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Abstract

Graph Neural Networks (GNNs) are widely used to compute representations of
node pairs for downstream tasks such as link prediction. Yet, theoretical under-
standing of their expressive power has focused almost entirely on graph-level
representations. In this work, we shift the focus to links and provide the first
comprehensive study of GNN expressiveness in link representation. We introduce
a unifying framework, the k4-k,-m framework, that subsumes existing message-
passing link models and enables formal expressiveness comparisons. Using this
framework, we derive a hierarchy of state-of-the-art methods and offer theoretical
tools to analyze future architectures. To complement our analysis, we propose a
synthetic evaluation protocol comprising the first benchmark specifically designed
to assess link-level expressiveness. Finally, we ask: does expressiveness matter
in practice? We use a graph symmetry metric that quantifies the difficulty of
distinguishing links and show that while expressive models may underperform
on standard benchmarks, they significantly outperform simpler ones as symmetry
increases, highlighting the need for dataset-aware model selection.

1 Introduction

Graph Neural Networks (GNNs) have achieved remarkable success across a wide range of tasks
involving structured data, including node-level [19,I51} 36} 28], graph-level [18}[52], and link-level
tasks [44} 1581156} [13]]. Despite the growing importance of link representation learning, the theoretical
analysis of GNNs has so far focused almost exclusively on their expressiveness for graph-level
representation [53}137,16]. In particular, it is well-established that message-passing GNNs are at most
as powerful as the 1-dimensional Weisfeiler-Lehman (1-WL) test in distinguishing non-isomorphic
graphs [53| 37]. However, their ability to distinguish links — that is, to generate discriminative
representations of node pairs — remains far less understood.

It is well known that standard GNNs struggle to distinguish structurally different links, as they
typically compute link embeddings by aggregating the representations of the two endpoint nodes.
This node-centric strategy introduces a significant expressiveness bottleneck: links whose endpoints
are automorphic may be mapped to identical representations, even if their structural roles in the
graph differ [44} 58| [13]. To mitigate this issue, several methods have extended GNNs with structural
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features (SFs) 581,156} 146l |13]]. While such approaches are more expressive than standard GNNGs, there
is still no unifying framework to systematically characterize their discriminative power or organize
them into a principled expressiveness hierarchy—unlike the case of graph-level representation, where
the k-Weisfeiler-Lehman hierarchy provides a widely adopted standard [37, 53]].

In this work, we bridge this gap by conducting a comprehensive investigation into the expressive
power of GNN-based models for link representation. We observe that most existing methods for link
representation combine two ingredients: a message-passing GNN for node encoding and a pairwise
function for aggregating information about the target link. Building on this insight, we propose
a general theoretical framework that captures a broad class of link representation methods. The
framework characterizes models based on two key dimensions: the expressiveness of the functions
involved and the radius of the neighborhood around the link that they access. It subsumes many
state-of-the-art models and allows us to formally reason about their ability to distinguish links.

We explore link-level expressiveness along three axes. First, grounded in the proposed framework,
we develop a theoretical foundation to analyze and compare the expressiveness of link representation
models. Specifically, we derive criteria to assess a model’s capacity to discriminate between different
link structures, enabling us to organize existing methods into an expressiveness hierarchy and to
position novel models within it. Second, we introduce a synthetic evaluation protocol designed to
probe the expressiveness of link representation methods. This protocol comprises both a synthetic
dataset and an accompanying evaluation procedure. While previous work has introduced synthetic
tools for assessing graph-level expressiveness [7, |48l [1} 140, 3} 18]}, to the best of our knowledge,
no analogous setup exists for links. Our procedure enables systematic, reproducible, and scalable
comparisons across models. Third, we investigate the practical relevance of expressiveness on link
representation by studying whether more expressive models lead to better performance in real-world
scenarios. We propose a graph symmetry metric to quantify structural ambiguity among links, and
we empirically show that while simple models suffice in low-symmetry settings, more expressive
models significantly outperform them as symmetry increases.

2 Preliminaries

Definition 2.1 (graph). A graphis atuple G = (Vg, Eg) where Vg = {1,...,n} is a set of nodes,
Eg C Vg x Vg is a set of edges. To each graph is associated a node features matrix X° € R™*/ and
an adjacency matrix Ag € {0,1}"*™ with Ag, , = 1if and only if (u,v) € Eg. In our analysis,
we consider simple, finite and undirected graphs. We will call G the set of all graphs.

Definition 2.2 (neighborhood). Let G = (Vg, Eg) be a graph. Given two nodes u,v € Vg, u
is said to be m-far from v if there exists a path of m edges connecting u and v. Given a node
v € Vg, we denote by N™(v) the set of nodes m-far away from v. In particular, the 1-hop
neighborhood of v, denoted N (v), corresponds to N'!(v) and includes all nodes connected to v,
ie, Nv) = {u € Vg | (v,u) € Eg}. Finally, given two nodes u,v € Vg, their joint m-hop
neighborhood is defined as N (u, v) = N™(u) U N™(v).

Definition 2.3 (link representation model). A link representation model )/ is a class of functions
F mapping node pairs in graphs to vector representations:

Fi((u,v), G, X% X(y0) € R (D)

with G € G, X° € R™*f node feature matrix and u,v € Vg.

In this work, we adopt a broad notion of link, referring to any pair of nodes (u,v) € Vg x Vg, regard-
less of whether an edge between them actually exists in G, i.e., whether (u,v) € E¢q. Accordingly,
the link representation model computes a vector representation for arbitrary node pairs, not only for
existing edges. Throughout the paper, the term /ink will always refer to a generic node pair.

Models that compute link representations can be applied to a variety of downstream tasks. For
instance, they can be used for link prediction 57,135, 160], where the goal is to predict the existence of
an edge between two nodes, for link classification [43 47, [15]], where different types of relationships
are inferred and for link regression [33, [1'/], where real-valued properties associated with node pairs
are estimated. In this work, we focus on message-passing (MP) link representation models, which
have demonstrated superior performance and robustness across a wide range of benchmarks [32].



Definition 2.4 (GNN). Let G = (Vg, E¢) be a graph with feature matrix X°. A GNN iteratively
updates the representation of nodes v € Vi following the propagation scheme:

x) =X ; X, = UPDATE (x| ', AGGREGATE ({x}' |u € N(v)})). )
We denote the final representation at the L-th layer as xZ = p(v, G, X°).

In the rest of this paper, whenever we refer to MP models, we refer to models that employ the iterative
mechanism defined in Definition 2.4]to compute node representations.

A key theoretical question concerns GNNs expressive power, their ability to distinguish non-
isomorphic inputs. Standard GNNs have been shown to be at most as powerful as the 1-WL
test [37) 54]], a heuristic for graph isomorphism based on iterative multiset aggregation [50]. To
go beyond this limit, higher-order GNNs [37] aggregate over k-tuples of nodes, reaching the ex-
pressivity of the k-WL test; we denote by k, the smallest such k such that p is as powerful as
k-WL, i.e, k, expresses the representational power of p within the k-WL paradigm. In contrast to
graph-level tasks, the expressiveness of message-passing models for link representation remains less
explored [58) 44, 24]]. We now provide formal definitions on what does it mean for two links to be
different in a graph.

Definition 2.5 (node permutation). A node permutation 7 : {1,...,n} — {1,...,n} is a bijective
function that assigns a new index to each node of the graph. All the n! possible node permutations
constitute the permutation group IL,,. Given a subset of nodes S C Vi, we define the permutation
won S as 7(S) := {n(i)|i € S}. Additionally, we define 7(A) as the matrix A with rows and
columns permutated based on 7, i.e., T(Aq)x(i).x(j) = (Ac)i;-

Definition 2.6 (automorphism). An automorphism on the graph G = (Vz, E) is a permutation
o € II,, such that 0(Ag) = Ag. All the possible automorphisms on a graph G constitute the
automorphism group X¢.

Definition 2.7 (automorphic links). Let G = (Vg, Eg) be a graph and ©.¢ its automorphism group.
Two pairs of nodes (u,v), (u/,v") € Vo x Vi are said to be automorphic links ( (u, v) ~ (v/,v"))
if exists o € ¢ such that o ({u,v}) = {u/,v'}.

The notion of automorphic links provides the foundation for evaluating models expressivity, as an
expressive model should be able to distinguish between non automorphic links.

Definition 2.8 (more expressive). Let My and M5 be two link representation models (Def. .
Ms is more expressive than M; (M; < My) if, for any graph G = (Vig, E¢) and any pair
(u,v), (u',v") € Vg x Vg with (u,v) % (u/,v'):

AR € My : Fi((u,), G, X%) # Fy((u',v"), G, X%) = 3F, € My : Fa((u,v), G, X%) # Fuy((u/,v), G, XO).

3 The Expressive Power of MP-based Link Representation Methods

We propose a general framework for message-passing models that compute link representations,
encompassing a broad class of existing methods as specific instances. By formalizing these models
under a unified perspective, we enable a principled analysis of their expressive power. Leveraging
this framework, we further establish an expressiveness-based hierarchy of existing approaches.

3.1 MP-based methods for link representation

Before defining the framework, we first review representative MP-based models, including Pure
GNNs 304,129,145, 1221 53], NCN [46]], NCNC [46], ELPH [13], BUDDY [13], Neo-GNN [56]] and
SEAL [58].

Pure GNN Methods. Pure GNN Methods learn representation X(,, ) € R? for each pair of node

(u,v) with u, v € Vg a8 X, ») = g(xk, x%), where g is an aggregation function and x%, x% are the

node representation of v and v learned by the GNN at the final layer L. In principle, any type of
GNN can be used, and the function g can be modeled using an MLP over any aggregation function
over the feature vectors. In practice, the most commonly used pure GNN model is GAE [29].



Neo-GNN. Given a graph G = (V, E), Neo-GNN computes a node representation matrix Z as:

L
7 — Zﬂl_lAlGXmua with  Xstruet — diag(xstruct)7 struct }_@((AG)v) (3)

v =
=1

where Fg is a learnable function over the adjacency matrix A¢, L is the maximum hop considered,
and 8 € (0, 1) controls the weight of distant neighbors. The final link representation is computed as
an aggregation of the node representation obtained through standard GNN and the one in Z, namely

X(uw) = g((Zu, Z’U>7 (X{Z’X'Ll;))'

NCN. NCN computes the representation of node pairs using the representations of their common
neighbors. NCN defines the link representation as:

Xao =X Oxy | Y X7 “)
€N (u)NN (v)

where x~ is the node representation at the final L—th layer of a GNN. NCNC extends NCN to deal
with settings with incomplete topological information (e.g., for link prediction or graph completion),
by considering not only nodes in N (u) N N (v) but all nodes in N (u) U N(v) and calculating for
them the probability of being common neighbors with NCN.

SEAL. Given a graph G = (Vg, E¢), for each link (u,v), SEAL constructs an h-hop enclosing

subgraph GSJL), which contains all nodes within A hops of v and v. Nodes in GE]}) are labeled using
the Double-Radius Node Labeling (DRNL)[58]], which assigns different labels based on distances to

u and v. The representation of link (u,v) is obtained processing the graph GSZ) with a GNN.

ELPH. In ELPH, two types of count-based features are computed: (i) Ay [dy, dy], i.€., the number
of nodes at distance d,, from node « and d,, from node v; and (ii) By, [d], the number of nodes at
distance d from u and more distant than d from v. These counts are estimated using MinHash (for
Jaccard similarity) and HyperLogLog (for set cardinality). The link representation is obtained as:

X(u,v) = g(X57 X1€7 {Auv [dU7 dv]a Buy [d] | d,dy,dy < [L]})7 5

where g in an aggregation function and L is the final layer. To overcome ELPH’s memory limitations,
BUDDY precomputes structural features via offline graph traversals and sketching.

3.2 A General Framework for MP-based Link Representation Methods

Building on the definitions introduced in Section [3.1] we observe that MP-based approaches for link
representation generally follow a common paradigm: they combine the representations of the two
endpoint nodes with additional pairwise information extracted from their local neighborhoods, except
for pure GNN methods, which rely solely on node representations. Although specific mechanisms
and architectural designs vary, the core structure of these models can be systematically characterized
by two key factors: (i) the link neighborhood radius, which defines the portion of the graph considered
when extracting pairwise information for the link, and (ii) the expressiveness of the message-passing
(MP) functions used to compute the node representations. Importantly, the link neighborhood radius

Table 1: Model formulations from Section expressed within the kg-k,-m framework. A */°
indicates that the corresponding component is not included in the model.

Model COMB ¢ ke AGG W kp, m h

Pure GNN / ® 1-WL / / / / /

NCN I ® 1-WL p (i;G.X%) 1-WL 1 X0

ELPH I WL Y p(HG XY T I 1ar(d) 1-WL m xl =1

r=1d=1
7o 0 5
Neo-GNN || | twL % bep (fn’ G.X ) with 1-WL m X0
b= 3 Ay, - Al
r=1d=1
SEAL / / / > p (i;G,XP) 1-[N™(u,v)F-WL m  xP =x?| min(6(i,u), 0(i,v)) + 1




is distinct from the radius induced by the depth of the MP function itself. Motivated by these common
factors, we introduce a general framework that unifies existing approaches under a common formalism.
In this framework, the link representation is constructed by combining: (1) the representations of the
two endpoint nodes, and (2) a representation of the link’s m-order neighborhood, each computed via
MP functions that may have different levels of expressive power and different number of layers.

We formalize this in the following definition, which we refer to as the kg-k,-m framework for
link representation. For ease of readability, we omit the graph G € G as an explicit argument in
message-passing and link-representation functions, assuming it is implicitly defined as the underlying
structure on which these functions operate.

Definition 3.1 (ky-k,-m framework ). Given a graph G = (V, E¢) with feature matrix X", a MP
link representation model M belongs to the kg-k,-m framework if its functions can be expressed as:

F((u,v),X°) = COMB (g(d)(u,XO),d)(v,XO)),AGG({f(i,u,v,XO) lie |JN(, v)})) ©)

§=0

f(i,u,v,XO) = w(p(i,h(u,v,Xo)),u,v) @)

where ¢ and p are MP functions (Deﬁnition with expressive power respectively of kg and k,,
h(u,v,G,X%) € R"*4 is a new node feature matrix computed using the original feature matrix and
possibly pairwise information, 1) scales the message passing representations by a coefficient incorpo-
rating pairwise information from the graph, AGG is an aggregation function over the representations
of nodes in U;"ZU N7 (u,v) and COMB combine the endpoints representations with the neighborhood
representation.

Table (1| provides the formulation of all the models presented in Section using the ky-k,-m
framework, while Figure provides a visualization of the framework components. Through the k-
k,-m framework, we can systematically study the expressive power of MP-based link representation
methods. Let M be the set of link representation models expressible by the kg-k,-m framework. Let

M € M, we indicate with kgf -kf)”-mM the specific value that k4-k,-m assume in the model M.

Theorem 3.2. Let M € M, the following hold:

1. If mM = 0, then, regardless of kg{, M is not able to distinguish between links whose
endpoints are automorphic, i.e.,

VF € M,Y(u,v), (u,v') s.t. 301,02 € B¢ with o1 (u) =u' Aop(v) =0 (8)
F((W "), X% = F((u,v),X?) )

therefore, automorphic links whose endpoints are automorphic will be assigned to the same
representation. Moreover, given My, My € M, if m™t = 0, while m™? > 0 and COMB is
injective, regardless ofk‘fbw1 and k‘glz , My < Ms.

2. Let My, My € M with kﬁ/[l = ké”z = 1-WL and let 1M1 [M2 pe the number of layers used
respectively by My, My. If mM1 4+ 1M1 < mM2 4 M2 then My < M.

3. Let My, My € M with m™ = mMz, Ifkf)wl < k‘f,\h, then My < Mo.

p<@7@7@7 h<@7@7 XO))
\ r@@@, h@®,x)

Figure 1: ky-k,-m framework: nodes representations in the m-order neighborhood of target link
are calculated using a MP function p with possibly modified node features; these representations
are aggregated and combined with representations of endpoints of target link obtained through MP
function ¢.



Proof is provided in Appendix [A] Intuitively, the theorem highlights that relying solely on the
representations of the endpoints through g and ¢ is fundamentally limited: even if ¢ is highly
expressive, such models fail to distinguish links whose endpoints are automorphic. This limitation
arises from the fact that the k-WL algorithm, preserves graph automorphisms for every & [34} 16} [11]].
Instead, a more efficient and expressive modeling strategy is to compute p over a suitable m-order
neighborhood using an appropriate number of MP layers. In many models, the number of such
layers is a design choice: for instance, ELPH encodes link information by counting nodes at various
distances from the link, which effectively corresponds to zero message-passing layers. Conversely, in
Neo-GNN, node representations are computed through a function on the adjacency matrix, effectively
implementing a single round of message passing. This distinction is crucial: even models with large
neighborhoods m but few message-passing layers can be outperformed—both in expressiveness and
efficiency—by models with smaller m but deeper architectures. Thus, controlling expressiveness
via the number of layers offers a more principled and computationally efficient path. Finally,
increasing the expressiveness of the base model p on the m-order neighborhood leads to more
expressive representations. One example of model with more expressive p is SEAL which increases
expressiveness by adding link-aware positional encodings to node features, effectively simulating the
power of 1-|N™(u, v)|-WL, which is strictly more expressive than 1-WL [59]. However, increasing
expressivity beyond 1-WL comes at a computational cost: for example, the complexity of k-WL is
O(n*F*+11ogn) [23]. Details on the computational costs of the models are provided in Appendix

Using Theorem [3.2]it is possible to study the expressiveness of existing methods. The following
Theorem introduces a hierarchy of existing methods.

Theorem 3.3. The following hold:

1. For any radius and number of layers, NCN, Neo-GNN, ELPH, SEAL are more expressive
than Pure GNNs;

2. ileCN > mNeo=GNN NCN is more expressive then Neo-GNN;

3. imeeO_GNN > mELPH _ 1 Neo-GNN is more expressive than ELPH;
4. if INCN > mBELPH _ 1 NCN is more expressive then ELPH;
5.

SEAL is more expressive then NCNC, NCN, ELPH, Neo-GNN.

Proof is provided in Appendix [A]and rely on Theorem [3.2]and the formal expression of models within
the theoretical framework described in Table [Tl

The ky-k,-m framework serves as a foundation for analyzing the expressiveness of link representation
models in a principled and structured way. In the next section, we complement this theoretical perspec-
tive by introducing a synthetic evaluation protocol designed to empirically assess the expressiveness
of link representation models.

4 A Synthetic Evaluation Procedure for Link Representation Expressiveness

We introduce a synthetic protocol to empirically assess a MP model’s ability to assign distinct
representations to structurally different links. The protocol is designed to help evaluate new link
representation models in a simple and controlled setting. It consists of a synthetic dataset and an
evaluation framework. The synthetic dataset and the code are publicly availabl

4.1 LR-EXP: A Synthetic Benchmark for Link-Level Expressiveness

While several synthetic datasets have been proposed to evaluate the expressive power of GNNs
in distinguishing non-isomorphic graphs [7, 48 |1, 40, 13| I8], a comparable benchmark for as-
sessing link-level expressiveness is still missing, despite its potential utility as a fast and con-
trolled way to empirically assess the expressivity of both existing and new models. To address
this gap, we propose a novel synthetic dataset, LR-EXP, aimed at measuring a model’s ability
to assign different outputs to non-automorphic links. To make the distinction task challenging,
the dataset includes non-automorphic links whose endpoint nodes share the same 1-WL colors.

https://anonymous.4open.science/r/link-representation-gnn-8124/README . md


https://anonymous.4open.science/r/link-representation-gnn-8124/README.md

This is a critical design choice: non-automorphic links with graph #50 graph #11
differently colored nodes are trivially distinguishable by any
pure GNN with an injective aggregation function g. LR-EXP
includes 1400 graphs, each containing at least one such pair of
non-automorphic links. Each graph is generated in two steps: (1)
sample an Erd6s—Rényi graph with n € {5, ..., 17} nodes and
edge probability p ~ U(0, 1); (2) duplicate the graph and add
inter-block edges with probability p’ ~ U(0, 1). This construc-
tion introduces rich symmetries and increases the probability of
obtaining node pairs that are non-automorphic yet indistinguish-
able under the WL test. We retain only those graphs where such
link pairs exist, and use them to define training, validation, and
test sets. Figure [2] shows examples of these link pairs. Impor-
tantly, while LR-EXP is relatively small in scale, this is by design: Figure 2: Examples of LR-EXP
our goal is not to evaluate scalability, but to isolate and probe  graphs. Node colors show WL col-
expressivity. Since expressiveness concerns a model’s ability to  ors; dashed lines mark test links
produce different outputs for structurally distinct inputs, rather  that are non-automorphic but indis-
than generalization over large data volumes, dataset size is not  tinguishable for standard GNNs.
a confounding factor for the phenomenon we aim to study.

4.2 Evaluation Framework

Our training and evaluation approach is inspired by the method proposed in Wang and Zhang [49]].
In particular, we employ a siamese network design [9], with central component consisting of two
identical models with identical parameters, each processing one link independently to generate
separate embeddings. For a pair of links (u,v) % (u/,v") € Vi x Vg, and a model F', the model
generates a corresponding pair of embeddings. The model is trained with the goal of encouraging
separation of links embeddings using the contrastive loss:

0 F((u,v),X%) - F((u/,v"),X%) >
E((w,0), XO) [ F((w',0"), X))

L(F, (u,v), (v,v"),X?) = max < (10)

Contrastive loss functions are often defined with an explicit margin term which controls the degree of
dissimilarity enforced between negative pairs. In our case, the goal is to fully minimize similarity
between representations of non-automorphic links. Following the approach in [48], we deliberately
adopted a zero-margin formulation to push the model toward maximal dissimilarity between such
pairs. This choice aligns with our objective of measuring and testing expressiveness, where even
small overlaps in representation between structurally different links would be undesirable.

To evaluate models, we compare their outputs on pairs of non-automorphic links. If the resulting
representations differ sufficiently, this indicates successful discrimination. However, selecting an
appropriate threshold is challenging: a high threshold may cause false negatives, where true distinc-
tions fall below the threshold; a low threshold may cause false positives, where random noise creates
apparent differences. To address this, we adopt the Reliable Paired Comparison method [49], which
assesses groups of results using two components: the Major Procedure, quantifying representation
differences, and the Reliability Check, measuring internal variability. A pair is considered distin-
guishable only if both checks are passed. As all pairs are non-automorphic, the task is framed as
one-class classification, and we report precision as the fraction of correctly distinguished pairs. See
Appendix [B.T| for details.

4.3 Experimental results on LR-EXP

We evaluated the expressive power of all models from Section [3.1) on LR-EXP. As discussed in
Section[3.2] some models treat mn as a fixed design choice while keeping the number of layers [ as
a tunable parameter, and vice versa. Even in models where m is left as a free parameter, practical
implementations impose constraints due to computational costs. For example, both ELPH and SEAL
limit m to a maximum of 3. In our experiments, we adopt m = 3 for all models that allow it, ensuring
a fair comparison. We set the number of layers [ = 3 across all methods, which strikes a balance
between expressiveness and avoiding oversmoothing effects [10]]. Under this configuration, Theorem



[3.3]shows that NCN is more expressive than ELPH and matches the expressiveness of Neo-GNN,
while SEAL is the most expressive method.

. The experimental results on LR-EXP provide empirical valida-

Table 2: Test precision (mean + std  tjon of our theoretical framework. Table @3] shows that Pure
over 5 runs) for different models. GNN methods (GCN, GAT, GAE, SAGE) completely fail to
Higher model expressiveness leads  gistinguish non-automorphic links, achieving zero precision.
to higher test precision. This is a consequence of their fundamental limitation - the au-
Model Test Precision(%)  tomorphic node problem we analyzed in Section [3.2] which
prevents them from generating distinct representations for links

gg;y 8 Ei g; composed by automorphic nodes. The remaining methods
GAE 0+0) d_emonstratc? progressively better performance as their expres-
SAGE 00 sive power increases. The performance gap between BQDDY
BUDDY 45 1) (45%? and ELPH (62%) stems frorp BUDDY ’g appr0x1mqte
ELPH 62 (7 countlng of common nelghbors (Section @, which reduce§ its
Neo-GNN 75 (£ 2) expressiveness as shown in [13]. Neo-GNN and NC achieve
NCN 75 1 comparable precision (75%), outperforming both ELPH_ (62%)
SEAL 97 (+0) and BUDDY (45%). Finally, SEAL demonstrates its high ex-

pressiveness, being able to correctly distinguish 97% of links.
Further results as we vary the number of layers ! and the radius
m are in Appendix. Appendix [B.2]reports robustness checks under variations of the significance level
employed in the Reliable Paired Comparison.

S Do More Expressive Models Perform Better in Real-World Benchmarks?

An interesting and practically relevant question is whether increased expressivity in link representation
translates into better performance on downstream tasks involving real-world data [2738]. Among
the various tasks enabled by expressive link representations, we focus on link prediction due to its
broad impact across domains such as recommender systems [S5], knowledge graph completion [41],
and biological interaction prediction [26]. Intuitively, link prediction should particularly benefit
from models with high expressive power when the dataset contains many non-automorphic links
whose endpoint nodes are automorphic, a setting where Pure GNNs struggle. In this section, we
aim to answer the following three questions: (1) How can we formally quantify the presence of non-
automorphic links with automorphic endpoints in a dataset? (2) Are there real-world link prediction
benchmarks where this property is especially prevalent? (3) How do models with varying levels of
expressiveness perform across datasets with different levels of structural difficulty?

We address these questions by first introducing a metric to quantify the link-level symmetry of a
dataset. We then apply this metric to a collection of real-world link prediction benchmarks and
analyze their structural difficulty. Finally, we evaluate the performance of several state-of-the-art
models with different expressive capabilities across these datasets. Code is available aﬂ

5.1 A Metric for Measuring the Symmetry of Graphs

We introduce a metric to quantify the presence of non automorphic links with automorphic endpoints
in a dataset. This occurs when the underlying graph exhibits a high number of non-trivial automor-
phisms that is, intuitively, when the graph is highly symmetric. The symmetry of a graph is tightly
connected to the concept of node orbits, which we define below.

Definition 5.1 (orbit). The orbit of a vertex v € V; under the action of the automorphism group
¢ is defined as the set of nodes of Vg to which v can be mapped via an automorphism o € X&'
Formally, Orb(v) = {o(v) | o € G}. We denote with Og = {Orb(v) | v € Vz} the set of all the
orbits of V' with respect to the action of €.

Following [4], it is possible to define a metric that mesures how much a graph is symmetric as follows:

3We do not report results for NCNC, as it coincides with NCN for fully observed topologies.
*https://anonymous . 4open.science/r/link-representation-gnn-8124/README.md
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Table 3: MRR on real-world link prediction datasets sorted by increasing 7. The top three results
are highlighted using first, second, and . 00M means Out Of Memory, >24h means more than
24 hours. As symmetry increases, only more expressive models maintain top performance. Results
are averaged over 5 runs with different random seeds; standard deviations are reported in Appendix

Graph Symmetry (—)

OGBL OGBL OGBL OGBL EDIT
Models CITATION? CORA CITESEER PUBMED DDl PPA  COLLAB NSC YST GRQ AIFB TSW
e 0.01 0.02 0.02 0.08 0.10 0.12 0.13 0.16 023 030 041 0.67
GCN 19.98 16.61 21.09 7.13 1346 2694  6.09 2679 1.17 6.89 1085 4.12
GAT 00M 13.84 19.58 4.95 12.92 0ooM 4.18 247 040 063 1.07 040
SAGE 22.05 14.74 21.09 9.40 12.60 27.27 553 2032 177 134 054 835
GAE 00M 18.32 25.25 5.27 349 0O0M 00M 16.61 232 232 1098 3.54
BUDDY 19.17 13.71 22.84 7.56 12.43 27.70 18.40 13.68 46.23 13.73 22.66
Neo-GNN 16.12 13.95 17.34 10.86 21.68 523 2286 5.78 29.51 13.11 8.10
NCN 23.35 14.66 28.65 5.84 3506 5.09 3036 11.99 4845 647

NCNC 19.61 8.58 >24h  33.52 473 ooM  10.30
SEAL 10.67 13.16 5.88 9.99 643 30.85 17.51 56.72 16.30 25.82

Definition 5.2 (graph symmetry measure r¢). Given a graph G = (Vi, E¢), its symmetry measure
is calculated as:

Og| —1
Vel -1

where |O¢| denotes the number of orbits of the graph and |Viz| is the number of nodes.

’/‘G:I—

(11)

Computing all node orbits is computationally expensive. However, the number of orbits can be
efficiently approximated using the number of distinct colors assigned by the WL test at convergence
W Lq (31,139, i.e.,

[Wig|—1

12
Va| -1 (12)

o =1

The approximation in Equation[I2]reflects how closely the WL-induced partition (used in Equation|[TT]))
matches the true orbit partition. Although there is no complete characterization of WL failures in
distinguishing nodes from different orbits, it is said that WL gives different representations to almost
all nodes that belong to different orbits [2]. A practical example is presented in [39], where the
authors explicitly compare WL partitions and orbit partitions on the Alchemy dataset [14]. Out of
202,579 graphs, only in 4 graphs the partition of the nodes induced by the WL is different wrt the
orbits, highlighting that the WL approximation is extremely close in practice.

5.2 Symmetric Real-World Datasets for Link Prediction

We selected twelve datasets for link prediction, including well-known citation networks such as
CoORA and CITESEER, large-scale benchmarks from the Open Graph Benchmark suite like OGBL-
CITATION2 and OGBL-COLLAB, and structurally complex knowledge and ontology graphs such as
AIFB, EDIT-TSW. More details about datasets can be found in Appendix E} For each dataset, we
compute the proposed symmetry metric 7; (Equation[I2). The computed values are reported in the
first row of Table 3| with datasets sorted in ascending order of 7. As shown, the datasets exhibit
widely varying degrees of symmetry. For instance, OGBL-CITATION2, CORA, and PUBMED display
very low 7 values, largely due to the presence of informative node features that yield many unique
WL colors. At the other end of the spectrum, datasets such as EDIT-TSW, which lacks node features
and exhibit high topological regularity, show significantly higher symmetry scores.

Table[3Jreports the results, in terms of the standard link prediction metric MRR, achieved by the models
described in Section[3.1] The models are listed in ascending order of theoretical expressiveness, as
characterized by Theorem[3.3] Since we are now evaluating under the standard link prediction setting
(i.e., graphs with missing edges), we also include the NCNC variant of NCN. For ELPH, we report
results for BUDDY, its more scalable version. All evaluations are conducted under the challenging and
realistic HeaRT setting [32]. Further details on model architectures and hyperparameter selection are
provided in Appendix [E] while the complete results, including standard deviations and an additional
evaluation metric, are reported in Appendix [F}



The results reveal a clear trend: as 7¢ increases, more expressive models become necessary. In
the five datasets with the lowest symmetry, pure GNN-based methods consistently rank among the
top three performers. However, as symmetry increases, their performance deteriorates and none
of them appears in the top three on the six most symmetric datasets. Conversely, SEAL, the most
expressive model in our hierarchy, ranks first across all high-symmetry datasets. This provides
a key practical insight: while simple, less expressive models may suffice when node features are
informative and structural ambiguity is limited, datasets with high link symmetry demand more
powerful architectures.

6 Conclusion

We propose a theoretical framework that formally compares a wide range of existing models and
establishes a hierarchy of them. We introduced LR-EXP, the first synthetic benchmark explicitly
designed to evaluate link-level expressiveness. Finally, we demonstrated that increased expressiveness
translates into performance gains on real-world link prediction tasks, especially in structurally
symmetric graphs. These findings highlight that model selection should account for dataset symmetry:
while simple models may suffice in low-symmetry settings, high-expressiveness architectures are
essential when structural ambiguity is present.

Limitations and Future Work Our framework is tailored to MP models and does not directly
account for recent advances in transformer-based architectures or spectral methods for link repre-
sentation. Extending the framework to encompass these directions may provide additional insights,
making this an interesting and valuable direction for future work. Furthermore, the high-symmetry
datasets used in our evaluation are relatively small, highlighting the need for larger and more robust
benchmarks to properly assess model generalization and advance research in this area [5]].
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Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims are clearly stated in both the abstract and introduction, with
pointers to specific sections that provide theoretical or empirical support. Each claim is
substantiated in the body of the paper, ensuring consistency between the stated goals and
the actual contributions.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discussed the limitations of our framework in Section [6] addressing both
its scope, that is, its focus on message passing models, and a broader limitation related to
the scarcity of large high-symmetry datasets for evaluating link-level expressiveness.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,

model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: Appendix [A] provides formal proofs for all theoretical results presented in the
paper.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: For synthetic experiments, we provide details on graph construction, training,
and evaluation in Section{4] Additional implementation details are included in Appendix
for both synthetic and real-world experiments. To ensure full reproducibility, we also release
the complete source code.
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» The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We release both the code and the datasets, along with usage instructions,
to ensure full reproducibility of the experimental results https://anonymous.4open,
science/r/link-representation-gnn-8124/README.md.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

¢ The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We specify all relevant training and evaluation details, including hyperparame-
ters, data splits, and optimizer settings, in Appendix [E.2]
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» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Result tables report standard deviation as error bars (Appendix [F). Unless
otherwise specified, results are averaged over 5 runs with different seeds.
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8.

10.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Appendix [E.2]reports the compute resources used to run our experiments.
Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

 The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The authors have read the NeurIPS Ethics Guidelines. All datasets used are
publicly available, and we believe our work poses no immediate harmful consequences.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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Answer: [Yes]

Justification: The paper discusses the practical benefits of using more expressive models in
settings with high graph symmetry, where simpler models may fail (Section[5] No immediate
negative societal impacts are anticipated.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

o If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible

release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: Our results pose no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We properly credit the original authors of all models and datasets used in our
work, and we respect the licenses and terms of use associated with them.

Guidelines:

* The answer NA means that the paper does not use existing assets.
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* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The new assets include our synthetic dataset and the experimental setup on
real-world benchmarks, which had not been used in this way before. We release well-
documented code and data under a non-restrictive license https://anonymous.4open,
science/r/link-representation-gnn-8124/README.md.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

 The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve crowdsourcing experiments or research with human
subjects.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
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Answer: [NA]

Justification: The paper does not involve crowdsourcing experiments or research with human
subjects.

Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: LLMs were not used as part of the core methods in this research.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A  Proofs

Proof of Theorem We prove theorem by addressing each of its three components individually.

1. Let M € M. If m™ = 0, then, regardless of k'éw , M 1is not able to distinguish between
links whose endpoints are automorphic, i.e.,

VF € M,Y(u,v), (u',v) s.t. 31,09 € £ with o1 (u) = v/ A ga(v) =0 (13)
F((/,v"),X%) = F((u,v),X°) (14)

therefore, automorphic links whose endpoints are automorphic will be assigned to the same
representation. Moreover, given M7, My € M, if mM1 = 0, while m™2 > 0 and COMB is

injective, regardless of ké\fl and kgb , My < Ms.

Proof Suppose m™ = 0, i.e., M is composed only of the functions ¢ and g, i.e., its

functions are:
F((u,v),X°%) = g(o(u, X°), ¢(v, X?)).

Assume ¢ is maximally expressive at the node level (note that no GNN can achieve this,
as the k-WL algorithm, preserves graph automorphisms for every k [34. (16} [11])), i.e., it
assigns representations to nodes solely based on their automorphism classes. Then for any
automorphisms o1, o9 € X¢ such that oq (u) = u’ and o2 (v) = v', it follows that

o(u, X°%) = ¢(u',X?), ¢(v,X%) = ¢(v',X").
Thus, regardless of the function g, we obtain
9(o(u, X%),9(v,X?)) = g(s(v',X?), ¢(v", X)),

i.e., the model cannot distinguish between links whose endpoints are automorphic. If (u,v)
and (u', v") are not themselves automorphic pairs, then the model fails to differentiate them,
thus assigning the same representation to non-automorphic links.

Now consider M; € M with all functions F' € M; composed only of ¢ and g, while
Ms € M with all functions F' € M, that also include a component f (on the m-order
neighborhood). Using Definition [2.8] we show that M5 is more expressive.

Let Fy € My, Fy € Ms, (u,v), (u/,v") € Vg x Vi such that (u, v) % (uv/,v") and
Fi((u,v),X%) = Fy((v/, ), X),

but
FQ((U,U)7XO) 7é F2((u/ﬂ U/)a XU)

This implies that
9(8(u, X%), 6(v, X?)) = g(8(u/, X°), (v", X)),
but due to the presence of a component f and the use of an injective COMB, we get
Fy((u,0),X%) # Po((u/,0'), X?),
demonstrating by Definition [2.8]that My is more expressive than M;.

2. Let My, My € M with k)t = k]'> = 1-WL and let 1", [*> be the number of layers used
respectively by My, M. If m™Mr + M < mM2  [Mz2 then My < M.

Proof Let ) € My, Fy € M. Assume [M2 > M1 My _ ;M2 and (M1 < [M2 gpd
mM > mMa,

Let (u, v), (u/,v") € Vi x Vg such that
Fi((u,v),G,X%) # Fy((u/,v), G, XO).

Let ¢/, denote the color assigned to node w after  iterations of the 1-WL algorithm. Assume

¢t =cl, and ¢! = ¢!,; otherwise, I, alone could distinguish between (u, v) and (u’,v'),

and the proof would be complete.
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We divide the proof into three steps. Since Fj distinguishes (u,v) from (u’,v") while

ct, = ct, and ¢t = ¢!,, this implies that:
mM1 mM1
pr(w,X) [we | J N(u,v) p # < pu(i,X) i€ | ) N(/,0) (1)
j=0 j=0
Let’s consider the smaller neighborhood m™>:
mMz2 mM2
p1(w, X) |w € U N7 (u,v) and p1(i,X) |i e U NI (u',v")
j=0 j=0

If these sets are already different, then F5 (with smaller neighborhood but same p;) suffices,
and the proof is complete. If instead they are equal, then from (1) it follows that the
difference lies in the sets:

My My

m m
pwX)|ve U Nuoy£im@X|ic | Vo)
j=mao+1 j=ma+1

Since F, uses a number of layers [M2 > [M1 4 ;M1 ;M2 it can compensate for the
smaller neighborhood radius ms by using more layers to reach the same depth of information
as F. Thus, using p» in F5, we obtain:

Moy My

p2<waX) w e U Nj(u,v) # P2(w7X) w e U Nj(u/avl> )
j=0 j=0

which implies
FQ((U, U)7 XO) 7é FQ((ula U/)7 XO),
and by Definition 2.8] this yields M; < Mo.

. Let My, My € M with mMr = mMz, Ifk:/])”1 < k:éwQ, then M; < Ms.

Proof Let mM = m™2 = m and k,ﬂwl < /4;242. Let F;, € M, and F, € M, and
(u,v), (u',v") € Vg x Vg such that

Fi((u,v), G, X% # F((/,7), G, X°).
Assume that ¢, = ¢f, and ¢!, = ¢, i.e., u and v/, as well as v and v’, have the same WL

color after ¢ iterations. Otherwise, F5 could already distinguish the links based on k:l])”?
alone, and the proof would be trivial.

Now, since F} can distinguish the links despite ¢/, = £, and ¢!, = ¢, this implies that:

pr(w, G, X) |we | N (u,v) p # < p1(i,G,X) i € | N (u/,0) )
j=0 7=0

Since kM1 < kM2 and both models operate on the same neighborhood radius m, it follows
that there exists a number of layers (possibly greater than in Fy [21}125]) such that F5 can
also distinguish these sets. That is,

p2(w, G, X) |w € UNj(u,v) # < p2(i, G, X) |i € UNj(u',v’) ,
j=0 j=0

which implies
FQ((“) U)v G7 XO) 75 FQ((’U’/a U/)a G7 XO)

Therefore, by Definition 2.8] Fy < Fb.
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Proof of Theorem [3.3] 1. This follows directly from Theorem[3.2] Pure GNNs only rely on node rep-
resentations ¢ and the combining function g, without any function f over the m-order neighborhood.
As established in Theorem [3.2] such models cannot distinguish between links whose endpoints are
automorphic. In contrast, NCN, Neo-GNN, ELPH, and SEAL incorporate neighborhood-level func-
tions f (all with injective COMB operations, namely concatenation), which increases their expressive
power.

2. According to Table Neo-GNN uses a fixed number of message-passing layers [No-ONN — 1
while NCN allows [NN to be freely chosen. Since both models operate with the same type of base
function p (e.g., 1-WL), Theorem [3.2|implies that if [NN > y,Neo-GNN “then NCN can simulate or
surpass Neo-GNN'’s receptive field and representational capability. Hence, Neo-GNN < NCN.

3. By design, ELPH does not use any message-passing layers (IELPH = (0, see Table , and instead
aggregates counts over the m-hop neighborhood. If Neo-GNN uses a neighborhood of size at least
mFPH 1 then Theorem ensures it can access all the information available to ELPH and apply
additional learned transformations via its GNN layers. Thus, Neo-GNN is more expressive.

radius mNCN = 1 (Table|1)), but allows a configurable number of layers. If NN > mELPH 1 then
by Theorem [3.2]NCN can effectively capture structural signals that ELPH computes with wider but
shallower architectures, achieving greater expressiveness.

4. ELPH relies only on aregated neighborhood counts and uses [F-PH = 0 layers. NCN uses a fixed
1

5. SEAL is more expressive due to both its flexible architecture and enhanced message-passing
capabilities. Specifically, SEAL builds a subgraph around the link and augments the adjacency matrix
with positional encodings that are link-aware, effectively allowing a learned structural encoding over
the link neighborhood N™ (u, v). This corresponds to the expressive power of a higher-order WL
test (namely 1-| N (u, v)|-WL [59]), which is strictly more powerful than 1-WL. Moreover, SEAL
allows arbitrary mSEAL and [SEAL, so for any other model with weaker p, one can always configure
SEAL with the same m and a sufficient number of layers to match or exceed its expressiveness.
Prior results have shown that highly expressive architectures may require deeper message passing to
converge [21, 25]], which SEAL supports by design.

B Additional Information on LR-EXP

B.1 Evaluation method

This section provides a more detailed explanation of how the two components of the Reliable Paired
Comparison work to evaluate different models in the synthetic setting.

Major Procedure Given a graph GG, we select two structurally distinct links e = (u,v),¢’ =

(uv',v"). Then we create ¢ isomorphic copies {G1, Ga, ..., G4} by randomly permuting its nodes.
For each copy G; and pair of links e;, e;, we compute the embedding differences:
di = f(Giyei) — f(Gi,e;), i€ g, (15)

where f is the embedding function learned by the model. Assuming that the difference vectors are
independent random vectors N (u, 32), we consider that f(G;) follows a Gaussian distribution, so
random permutations only introduce Gaussian noise into the results.

If the model is not able to distinguish links e and €', the mean difference should be p = 0. To
check this a a—level Hotelling’s T-square test is conducted, comparing hypothesis Hy : © = 0 and
H; : i # 0. The T2 —statistic for y is calculed as:

T2 =q(d—p)"S™H(d — p), (16)
where
-1 1 U _ _
d=->"d;, S= ﬁZ(di—d)(di—d)T. (17)
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Hotelling’s T-square test establishes that 72 follows the distribution of a random variable
%Fd’q,d, where F,; ,_q represents an F'-distribution with degrees of freedom d and ¢ — d
[23]. This theorem provides a link between the unknown parameter p and a specific distribution
F4,4—aq, enabling us to validate the confidence interval of 4 by analyzing how well it matches the

assumed distribution. To evaluate the hypothesis Hy : ¢ = 0, we substitute ;o = 0 into Equation

(16), leading to:

T2, =qd S~'d. (18)

An a-level test of Hy : p = 0 against the alternative H; : p # 0 supports Hy (meaning the model
fails to differentiate the pair) if:

o (g—1)d
T2 — dT 71d (q
st = qd” S < (¢ —d)

where Fy 4 4(a) represents the upper (100«)-th percentile of the F-distribution Fy 44 [20], with
degrees of freedom d and ¢ — d. Conversely, we reject Hy (indicating that the model successfully
distinguishes the pair) if:

Faq—ala), (19)

T2, =qd S~'d> MFd g—d(). (20)
(¢g-d)

Reliability Check By selecting an appropriate value of «, the Main Procedure ensures a reliable

confidence interval to evaluate distinguishability. However, choosing « heuristically may not be the

optimal approach. Additionally, computational precision can introduce deviations in the assumed

Gaussian fluctuations. To address this issue, we employ the Reliability Check, which captures both

external differences between two graphs and internal variations within a single graph.

Without loss of generality (WLOG), we replace (G;, e;) with a permutation of G, denoted as (G™, e™).
This allows us to analyze the internal fluctuations of G for the same link. We follow the same steps
as in the Main Procedure.

Proceeding with (G, ;) and (GT, €T ), we compute the 7>-statistic as:

IR}

Trﬁliabﬂity =qd"57'd, (21
where

14
d=2) di di=f(Gie) = f(G.ef), icla), (22)

i=1

1 < - -
§=—= (di—d)(di—d)T. (23)
R

Since G and G™ are isomorphic, the GNN should not differentiate between them, implying that
1 = 0. Consequently, the test is considered reliable only if

—1)d
zﬁuability < MF d,g—d (). (24

(¢—a)

By combining the reliability check with the distinguishability results, we obtain the full RPC
Reliability Procedure Check.

For each pair of structurally different links e and ¢, the threshold is computed as:

(g—1)d

Threshold = ———
(¢ —d)

Fd7q_d(a). (25)
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Next, we perform the Main Procedure on ¢ and ¢’ to evaluate distinguishability, and we conduct the
Reliability Check on e and e™. The GNN is considered capable of distinguishing e and ¢’ only if both
conditions

T2 < Threshold < T2

reliability test

(26)

are satisfied.

B.2 Experimental Results with different significance level values

We tested the sensitivity of results of Section[d.3]to the choice of the significance level in the reliability
check. Specifically, we experimented with three commonly used values in statistical testing, i.e., .
The resulting performance on LR-EXP are reported in Table 4]

As expected, all standard GNN models consistently fail to recognize any links, regardless of the
significance level. Among the more expressive models, the majority show stable behavior across
different values of significance, with fluctuations that remain within the standard deviation. BUDDY
and NCN exhibit slightly larger fluctuations in absolute value, but the key point for this experiment is
the expressiveness ranking across models. This ranking remains robust across all significance levels,
with one minor exception: at significance level 0.1, Neo-GNN slightly surpasses NCN. However, this
difference falls within the standard deviation range.

Table 4: Test Precision (mean = std over 5 runs) for significance level values 0.1, 0.05,0.01.

Model 0.1 0.05 0.01
GCN 0£0 00 0=£0
GAT 00 00 0=£0
GAE 00 00 0=£0
SAGE 110 8+4 3=£0

BUDDY 54+5 45+£1 589+1
ELPH 61+1 62£7 62%1
Neo-GNN 76+6 75+2 7T1+£2
NCN 70+1 75£1 81+1
SEAL 92+0 970 97£0

C Further Experiments on LR-EXP

In the experiment of Section [4.3] to ensure a fair comparison, we selected for each model the
maximum neighborhood radius that makes it as expressive as possible while still respecting its design
constraints. For example, in models like NCN, the radius is fixed by design and equal to 1, so it cannot
be varied. In others, such as ELPH, the radius is tunable but is constrained to a maximum of 3 by the
original authors for computational reasons, and we adopted that upper bound. As for GNN depth, we
fixed the number of layers to 3 as commonly done in the literature [42]].To explore this further, we
conducted two additional experiments on the LR-EXP dataset: 1) Fixed radius m = 1, varying the
number of layers (see Table[3)); 2) Fixed number of layers [ = 3, varying the neighborhood radius
(see Table[6).

Table 5: 1) Fixed Radius = 1

#Layers NCN  Neo-GNN ELPH  SEAL

1 74+1 42+4 40+4 T79+£3
2 H+1 42+4 55+4 89+£1
3 HE1 45+3 62+2 89=£2

These results are fully consistent with Theorem (Point 2): when fixing the radius, increasing
the number of layers improves expressiveness in all the models; when fixing the number of layers,
increasing the radius also improves expressiveness in all the models.
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Table 6: 2) Fixed # Layers =3

Radius NCN  Neo-GNN ELPH  SEAL

1 7Ht1 45+ 3 62+2 89£2
2 — 63 +3 614 90x3
3 — 752 627 97x0

D Computational Costs

The overall time complexity of models for link prediction can be expressed as O (B + Ct), where ¢ is
the number of links to be predicted, B is the preprocessing cost and C' per-link cost [46]. In Table[7]
we report the time complexity of existing models, where n is the number of nodes, d is the maximum
node degree, h is the complexity of the hash function used in BUDDY, f is the feature dimension and
m is the radius of the neighborhood.

Table 7: Time complexity of models expressed as O(B + Ct), where t is the number of links to be
predicted, B is the preprocessing cost and C per-link cost.

Method B C

GAE ndf +nf? f?
Neo-GNN  ndf + nf? + nd™ dm + f?
BUDDY ndf + nh h+ f?
SEAL 0 dmHD f 4 dm f2
NCN ndf + nf? df + 2
NCNC ndf +nf? d*f + df?

Among these, SEAL is the most expressive but also the most computationally expensive, due to its
exponential dependence on the neighborhood radius. NCN and BUDDY provide the best trade-off
between expressiveness and computational cost. Neo-GNN, while more expensive than NCN, is in
fact less expressive. GAE is the least costly, but also the least expressive.

E Experimental details

E.1 Real world datasets

Table [§] presents the statistics of the standard datasets commonly used for link prediction tasks.
The Cora, Citeseer, and Pubmed datasets are well-known citation networks, often employed as
benchmarks for graph-based learning methods. These datasets are relatively small in scale, both in
terms of nodes and edges. In contrast, the OGB (Open Graph Benchmark) datasets including ogbl-
collab, ogbl-ddi, ogbl-ppa, and ogbl-citation2 are significantly larger and more complex, providing
challenging benchmarks for evaluating scalability and performance on large graphs.

For Cora, Citeseer, and Pubmed, we adopt a fixed train/validation/test split of 85/5/10%. For the
OGB datasets, we use the official splits provided by the OGB benchmark.

Table 8: Statistics of datasets. The split ratio is for train/validation/test.

Dataset Cora  Citeseer Pubmed ogbl-collab ogbl-ddi  ogbl-ppa  ogbl-citation2
#Nodes 2,708 3,327 18,717 235,868 4,267 576,289 2,927,963
#Edges 5278 4,676 44,327 1,285,465 1,334,889 30,326,273 30,561,187
Mean Degree ~ 3.90 2.81 4.74 10.90 625.68 105.25 20.88
Split Ratio 85/5/10  85/5/10  85/5/10 92/4/4 80/10/10  70/20/10 98/1/1

Table [9] reports the statistics of additional datasets characterized by high symmetry, which are
also used in our experiments. These datasets span various domains, including social networks,
biological systems, and knowledge graphs, offering diverse structural properties and serving as
valuable benchmarks for evaluating models under highly regular and repetitive connection patterns.
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Specifically, the AIFIf] dataset models the organizational structure of the AIFB research institute,
capturing relationships among its staff, research groups, and publications. Edit-TSW? models user
interactions and content editing activities within the Wiktionary platform. Finally, the NSCEL YST?,
and GRQ? datasets, introduced in [[12]], focus on relational learning tasks and exhibit highly symmetric
structures, making them particularly suitable for evaluating link prediction models.

Table 9: Statistics of datasets. The split ratio is for train/validation/test.

Dataset NSC YST GRQ aifb edit-tsw
#Nodes 332 2,284 5,241 8,285 1,079
#Edges 2,126 6,646 14,484 46,042 2.756

Mean Degree  12.81 5.82 5.53 5.56 5.11
Split Ratio 80/10/10 80/10/10 80/10/10 80/10/10 80/10/10

E.2 Implementation details

This section provides hyperparameters details for all models trained and evaluated on both LR-EXP
and the real-world datasets. All experiments were conducted on a workstation running Ubuntu 22.04
with an AMD Ryzen 9 7950X CPU (32 threads), 124GB of RAM, and two NVIDIA GeForce RTX
4090 GPUs (24GB each).

Synthetic Hyperparameter Settings We present the hyperparameter search space for the LR-EXP
datasets in Table [I0] For each model, we initially followed the hyperparameter configurations
proposed in their respective papers. However, due to the small size of the synthetic graphs in LR-EXP,
we significantly reduced the embedding dimensions, which led to improved performance in most
cases.

Table 10: Hyperparameter Search Ranges for LR-EXP. Abbreviations: LR = Learning Rate, Drop. =
Dropout, WD = Weight Decay, #L. = Number of Model Layers, #P = Number of Prediction Layers,
Dim = Embedding Dimension.

Dataset LR Drop. WD #L #P Dim
LR-EXP (0.01,0.001) (0.1,0.3,0.5) (le-4,1e-7,0) (1,2,3) (1,2,3) (2-256)

Real-World Hyperparameter Settings We report the hyperparameter search space for all real-
world datasets used in our experiments in Table@ For Cora, Citeseer, Pubmed, ogbl-collab, ogbl-ddi,
ogbl-ppa, and ogbl-citation2, we adopt the hyperparameter settings declared in the paper [32]. For
the remaining datasets, NSC, YST, GRQ, aifb, and edit-tsw, we conducted a hyperparameter search
using the ranges specified in the table.

F Real-world results with standard deviations

In this section, we present the same results as in Table[3] now including standard deviations computed
over 5 runs with different random seeds. Specifically, Table [I2]reports the MRR results on standard
small datasets, Table E] shows the MRR results on the OGB benchmark, and Table ['IE] reports the
MRR results for highly symmetric datasets.

Hits@k. We also report the Hits @k metric, using k£ = 10 for the standard small datasets (Table|I5)
and for the new highly symmetric dataset (Table[I6), and k = 20 for the larger datasets (Table[17)),
following the evaluation protocol of Li et al. [32].

Shttps://pytorch-geometric.readthedocs.io/
Shttps://github.com/LeiCaiwsu/LGLP/tree/main/LGLP/Python/data
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Table 11: Hyperparameter search ranges for all real-world datasets. Abbreviations: LR = Learning
Rate, Drop. = Dropout, WD = Weight Decay, #L. = Number of Model Layers, #P = Number of
Prediction Layers, Dim = Embedding Dimension.

Dataset LR Drop. WD #L #P Dim
Cora (0.01,0.001) (0.1,0.3,0.5) (le-4,1e-7,0) (1,2,3) (1,2,3) (128,256)
Citeseer (0.01,0.001) (0.1,0.3,0.5) (le-4,1e-7,0) (1,2,3) (1,2,3) (128,256)
Pubmed (0.01, 0.001) (0.1,0.3,0.5) (le-4,1e-7,0) (1,2,3) (1,2,3) (128,256)
ogbl-collab (0.01,0.001) (0,0.3,0.5) 0 3 3 256
ogbl-ddi (0.01, 0.001) (0,0.3,0.5) 0 3 3 256
ogbl-ppa (0.01, 0.001) (0,0.3,0.5) 0 3 3 256
ogbl-citation2 (0.01,0.001) (0, 0.3, 0.5) 0 3 3 128
NSC (0.01,0.001) (0.1,0.3,0.5) (le-4,1e-7,0) (1,2,3) (1,2,3) (64, 128,256)
YST (0.01,0.001) (0.1,0.3,0.5) (le-4,1e-7,0) (1,2,3) (1,2,3) (64, 128,256)
GRQ (0.01,0.001) (0.1,0.3,0.5) (le-4,1e-7,0) (1,2,3) (1,2,3) (64, 128,256)
aifb (0.01,0.001) (0.1,0.3,0.5) (le-4,1e-7,0) (1,2,3) (1,2,3) (64, 128,256)
edit-tsw (0.01,0.001) (0.1,0.3,0.5) (le-4,1e-7,0) (1,2,3) (1,2,3) (64, 128,256)

Table 12: MRR with standard deviations on real-world link prediction datasets.

Models NSC YST GRQ AIFB EDIT-TSW

el 0.16 0.24 0.30 0.41 0.67

GCN 26.79 (£ 1.08) 1.17 (£0.02) 6.89 (+047) 10.85(+£0.12) 4.12(+021)

GAT 2.47 (358 040000 0.63 (0400 1.07(x051) 0.40 (£ 0.00)

SAGE 2032 (+ 011  1.77 (+138) 134 (*132) 0.54(£008 8.35(x7.27)

GAE 16.61 (10000 2.32(£0.01) 2.32(£0.01) 1098 (£0.01) 3.54 (£0.01)

BUDDY 18.40 (£ 0.07) 13.68 (£ 0.61) 46.23 (£042) 13.73 (+0.11) 22.66 (- 0.46)

ELPH 26.09 (£ 1.04) 13.15(+1.12) 38.88 (+0.55) 10.10 (£ 7.37)

Neo-GNN  22.86 (£0.75) 5.78 (£0.12) 29.51 (+038) 13.11 (+0.51) 8.10 (+0.29)

NCN 30.36 (+0.28)  11.99 (+0.06) 48.45 (+0.02) 6.47 (£0.23)

NCNC 0oM 10.30 (£ 0.39)

SEAL 30.85 (- 1.46) 17.51 (+£0.94) 56.72 (£1.35) 16.30 (+0.22) 25.82 (+1.47)

Table 13: MRR with standard deviations on real-world link prediction datasets.

Models CORA CITESEER PUBMED
el 0.02 0.02 0.08
GCN 16.61 (+0.30) 21.09 (£088) 7.13 (£0.27)
GAT 13.84 (£ 0.68) 19.58 (£ 0.84) 4.95 (+£0.14)
SAGE 14.74 (£ 0.69) 21.09 (+1.15) 9.40 (= 0.70)
GAE 18.32 (£ 0.41) 25.25 (+0.82) 5.27 (£0.25)
BUDDY 13.71 (£ 0.59) 22.84 (+0.36) 7.56 (£ 0.18)
Neo-GNN 1395 (£039) 17.34 (£084) 7.74 (+0.30)
NCN 14.66 (£ 0.95) 5.84 (+£0.22)
NCNC 24.10 (£ 0.65)

SEAL 10.67 (£ 3.46) 13.16 (£ 1.66) 5.88 (+0.53)

Table 14: MRR with standard deviations on real-world link prediction datasets.

Models OGBL-CITATION2  OGBL-DDI OGBL-PPA  OGBL-COLLAB
e 0.01 0.10 0.12 0.13
GCN 19.98 (£ 0.35) 13.46 (+0.34) 26.94 (+0.48) 6.09 (+ 0.38)
GAT 22.05 (£ 0.12) 12.92 (+0.39) 27.27 (4-0.30) 4.18 (£0.33)
SAGE ooM ooM 5.53 (£ 0.50)
GAE ooM 3.49 (& 1.73) ooM 00M
BUDDY 19.17 (£ 0.20) 12.43 (£ 0.50) 27.00 (£ 0.33) 5.67 (& 0.36)
Neo-GNN 16.12 (£ 0.25) 10.86 (+2.16) 21.68 (+ 1.14) 5.23 (4 0.90)
NCN 23.35 (4 0.28) 12.86 (+0.78) 35.06 (+ 0.26) 5.09 (& 0.38)
NCNC 19.61 (£ 0.54) >24h 33.52 (0260  4.73 (£0.86)
SEAL 9.99 (4 0.90) 6.43 (+0.32)
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Table 15: Hits@ 10 with standard deviations on real-world link prediction datasets.

Models NSC YST GRQ AIFB EDIT-TSW
e 0.16 0.24 0.30 0.41 0.67
GCN 43.08 (= 1.36) 0.75(£0.00) 13.47 (£297) 17.56(+£0.92) 591 (£0.97)
GAT 2.36 (£4.09 0.00 (000 044 (+076) 1.51(£1.73)  0.00 (£ 0.00)
SAGE 24.06 (£3.68) 3.56 (£3.96) 2.44 (+417) 0.41(+038) 10.67 (£ 10.07)
GAE 30.38 (£9.90) 3.38 (£0.00) 3.38(+£0.000 1692 (+0.09  3.80 (+ 0.00)

BUDDY 2893 (+268) 22.89 (+0.69) 67.26 (£0.25 24.28 (+0.57) 36.00 (+£2.27)
ELPH 38.37 (£ 0.72) 22.34 (+£1.15) 59.44 (£099) 26.19 (+1.83) 21.45 (£ 15.19)

Neo-GNN 37.11 (£0.72) 10.29 (£ 0.17) 44.50 (& 0.24) 12.36 (+ 1.09)
NCN 47.17 (+0.94) 20.03 (£0.00) 68.67 (+0.14) 9.42 (+076) 16.48 (+0.56)
NCNC ooM 15.03 (£ 1.87)
SEAL 51.26 (+0.98) 28.36 (-1.46) 71.64 (-1.04) 31.84 (+0.70) 42.55 (& 2.39)

Table 16: Hits@ 10 with standard deviations on real-world link prediction datasets.

Models CORA CITESEER PUBMED
e 0.02 0.02 0.08
GCN 36.26 (+1.14) 47.23 (+1.88) 15.22 (+£0.57)
GAT 32.89 (£1.27) 4530 (£1.30) 9.99 (& 0.64)
SAGE 34.65 (£ 1.47) 48.75 (£ 1.85 20.54 (+ 1.40)
GAE 37.95 (+1.24) 49.65 (+1.48) 10.50 (£ 0.46)

BUDDY  30.40 (£1.18) 48.35 (+1.18) 16.78 (£0.53)
Neo-GNN 3127 (£0.72) 41.74 (£1.18) 17.88 (£0.71)

NCN 35.14 (£ 1.04) 13.22 (£ 0.56)
NCNC 53.72 (+0.97)
SEAL 2427 (£ 6.74) 27.37 (£320) 12.47 (+1.23)

Table 17: Hits@20 with standard deviations on real-world link prediction datasets.

Models OGBL-CITATION2  OGBL-DDI OGBL-PPA  OGBL-COLLAB

TG 0.01 0.10 0.12 0.13
GCN 51.72 (£ 0.46) 64.76 (£ 1.45) 68.38 (£0.73) 22.48 (£ 0.81)
GAT 53.13 (£ 0.15) 66.83 (+2.23) 69.49 (+£043) 18.30 (+ 1.42)
SAGE 00M 67.19 (+ 1.18) 0oM 21.26 (£ 1.32)
GAE 0ooM 17.81 (£ 9.80) 00OM ooM

BUDDY 47.81 (+0.37) 58.71 (£1.63) 71.50 (£0.68)  23.35 (+£0.73)
Neo-GNN 43.17 (£ 0.53) 51.94 (+£1033) 64.81 (+226) 21.03 (+3.39)

NCN 81.89 (+0.31) 20.84 (+1.31)
NCNC 51.69 (£ 1.48) >24h 82.24 (+0.40)  20.49 (+3.97)
SEAL 48.62 (£ 1.93) 49.74 (+2.39) 21.57 (£0.38)
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