutual information
between T" and Y, the IB objective is to maximize:

Llp(tlx)] = I(T;Y) = BI(T; X) (1)

where 3 is a Lagrange multiplier that controls the
trade-off between compression and preservation of IB.

The optimization problem in Equation 1 leads to a set
of self-consistent equations:

p(tlz) = Kp(t) exp(—BDx L p(y|z)||p(y[t)])
p(t) =3 p@)p(tle), pylt) =S plylep(elt) 2

where K is a scalar normalization and Dy is the
Kullback-Leibler divergence or KL-divergence [13].

2.2 Spatial-Temporal Graphs Modeling

In this paper, a spatial-temporal graph can be repre-
sented by a sequence of temporal edges between two
nodes, e.g., the connection between v and v at times-
tamp t is ef, , =(u, v, t) and t € {1,...,T}.

Also, we consider the spatial-temporal graph is at-
tributed, i.e., nodes and edges have time-evolving fea-
tures, bold vector s!, denotes the node feature of node
u at time ¢, and bold vector e/, , denotes the edge
feature of the edge ¢!, , at time t.

For the clear notation when deriving the theoretical
analysis, we denote all connections that happen at
time ¢t as G%, and we use spatial-temporal graph and
temporal graph interchangeably.
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3 Proposed Method: OOD-Linker

In this section, we first formally define the problem we
target to solve with concrete examples in Section 3.1.
Then, we dive into the proposed Invariant Link Se-
lector with its modeling and detailed optimization
procedures in Section 3.2. Given that selector, in Sec-
tion 3.3, we introduce the capable neural architecture
for OOD-Linker to achieve pre-training and finish the
link prediction in the new domain-shifted setting. The
theoretical analysis of all proposed techniques is placed
in Section 4. Please refer to Appendix A for detailed
proofs of variational bounds.

3.1 Problem Setting

Suppose we can observe the historical behavior of a
temporal graph, how can we know whether a future
link somewhere will appear or not, especially if we are
not able to assume any condition held for the future
environment, e.g., the topological structure changes,
and new features and new labels emerge.

For example, in the paper citation network, after 2006,
"Data Mining" papers emerge, can we use the "Infor-
mation Theory" and "Database" papers interactions
before 2006 to predict the citation among "Data Min-
ing" papers?

Problem 1 (Out-of-Distribution Generalization for
Temporal Link prediction). For a query link (u,v, T+
1), we need to decide whether it will happen or not at
time T + 1, i.e., label Yr41 = 1 means the query link
exists at time T 4+ 1 and 0 vice versa.

Motivated by the above question, we need to solve:
Given the unpredictable domain shift possibili-
ties, can we disentangle the historical temporal
graphs before time 7" and identify the invariant
subgraphs that are directly related to the query
link and wisely use this knowledge to make the
prediction?

3.2 Principle of Invariant Link Selector

Suppose the label of a link is determined by an invari-
ant subgraph (e.g., the cow prediction vs. camel is
determined by the shape of the object, not the color of
the background [1]).

Here, we introduce how the invariant links (i.e., sub-
graph) are selected. In brief, to select the most label-
relevant subgraph to make predictions, our proposed
selector is constrained by the mutual information be-
tween the optimal invariant subgraph and the original
input graph and to remove spurious correlation towards
labels, like the background color green or yellow for
the cow or camel prediction.

Hence, before involving time dimension, we can first
denote the most label-relevant invariant subgraph as
Ginv; then we would want to maximize the mutual
information between I(Gip.,Y) while constraining the
mutual information between the original input graph
G and Gipy, i.e., I(G,Giny) < a. Mathematically, we
formulate our objective as follows:

arg max [(Gipp,Y), st. I(G,Ginw) < (3)

inv =

If we can obtain a good selector function f;,, that ex-
tracts the optimal subgraph, satisfying the constraint
in Eq. 3, then with the introduction of Lagrange multi-
plier 8, we can re-write Eq. 3 as follows:

argmax [(G',Y)-BI(G,G'),s.t. G' = finu(G),G' C G

(4)

Then, we can involve the time. Leveraging the sequen-

tial nature of temporal graphs as we discussed in the
preliminary, we re-formulate the objective as:

T. T. T

arg max I({e}y;Yr41) = BI({e}15{G}) ()

where {e}T = {e!,...,eT},{G}T = {G',...,GT}. For

the notation clarity, e/ means a bunch of selected edges

that appeared at time ¢, omitting the node index in
the subscript.

inv

However, directly optimizing Eq. 5 is intractable [2],
so we introduce approximated variational bounds that
allow us to achieve Eq. 5 with trainable neural architec-
tures (details in Section 3.3). Specifically, optimizing
Eq. 5 is equivalent to:

arg min —I({e}{; Yri) + BI{e}]:{G}) (6)

€1;..,€T

Then, we can achieve Eq. 6 by establishing an upper
bound and minimizing this upper bound with trainable
neural architectures.

Next, we elaborate on how to obtain the upper bound
for each component in Eq. 6 in the following two sub-
sections.

3.2.1 Minimizing —I({e}?; Y7 1)
In Eq. 6, we can have the first term as —I({e}?; Yr41).

Then, it is easy to show that —I({e}?;Y7r;) <
—log(gg, Yri1l{e}¥)) (proof in Appendiz), where
4o, (Yri1|{e}T) is the variational approximation of the
probability p(Yri1[{e}]).

Thus, if we parameterize g4, with a neural architecture,
we could minimizing —log(gs, (Yr+1|{e}T)) by incor-
porating this term into the model’s loss function, and
thus minimizing —I({e}?; Y7 ,1).



Invariant Link Selector for Spatial-Temporal Out-of-Distribution Problem

3.2.2 Minimizing BI({e}?;{G}T)

In Eq. 6, we can have the second term as
BI({e}:{G})-
Also, we can show that ABI({e}T;{G}T) <

B3 11 Dicr(po, (e Gr, {e}llag, (el {e}i ™)) (proof
in Appendiz), where Dk, denotes the KL-divergence.

Again, we parameterize the variational approxima-
tion of p(es|Gy, {e}t™") and the prior p(es| E*~1) with
Dess dos, Tespectively. In this way, we can integrate
the upper bound into the model’s loss function and
minimize it, thus minimizing BI({e}7; {G}T).

3.3 Selection Process and Trainable Neural
Architectures

Here, we introduce how to realize the invariant link
selection (or invariant subgraph construction) through
a learnable manner, such that OOD-Linker can achieve
generalizable and adaptive invariant learning and serve
for effective specific tasks like temporal link prediction.

3.3.1 Query Link and its Computational
Subgraph

To extract the invariant subgraph for a query link, we
first need to define the scope for the selection. Thus,
we define a computational subgraph G, , for a query
link (u,v,T + 1) as follows.

The computational graph éu,v should be close and
thus is supposed to be the L-hop neighborhood graph
contains links that lie within L-hop from edge (u,v) at
any time before the query time, i.e., any link within L-
hop of edge (u,v,t) in the time window, ¢ € {1,...,T}.
However, pre-defining a L for all nodes across time
and structure is not feasible or adaptive for the OOD
setting. Therefore, we propose to adaptively learn this
computational graph.

Thus, we specify the neural architecture (i.e., param-
eterization) for pg,,pg,, and gs,. We first introduce
Do dgs for the invariant generalization and then pg,
for the task-specific label prediction, i.e., temporal link
prediction task.

3.3.2 Parameterize py,, q¢,

Firstly, we model py, as the process of choosing a link
at a certain time ¢ as an invariant link.

Formally, for a certain timestamp ¢, constructing the
invariant subgraph at time ¢ can be modeled as the
iterative process of modeling p(e¢|Gt, {e}}™1), i.e., the
probability of choosing an edge as an invariant link,
using neural network pg,, given the current interac-

tions in computational graph Gt and previous invariant

subgraph {e}{ ™.

In detail, for an arbitrary link (a,b,t) € éuﬂ,, Do, first
maps the link to a latent representation, and then
outputs the probability that (a,b,t) is chosen as an
invariant link. We start by obtaining the node repre-
sentation for nodes a, b, as Eq 11, by firstly aggregating
information from previous invariant links and from
current neighbor links, then further processing this rep-
resentation with MLP transformations to obtain the
probability of choosing link (a, b, t) as an invariant link.
Mathematically, the computational process could be
described as follows.

~, B
hy N, = >
(w,t")eN (a)|t' <t

+ Z [Sthftime(O)Hel(&w’a)], i.e.,

(w,t)EN (a)

P(a,w,t") [va ‘ |ftime (t - t/) | ‘ezw,a)]

Tt _ w(® (1) Tt
hong, = W(agg)’aﬁz (RELU <W(a99)>¢>2h“’N’¢’2)>

(7)

where [.||.] denotes concatenation, fiime is a time en-
coding function to obtain the vector representation of
time ¢ [54], M (a) denotes the neighbors of node a, sf,
denotes the node feature of node w at time ¢, e?wﬂ)
denotes the edge feature of edge (w,a) at time ¢, and
P(a,w,¢) is the probability that (a,w,t’) is chosen as an
invariant link, modeled by pg, .

After deriving the neighborhood aggregated representa-
tion for node @, we can obtain the node representation
for a as:

hZ,N,m = sl + tanh (fliwm + W¢QSZ) (8)

In the same way, we can obtain the node representation
for node b, i.e., hj 5.

Next, we derive the probability that (a,b,t) is chosen
as an invariant link by further applying MLP transfor-
mations on the node representations hf, y and hj y:

ﬁdh ((CL, b7 t)) =
Wf;) RELU <Wff2) RELU <Wf;2> (b y s, 110 N, ¢2}> )
9)

f;g are MLPs.

After obtaining the logits p(+), we apply the Sigmoid
function and, inspired by the Gumbel-Softmax parame-
terization trick, we incorporate the coeflicient to control
how "soft" the probability is. Ideally, we would want
the probability to be "hard", i.e., close to 0 or 1, which

is equivalent to choosing the link or discarding the link,

where W), W) and W
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as later on, we only want our model to aggregate infor-
mation along invariant links. Thus, the probability is
refined as follows.

D¢, ((a,b,t) € invariant subgraph) =

SIGMOID (D, ((a,b,t))/7) (10)

where 7 is the control coefficient, the lower 7 is the
"harder" the probability distribution is.

Secondly, we elaborate how we can model the prior
q(e¢|{e}i_,) by parameterized the distribution with a
neural architecture g4,. Intuitively g(e|{e}i_;) tells
us about the probability of choosing an invariant link
given we know that invariant link at previous times-
tamps. Therefore, similar to the parameterization pg,,
we would derive node representation by neighborhood
aggregation and derive a probability indicating that
whether an edge contributes to the invariant subgraph
or not. We formulate the computational process as
follows.

Playw,t) 80| Frime (t = )],y 0)]

)3

(w,t")eN (a)|t' <t
(1)
). (RELU (W(agg) ¢3ha N %))

hZ,N,d)Q =5 SZ + tanh (HZ,N7¢3 + W¢SSZ>

bl g, =

Tt _ w(®
ho N s = W(agg

(11)

Similar to modeling pyg, through Eq. 9 and Eq. 10, we
obtain the probability with g4, as follows:

]/)\d’?, ((a7 b, t)) =
W RELU <W(2)RELU <W(1)[ha N ||hZ7N,¢2]>)

and
dg,((a,b,t) € invariant subgraph) =
SIGMOID (P, ((a, b, t)/T)
(12)

3.3.3 Parameterize py,

Finally, we specify the neural architecture for the link
predictor, py, (Yr41|{e}%). Intuitively, we develop a
neural architecture that predicts the link occurrence
(u,v,T + 1) based on ALL invariant links in its com-
putational graph.

Thus, we first derive the node representation for node
u as follows:

hg,N,qbl = Z p(a,w,t’)[siqutime(t - t/)‘|e€w,a)]
(w,t")eN (a)|t'<T
+ 0> [l fime(0)]|€fy 0]
(w,t)eEN (a)
—w® (1) Tt
ha N1 — W(agg) b1 (RELU (W(agg),mhavN))

hg n.g, = s, + tanh (EZ,N,m + WmSZ)
(13)

and the link prediction is made by

WIm) " Il (0 "1)
(14)

7 = sigmoid( WP RELU(W

where we also employ the sigmoid function as we are
performing binary classification.

3.4 Optimization of OOD-Linker

As discussed above, we first minimize the information
bottleneck objective by minimizing the component’s
upper bound and then minimize the temporal link
prediction risk. Therefore, we can now introduce the
entire loss function as follows. Given N query links,
we derive the loss function as:

N
1
= 5 > ~log(pe, (Yirsal{e}]))
=1

N T
373 Drcn (i (@G e} e (el (131

i=1 t=1

(15)

where the first item is for temporal link prediction, and
the second item is for invariant learning.

Moreover, we denote Y; 741, GY, {e}! ; as the label, com-
putational graph, and invariant links corresponding to
the i-th query link, respectively.

More comprehensive algorithmic training procedures
are presented in with pseudo-code in Appendix F.

4 Theoretical Analysis

In this section, we establish an upper bound for the
error difference between applying OOD-Linker on a
training distribution p and testing distribution v over
G x Y, where G, ) is the space of computational graphs
and labels (i.e., we can draw the computational graph of
a query link and the label indicating the link occurrence
from pu,v) as follows.
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Theorem 1. Given N query links and their respective
computational graphs, G1,...,Gyn, and an a— Lips-
chitz and o—sub-Gaussian loss function £, then with
probability at least 1 — § > 0, we have

Eu[(f(G),Y)] = E[6(f(G"),Y"]

N
< O(le Z V2021(8(G2), Go) + Dicr(ullv)  (16)
log(1/5))

N

where f is our neural architecture OOD-Linkerwith
#(G;) denoting the invariant subgraph extracted by
OOD-Linker (Proof in Appendiz).

In Eq. 16, the expectations on the left hand side are
taken over all (G,Y") drawn from p and (G',Y”) drawn
from v. Notably, our OOD-Linker seeks to extract
a predictive subgraph, while constraining the mutual
information between the invariant subgraph and the
original computational graph, which is equivalent to
constraining I(¢(G;),G;), and thus constraining the
error difference between two distributions. Detailed
proof for Theorem 1 can be founded in Appendix B.

Moreover, complexity analysis for our OOD-Linker,
and comparison between our and other method’s time
complexity are presented in Appendix. E.

5 Experiments

In this section, we present the performance of OOD-
Linker on the temporal link prediction task under sev-
eral different distribution shift settings, i.e., shifts in
edge attributes and shifts in node attributes; then, we
conduct an ablation study to demonstrate the robust-
ness of the Invariant Link Selector. We provide the
reproducibility details like hyperparameters, and com-
puting resources for OOD-Linker in the Appendix D.4.

5.1 Experimental Settings

Datasets and Baselines. We examine the ability
of OOD-Linker in performing temporal link predic-
tion with 3 classic real-world OOD datasets, COLLAB
[44], ACT [14], and Aminer [45, 43] (data statistics
are presented in Appendix D.1), and compare OOD-
Linker against a range of baselines: (1) Static GNNs,
including GAE [10], VGAE [10], are GCN][11]-based
autoencoders for static graphs; (2) Dynamic GNNs,
including GCRN [41], EvolveGCN [33], DySAT [40];
(3) OOD Generalization methods, including IRM [1],
V-REx [12], GroupDRO [39]; (4) Dynamic Graph OOD
Generalization methods, including DIDA [62], EAGLE
[59], SILD [64], I-DIDA [63].

Table 1: Temporal Link Prediction (ROC) in the Edge
OOD Setting.

Dataset COLLAB ACT
GAE 74.04 £+ 0.75 60.27 + 0.41
VGAE 74.95 + 1.25 66.29 + 1.33
GCRN 69.72 £+ 0.45 64.35 £ 1.24
EvolveGCN 76.15 £+ 0.91 63.17 + 1.05
DySAT 76.59 £+ 0.20 66.55 £ 1.21
IRM 75.42 + 0.87 69.19 + 1.35
V-REx 76.24 + 0.77 70.15 4+ 1.09
GroupDRO 76.33 + 0.29 74.35 + 1.62
DIDA 81.87 £+ 0.40 78.64 + 0.97
EAGLE 84.41 + 0.87 82.70 £ 0.72
OOD-Linker (OURS) 85.30 + 0.31 85.98 + 1.00

Empirical evaluation details. Our experimental
environment strictly follows the standard of SOTA
OOD baselines [62, 59, 64]. We define the out-of-
distribution dataset as follows. Each dataset of COL-
LAB and ACT has edge attributes, so the out-of-
distribution testing environment is obtained by filtering
out one certain link attribute of the original testing
set. Then, the original unfiltered testing set forms
an in-distribution testing environment. Further, for
the originally given input graph, we can obtain the
train/validate/test set by performing chronological
splits (10/1/5 for COLLAB and 20/2/8 for ACT). To
be more specific, the data splits are based on the num-
ber of distinct timestamps of the graph. For example,
10/1/5 for COLLAB indicates that we retrieve the
temporal graph snapshots of the first 10 timestamps,
and the temporal graph snapshot corresponding to the
11—th timestamp is the validation set. Then, we train
and validate the models and select the models with the
best validation score for testing them on both out-of-
distribution and in-distribution testing sets. We elabo-
rate more details on obtaining the out-of-distribution
data and illustrate their distribution shifts in the Ap-
pendix D.2, AppendixD.3.

5.2 Link Prediction with Edge Attribute Shift

In Table 1, we report the average metric score, ROC,
and the standard deviation on the testing out-of-
distribution dataset. We obtain the average and stan-
dard deviation by evaluating OOD-Linker on 5 different
runs. Best OOD testing ROC score is emphasize with
bold, and the second-best is highlighted with underline.
As suggested by Table 1, OOD-Linker achieves the best
performance on the OOD testing set, and especially
for the ACT dataset, OOD-Linker yields substantial
improvements, compared to the second-best baseline,
EAGLE [59]. Additionally, we report the performance
comparison between our OOD-Linkerand other Dy-
namic Graph OOD Generalization methods, including
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Table 2: Temporal Link Prediction (ROC) in the Node OOD Setting.

Dataset COLLAB (p=0.4) COLLAB (p=0.6) COLLAB (p=0.8)
GCRN 70.24 + 1.26 64.01 + 0.19 62.19 + 0.39
IRM 69.40 + 0.09 63.97 + 0.37 62.66 + 0.33
V-REx 70.44 + 1.08 63.99 + 0.21 62.21 + 0.40
GroupDRO 70.30 + 1.23 64.05 + 0.21 62.13 + 0.35
DIDA 85.20 + 0.84 82.89 + 0.23 72.59 + 3.31
EAGLE 88.32 + 0.61 87.29 + 0.71 82.30 + 0.75
SILD 85.95 & 0.18 84.69 &+ 1.18 78.01 & 0.71
I-DIDA 85.27 + 0.06 83.00 & 1.08 7487 + 1.59
OOD-Linker (OURS) 85.58 & 1.54 83.00 + 1.82 79.83 £ 1.69

DIDA [62], EAGLE [59], and SILD [64] for Aminer in
Table 6 in Appendix D.5.

5.3 Link Prediction with Node Attribute Shift

To obtain the Node OOD setting, we follow the same
pre-processing as SOTA baselines [62], [59], [64], which
are modifications from COLLAB for exhibiting node
features shift. More details on how to obtain the syn-
thetic data are provided in the Appendix.

We report the average ROC score and the standard
deviation on each synthetic testing dataset in Table 2.
We highlighted the best and second-best results with
bold and underline, respectively. As Table 2 suggests,
our model achieves competitive results under distribu-
tion shifts of node features, as we have the second-best
result on COLLAB (p = 0.8), and have a close gap com-
pared to the second-best results on COLLAB (p = 0.4)
and COLLAB (p = 0.6).

5.4 Ablation Study of Invariant Link Selector

In this section, we provide insights into the generability
of OOD-Linker under distribution shifts by comparing
the link prediction task loss values between (1) OOD-
Linker (i.e., using selected invariant links) and (2) using
all links in the computational graph (i.e., omitting the
invariant links discovery process).

Specifically, we present the trend of the link prediction
task loss of using selected invariant links and using
all links on the training and edge OOD validation
sets of COLLAB and ACT in Figure 1 and Figure 2,
respectively. In the figures, the z-axis represents the
number of training epochs, and the y-axis shows the
epoch-respective link prediction task loss.

As suggested by Figure 1 and Figure 2, the task loss
of both methods on the training set decreases as the
training proceeds, suggesting both models improve on
prediction links in the training dataset. However, from
the plot of task loss on the edge OOD validation set,
we can see the gap, especially a substantial one from

COLLAB, between 2 methods. Notably, OOD-Linker
yields lower task loss on most of the epochs, suggesting
that making predictions with invariant links is more
robust to distribution shifts, while using all links hurts
the performance in the dataset with distribution shift.

6 Related Work

Out-of-Distribution generalization on graphs is a crit-
ical problem in graph machine learning where model
performance degrades due to distribution shifts between
testing and training graph data [18, 9, 24, 49, 68, 53|.
In [62], the authors propose a dynamic graph neu-
ral network called DIDA to handle spatio-temporal
distribution shifts in dynamic graphs. To discover vari-
ant and invariant spatio-temporal patterns in dynamic
graphs, DIDA first uses a disentangled spatio-temporal
attention network to encode variant and invariant pat-
terns. It then proposes a spatio-temporal intervention
mechanism to create multiple intervened distributions
by sampling and reassembling variant patterns across
neighborhoods and timestamps. Finally, an invariance
regularization term is used to minimize the variance of
predictions in the intervened distributions, enabling the
model to focus on invariant patterns with stable predic-
tive abilities to handle distribution shifts. Motivated
by DIDA [62], I-DIDA [63] is proposed. Additionally,
I-DIDA further promotes the invariance property by
inferring latent spatio-temporal environments and min-
imizing prediction variance among them.

Very recently, some new efforts have been shown to ad-
dress the out-of-distribution problems in the dynamic
graph deep learning community. A method called Spec-
tral Invariant Learning for Dynamic Graphs under
Distribution Shifts (SILD) [64] is proposed from the
spectral domain. SILD addresses two key challenges:
capturing different graph patterns driven by various
frequency components in the spectral domain, and
handling distribution shifts with the discovered spec-
tral patterns. Environment-Aware Dynamic Graph
Learning (EAGLE) [59] framework is also designed for
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Figure 1: Comparison of link prediction task loss on the training and edge OOD settings of ACT.
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Figure 2: Comparison of link prediction task loss

out-of-distribution generalization on dynamic graphs.
EAGLE addresses how to model and infer the com-
plex environments on dynamic graphs with distribution
shifts, and how to discover invariant patterns given in-
ferred spatio-temporal environments. EAGLE contains
an environment-aware graph neural network to model
environments by multi-channel environments disentan-
gling. Then EAGLE uses an environment instantiation
mechanism for environment diversification with inferred
distributions. Finally, EAGLE performs fine-grained
causal interventions node-wisely with a mixture of in-
stantiated environment samples to generalize to diverse
environments. Different from previous methods on Dy-
namic Graphs OOD Generalization, our OOD-Linker
effectively extracts the representations that are robust
to distribution shifts by looking back into the histori-
cal interactions, while other previous methods obtain
invariant representations by causal intervention, which
is prone to be computationally expensive. Moreover,
we also establish a provable error bound, theoretically
justifying OOD-Linker’s robustness under distribution
shifts. To the best of our knowledge, we are the first
effort to establish such a guarantee on Dynamic Graphs

Z‘D 3‘0 40
Epoch

on the training and edge OOD settings of COLLAB.

OOD Generalization. More detailed discussion on In-
variant Learning and Information Bottleneck-based
methods can be found in Appendix C.

7 Conclusion

In this work, we aim to advance the field of temporal
graph learning and contribute to the development of
more robust and generalizable deep learning models
capable of handling the complex, dynamic nature of
real-world relational data, i.e., spatial-temporal graphs.
Hence, we propose the error-bounded Invariant Link
Selector technique based on the Information Bottleneck
method. Moreover, we incorporate the theoretical con-
tribution into a concrete framework OOD-Linker for
dealing with temporal link prediction tasks in domain-
shift settings, evaluated by extensive verification sce-
narios with SOTA baseline algorithms.
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cable. [Yes]

(¢) New assets either in the supplemental material
or as a URL, if applicable. [Not Applicable]

(d) Information about consent from data
providers/curators. [Not Applicable]

(e) Discussion of sensible content if applicable,
e.g., personally identifiable information or of-
fensive content. [Not Applicable]

5. If you used crowdsourcing or conducted research
with human subjects, check if you include:

(a) The full text of instructions given to partici-
pants and screenshots. [Not Applicable]

(b) Descriptions of potential participant risks,
with links to Institutional Review Board (IRB)
approvals if applicable. [Not Applicable]

(¢) The estimated hourly wage paid to partici-
pants and the total amount spent on partici-
pant compensation. [Not Applicable]
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A Proofs for Variational Bounds and Derivation of Loss function
A.1 Minimizing —I({e}7;Yr,1)

For an arbitrary t < T — 1, we have

I({e}1: Yre1) = I(e, {e}1 ' Yria)

_ _ (17)
=I(es; Yoo | {e}71) + I({e} ] Yran)
Thus, we have
I({e}{;Yryr) = I(er,{e}] ' Yri1)
= I(er; Yoo [ {e}] ")+ I({e}{ 5 V)
=I(er;Yry1 | {e}] ") + Ier—1;Yri1 | {e}] %)+ I({e}] % Yri1) (18)

Ier; Yo | {e}] 1) + Ier—1; Yoy | {e}] 2) + -+ I({e}1: Y1)

Moreover, for an arbitrary ¢, we have

) eVi—1) — e, felt—1 o Ples, Yrin | {e}i7)
Hea Yo () = [ [ Plew (o) v tos o Siin Oy

. P(Yrar | e (e} Pler | fe}i)
= [[[ et v Ple | e} )P0V | {eh )

= [[] Peec e v (?{fil' {{}}>)
— [[] Ple ey Yesos (P(YT+1 et {e}§—1>> - [[[ Plentert Yo <P(YT+1 | {e}§—1>>
=[] Plewterit Yrayton (P 1 30) = [0 (PO 1 1e37)) ([ Ptentedi )
= [[ Pt vrton (PO 1 0) = [ PUH i) tog (PO | e1D)

(19)
Thus the right-hand side of Eq. 18 is equivalent to
Ier; Yoo | {e}] ") + Ier—1; Yryr | {e}] 2) + -+ I({e}1: Yry) =
= [[ Pt veayos (P 1 aD) - | / ()} Ve o ( PV
// ({e}, Yrya)log ( P(Yrga | {e}] /P Yri1) 10g< (YT+1)> (20)

( )
=[] Pt vecoton (P | M) ) + 1Y)
> ([ Per Yoy os (PO | D)

where H(.) is the entropy.
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However, since P(Yry1 | {e}¥) is intractable [2], so let gy, (Yr41 | {e}¥) be a variational approximation to
p(Yry1 | {e}T1). We have

Drr(p(Yrs1 [ {e}1) | a5, (Yr [ {e}1)) > 0

T T T T (21)
p({e}s, Yr)log { p(Yrea [ {e}1) ) = [ [ p({e}1, Yr41)log ( qp, (Yrs1 | {e}1)
Therefore, we obtain the variational lower bound for I({e}?;Yr,1) as follows:
I Yran) = [ [T ¥ toe (00 | 10D)
(2)
> [[ et Yroyton (s, (| )
Ths, ~1(e} Vi) < = [ p({eH Vi) 0g (g6 (Vs | {61D)
Moreover, given N query links and their corresponding invariant subgraphs, {e}{l, cey {e}f N> We can approximate

the distribution p({e}¥, Y7r,1) as Zfil %5%,”15{(3}{, where Y; 741 is the ground-truth label of the i— th query
link. Thus ’

[ et veion (46, (e 1 1)) ~ ;élog (40 Wirss | D) (23)

Therefore, given that we parameterize ¢4, with a neural architecture, we can integrate
-+ Zf\il log (q%(Yi’Tﬂ | {e}fﬂ) into the model’s loss function, and thus minimizing this term
leads to minimization of —I({e}¥;Y7r,1), ie., maximization of I({e}¥;Yry1). Moreover, we refer to
-4 Zi\il log ( ¢¢, (Yir41 | {e}],;) ) as the link prediction task loss, and as link prediction is a binary

classification task, we employ Binary Cross Entropy to compute this component.

A.2  Minimizing BI({e}T;{G}T)

For arbitrary ¢, we have

et;Gtv{G}i_l ‘ Ei_l)
e G [ {31 + (e {GHT1 | G' {e}T)
e G' | {e}i™)

e {GH [ {e}i™h) = I(
(
(
{6t G
(
(

I({e} 7 {GH)

{e G ) +I{e T h G {6
{ef s {GH™

I
I
I
I
I
I

As e; is a subset of G*, so e; could be regarded as the result of a noisy function of G*, i.e ¢! = f(G%¢),
with some noise e. So when G? is observed, e’ becomes conditionally independent with other variables, so
I(e; {GY71 | Gt {e}t™") = 0. The same reasoning applies for I({e}:™ ;G | {G}:™) = 0, as we can consider
{e}i™! as the result of a noisy function of {G}¢™'.

Moreover, for an arbitrary ¢, we obtain the upper bound for I(e;; G* | {e}i™!) as follows. Firstly, we have
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tew 6 )17 = [ pten et e es (oS e )
=[] tenct ey o (ReLEAR G LY D) )
- o (R 2251

Let qg,(e: | {e}:™1) be a variational approximation to p(e; | {e}:™1), we have

Drcr(ples | {e}571) Il qgsler | {e}i71) >
@/ (s, {e}i 108‘( (er | {e}i™) ) // (e, {e} ") log <q¢,3(et | {e}i~ )> (26)

Therefore, we derive the upper bound for the left-hand side of Eq. 25 as follows:

[l (S
=[] e (3t o (ster | 6% (el ) = [ [ atern6 (3t o (ke | 34)
= [[[ tewtteriios (ver 1 6113 = [[ ptenteb1on (st | £614)
< [[[ et o (ster | 60 (el ™) = [[ ptenstedi 1o (aenter | 10157)
=[] senc e yios (vter 1 6 (1) = [ atenctted ) on (gt | 100571)
= [ et (B )
Moreover, as we propose to parameterize p(e; | G, {e}i™) with gy, (e; | G, {€}'™1), s0 we have I(er; G* | {e}i™1) <

Drcr(go,(ee | G* {e}1™1) Il qos (ee | {e}17))
Putting everything together, we obtain the upper bound for I({e}?; {G}7) as follows:

g
g

(27)

I{e}H{GH) = Ier: {G}] | {e}1 ) + I({e}{ 5{G})
1(6T7GT [{el ™) + Iy {GH

HersGP | {eH=) 4 1o 07 | {e}=2) 4+ I(ex: 6"

ZDKL Gos(ee | G*{e}T1) 1] gaee | {e3171)

In this way, we can minimize 8I({e}?;{G}T) by minimizing 52;";1 Drcr(qe,(er | GELALeF ™) || g, (er | {e}i7h),
which could be achieved by incorporating this term into the model’s loss function.

A.3 Optimization

Given that we have obtained the variational upper bounds, we can derive the loss function for OOD-Linker’s
optimization process as follows. Suppose we have N query links and their corresponding computational graphs
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Gi,...,Gn and their respective invariant subgraphs {e}{ ;,...{e}] y, then the loss function for our model would
be
L T
£= g 2108 (40, Wi M) + 83 Daculaonens | G LI Il dinfens | (1) (20
i=1 t=1

Therefore, by minimizing £, we achieve the maximization of I({e}?; Y7,1) and minimization of BI({e}T;{G}T).

B Proof for Error Bound

In this section, we present the proof for the error bound stated in Theorem 1 in the main paper.

Proof. We start by decomposing the error difference into 2 terms and present the proof for bounding these terms
as follows.

~[Eer @y - S @) v+ (X @ v - Blr@). ) @0)
) 1 7.;1 ) 1 1N1 i i
< [B @ - S @+ | D@ ) - @)
=1 i=1

N
and ‘jv UG YD) ~ B (G, V) (31)

Firstly, we present how to upper-bound |E,, [(f(@),Y)] — L f\; U(F(Gy), Yl)‘ Overall, we aim to bound this
term by the Sequential Rademacher Complexity [15, 37| of the function class containing functions such as f, and
further bound this term by known variables.

We can rewrite E,L[Z(f(é),Y)] as E, [0(F(GTHY), Yri1)|GY, ... GT] due to the sequential nature of temporal
graphs. With probability at least 1 — ¢, we have
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N

B G V)G 6T - D (G )
i=1

(£(Gi, 7))

> r(6v)|

14i=1

1

<

==
M-

B ‘Eu[f(f(éﬂl),yﬂl)éla G-

Z\H
M=

- \Eu[af(é”l»ym)é% -

.
Il

(32)

IN
Q

<\/11\TT + MRTY o F) + j\% log(1/5))

<O<a(10gT)3iRSTeq( M/log(1/6) +1)
VNT
S(’)(aR(logT)?’ [(logT)3 M\/log (1/0) +1>
T VNT

-o{ =570)

where F is the class containing functions such as f, and M is the upper bound of the loss function, R is the
Lipschitz constant of MLPs transformations in neural architecture model f. The first inequality holds by applying

Corollary 2 from [16], the second inequality holds by as R34 (¢ o F) < O (a(log T)3>§H§fq(}') as proven in [28|,

and the third inequality holds due to R7 I (F) < O( \/ eg T) ) as proven in [28].

Then, we obtain the upper bound for |+ Zil 0(f(Gy),Y:) — B JU(f(G),Y")]| by directly apply results from [25]

as follows:

’ ) ‘ ( Z\/QUQI Gi) + Dicr(ullv )) (33)

Combining the 2 upper bounds, we derive the error bound as:

<oyl Z V2o 1(0(G).Go) + Drslil)) G0

O

Eu[t(f(CG),Y)] - EJ[((f(G"),Y")]

C More detailed discussion on related works

Here, we provide discussion on more related works in Invariant Learning and comparison with methods leveraging
Information Bottleneck (IB) for OOD Generalization on Graphs as follows.

Graph Invariant Learning methods aim to extract invariant graph patterns that could stabilize predictions
under distribution shifts. For example, GIL [19] proposes to identify invariant subgraphs and infer environment
labels for variant subgraphs through joint learning, GSAT [30] learns task-relevant subgraphs by constraining
mutual information with stochasticity using attention weights.

Supported by Causal Inference theory, causal-based methods utilize Structural Causal Model (SCM) [34] to
identify and filter out spurious correlations. For instance, DIR [52] filters out subgraphs that have spurious
correlations with graph labels by leveraging a learnable mask, and then perform intervention with do-calculus to
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enhance model’s ability in recognizing invariant rationales. CIGA [5] firsts identifying the causal subgraph using
informative invariant features (FIIF) or partially informative invariant features (PIIF), and then achieves OOD
generalization by identifying the causal subgraph that maximally preserves the intra-class information across
different training environments.

Rooted in Disentanglement theories, disentangle-based methods aim at separating factors of variations in data,
then proceed with learning representations by distinguishing invariant factors of the graph data. For example,
DisenGCN [26] learns disentangled node representations by clustering neighbors into subspaces corresponding
to distinct latent factors, allowing each channel to extract factor-specific features, and thus enhancing OOD
Generalization. Most recently, OOD-GCL [17], a self-supervised disentangled graph contrastive learning model
that achieves OOD generalization without leveraging graph labels, proposed a tailored invariant self-supervised
learning module to distinguish invariant and variant factors.

Regarding notable IB-based methods, GSAT [30] and DGIB [58], we elaborate on the differences between our
OOD-Linker and aforementioned methods as follows. Although GSAT [30] also extracts invariant subgraphs
to obtain stable predictions under distribution shifts, GSAT [30] does not consider temporal dependencies and
sequential nature of dynamic graphs. Specifically, GSAT [30]’s marginal distribution of the invariant subgraph
is characterized by Bernoulli distribution as follows: the probability of an edge being included in the invariant
subgraph is drawn from the Bernoulli distribution with some parameter r. On the contrary, our OOD-Linker
considers the sequential nature of dynamic graphs, i.e., the occurrence of links at a certain time is affected by
the link occurrences at previous timestamp. From the temporal setting, we reason that the invariant links at a
certain time are also affected by the invariant links at previous timestamps. Therefore, for the minimization of
BI({e}T; {G}T) (Section 3.2.2), the marginal distribution (or prior), g, (.), of obtaining invariant links at time ¢,
et, is a conditional probability, given the observed invariant links at previous timestamps, {e}’;*l. In this way,
the sequential nature of dynamic graphs could be taken into account. Moreover, the probability distribution of
including invariant links, is also conditioned on previous invariant links. In summary, compared to GSAT [30],
designed to operate on static graphs, our IB principle and derivation of variational bounds face additional
challenges posed by dynamic graphs: temporal dependencies and sequential nature of dynamic graphs. The
entanglement of temporal dependencies is also shown in our rigorous proof for obtaining the variational bounds
in Appendix 1 (Supplementary Materials). Moreover, in terms of downstream tasks, GSAT [30] is evaluated on
Graph Classification, while our OOD-Linker is assessed on Temporal Link Prediction.

DGIB, a work for dynamic graphs, but different from GSAT [30] and our OOD-Linker, which is not targeting
the invariant subgraphs. Specifically, DGIB [58] maximizes the mutual information (MI) between the learned
representation at the current timestamp 7'+ 1 with the queried link label (i.e., 1 for existing link occurrence, and 0
otherwise) (the first term of Eq. 6 in DGIB [58] paper) and constrains the MI between the learned representation
at the current timestamp T + 1 with the (the second term of Eq. 6 in DGIB [58] paper) raw historical data
occurred before T. However, our OOD-Linker maximizes the MI between invariant links at all timestamps in
the queried link’s computational subgraph and its label (first term in Eq. 5), while constrains the MI between
these invariant links and the raw historical data (second term in Eq. 5). In summary, DGIB [58] seeks to utilize
IB principle to obtain the learned representation at a single timestamp, while OOD-Linker aims to extract
invariant links occurring at multiple timestamps of the query link’s computational subgraph and entangles the
temporal dependencies between invarian links occurring at different timestamps. Also, in terms of empirical
evaluation, DGIB [58]’s robustness is designed for the adversarial attacks (e.g., structure perturbation and feature
perturbation), while our OOD-Linker evaluates the model’s robustness under distribution shifts (e.g., new unseen
domain in the training process like the Data Mining papers’ citation pattern and features for the training set
consisting of Medical Informatics, Theory, and Visualization papers).

D Experimental Details

D.1 Dataset details

In this section, we report the dataset statistics and illustrate the distribution shifts in 2 real-world datasets used
in our empirical evaluation: COLLAB [44] and ACT [14]. Specifically, we report the dataset statistics in Table 3.
In Table 3, # Nodes, # Links, # Unique Timestamps, denote the number of nodes, number of edges, and number
of unique timestamps of the dataset temporal graph. The dataset that yields the most challenging setting is
COLLAB, which has the longest time span but has the coarsest temporal granularity, and more substantial
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Table 3: Datasets Statistics
Dataset  # Nodes # Links # Unique Timestamps Granularity
COLLAB 23,035 151,790 16 year
ACT 20,408 202,339 30 day

Table 4: Datasets Statistics for in-distribution and out-of-distribution datasets

Dataset # Nodes # Links # Unique Timestamps Granularity
COLLAB (in-distribution) 19,806 136,996 16 year
COLLAB (out-of-distribution) 3,235 14,792 16 year
ACT (in-distribution) 15,274 184,190 30 day
ACT (out-of-distribution) 2,338 18,149 22 day

difference in links’ properties, compared to ACT.

D.2 Out-of-distribution data for distribution shift in edge attributes

Next, we elaborate more details on how out-of-distribution data is obtained. Following previous works, DIDA [62],
EAGLE [59], and SILD [64], we obtain the out-of-distribution dataset based on the field information of edges as
follows.

e COLLAB [44] is an academic collaboration dataset consisting of papers published during the time window
1990 - 2006. Nodes denote authors, and edges denote co-authorship. There are 5 possible attributes for
a co-authorship, “Data Mining”, “Database”, “Medical Informatics”, “Theory”, and “Visualization”. Edges
associated with “Data Mining” are filtered out for representing the out-of-distribution dataset, while edges
with other 4 field information are merged together, forming the in-distribution dataset. For the input node
features of the graph, Word2Vec [31] is employed to construct 32-dimensional node features based on paper
abstracts.

e ACT [14] is a dynamic graph demonstrating student actions on a MOOC platform in a month. Nodes
represent students or targets of actions, and edges represent actions, respectively. K-Means [27] is leveraged
to cluster the action features into 5 categories, and a certain category is randomly selected to act as the
shifted attribute. Then, each student or target is assigned the action features, and these features are further
expanded to 32-dimensional features with a linear function.

We report the dataset statistics for in-distribution and out-of-distribution datasets of COLLAB and ACT in
Table 4.

D.3 Synthetic data for distribution shift in node features

Here, we elaborate more on how to obtain synthetic data that exhibits distribution shifts in node attributes.
Following previous work on OOD Generalization for Dynamic graphs, DIDA [62], EAGLE [59], SILD [64],
we interpolate node features of the COLLAB dataset as follows. Firstly, we sample p(t)|£/T!| (where &1
is the number of links in the next timestamp) positive links and (1 — p(t))|€tF!| negative links, then these
links are further factorized into shifted features X* € RIVI*? which is the node features for graph snapshot
at time ¢t. The sampling probability, p(t), is varied with p: p(t) = p + o cos(t). In this way, node features
with higher p(t) will have stronger spurious correlations with future graph snapshots. p = 0.1 is used for
the testing set, while for the training dataset, p is varied from {0.4,0.6,0.8}, corresponding to the 3 datasets
COLLAB(p = 0.4), COLLAB(p = 0.6), COLLAB(p = 0.8) in Table 2 of the main paper.

D.4 Hyperparamter details

For the purpose of reproducibility, we report the configuration and hyper-parameters in this section. Firstly, we
present the hyper-parameters that are unchanged for all datasets:
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Table 5: Hyper-parameters across all datasets

Dataset Node features dimension Edge features dimension Time Encoding dimension
COLLAB 32 8 9
ACT 32 8 16
COLLAB (p=0.4) 64 1 9
COLLAB (p = 0.6) 64 1 9
COLLAB (p=10.8) 64 1 9

e Temperature, 7 = 1.0
e Learning rate: 0.0005

e Batch size: 400

Next, we report the detailed hyper-parameters across all datasets in Table 5. The experiments are implemented
by Python and executed on a Linux machine with a single NVIDIA Tesla V100 32GB GPU. The code will be
released upon the paper’s publication.

D.5 Additional real-world dataset performance comparison

Here, we report additional empirical results on Aminer dataset [45, 43] for our OOD-Linker, and other Dynamic
Graph OOD Generalization methods, including DIDA [62], EAGLE [59], and SILD [64], in Table 6. Compared to
other baselines for Dynamic Graph OOD Generalization, our OOD-Linkerachieves the best ROC score on Aminer.

Table 6: Temporal Link Prediction (ROC) in the Edge OOD Setting.

Dataset Aminer
DIDA 94.06 &+ 1.16
EAGLE 96.59 + 0.07
SILD 94.45 4+ 0.47
OOD-Linker (OURS) | 98.62 + 0.06

E Complexity Analysis

In this section, we provide the runtime complexity analysis for OOD-Linker. Given that we have N query links,
we aim to obtain link predictions with OOD-Linker. For each query link, we would need to traverse all nodes
in each T discrete snapshots of its computational graphs to obtain temporal graph representations, resulting
in O(|V|T), where |V] is the number of nodes. Then, we compute the invariant edge weight for each link in
each discrete snapshot, leading to additional (’)(ZtT:1 IEL]) < O(|€]) cost, where |EF| is the number of edges in a
snapshot at time ¢, and |£| is the total number of edges in the temporal graphs. Thus, the total computational
complexity for obtaining predictions for N query links is O(N(|V|T + |E|)), which scales linearly with the number
of nodes and edges in the graph.

F Pseudo-code

In this section, we provide the pseudo-code to illustrate OOD-Linker’s training procedure.
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Algorithm 1 Pseudo-code for OOD-Linker’s training procedure

Require: N query links
Ensure: Link Predictions
for epoch in [1, ..., number of epochs| do
for each query link (u,v, T+ 1) do
Obtain computational graphs éu,v
for each time ¢t in [1,...,7] do
for each link (a,b,t) € éfw do
Compute py,((a,b, t) € invariant subgraph) as in Eq. 7, 8, 9, and 10 of the main paper
Compute gy, ((a,b,t) € invariant subgraph) as in Eq. 11 and 12 of the main paper
end for
end for
Temporal node representations for u, v: hi Nobro th, N.¢, < Ed. 13 in the main paper, using invariant

edge weights pg,((a,b,t)),V(a,b,t) € éfw,Vt
Link prediction § < Eq. 14 in the main paper
end for
L <+ Eq. 15 in the main paper, applying BCE loss for link predictions ¢, and invariant edge weights
computed by ¢a, ¢3: pg, ((a,b,1)),qe,((a,b,t)),Y(a,b,t) € G, ,, Vi
Backpropagate loss and update the model’s weights
end for
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