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Abstract

Graph Neural Networks (GNNs) have emerged as a domi-
nant paradigm for graph classification. Specifically, most ex-
isting GNNs mainly rely on the message passing strategy be-
tween neighbor nodes, where the expressivity is limited by
the 1-dimensional Weisfeiler-Lehman (1-WL) test. Although
a number of k-WL-based GNNs have been proposed to
overcome this limitation, their computational cost increases
rapidly with k, significantly restricting the practical appli-
cability. Moreover, since the k-WL models mainly operate
on node tuples, these k-WL-based GNNs cannot retain fine-
grained node- or edge-level semantics required by attribution
methods (e.g., Integrated Gradients), leading to the less in-
terpretable problem. To overcome the above shortcomings,
in this paper, we propose a novel Line Graph Aggregation
Network (LGAN), that constructs a line graph from the in-
duced subgraph centered at each node to perform the higher-
order aggregation. We theoretically prove that the LGAN
not only possesses the greater expressive power than the 2-
WL under injective aggregation assumptions, but also has
lower time complexity. Empirical evaluations on benchmarks
demonstrate that the LGAN outperforms state-of-the-art k-
WL-based GNNs, while offering better interpretability.

1 Introduction
Recently, Graph Neural Networks (GNNs) have proven to
be powerful tools for graph-structured data analysis across
various domains (Bai et al. 2023; Cui et al. 2024; Qin et al.
2025). Most GNNs follow the message-passing framework,
where each node updates its representation by aggregating
information from its neighbors, thereby incorporating both
node features and graph topology.

A fundamental limitation of such Message Passing Neu-
ral Networks (MPNNs) lies in their inability to distinguish
certain non-isomorphic graphs, which has been proven to
be at most as powerful as the 1-dimensional Weisfeiler-
Lehman (1-WL) test (Xu et al. 2019). This limitation is
usually caused by ignoring interactions among neighbors,
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Figure 1: Motivating example: why 1-WL fails and line-
graph-based aggregation succeeds.

so that the MPNNs cannot distinguish the subtle structural
differences like triangles. For instance, Figure 1 exhibits a
pair of graphs G and H , that are non-isomorphic but indis-
tinguishable under the 1-WL test. The red target node 1 in
both graphs aggregates messages from an identical multiset
of neighbors (i.e., nodes 2 and 3), leading to identical hash
updates despite distinct substructures.

To overcome the expressivity limitations of MPNNs, re-
searchers have developed a number of alternative GNNs
based on the higher-order k-WL test (Cai, Fürer, and Im-
merman 1992; Shervashidze et al. 2011) or stronger variants
such as the k-FWL (Folklore Weisfeiler-Lehman) test. Since
the k-WL test provides a more powerful framework for cap-
turing the structural similarity of graphs, these k-WL-based
GNNs simulating the higher-order isomorphism tests can
achieve better performance on challenging graph learning
tasks (Morris et al. 2021; Maron et al. 2020; Morris, Rattan,
and Mutzel 2020; Bodnar et al. 2022). However, they rely on
operations over node tuples or sets. While increasing k en-
ables capturing higher-order node interactions (Sato 2020;
Huang and Villar 2021), this design also results in greater
computational overhead and reduced interpretability.

On the other hand, the line graphs from the classical graph
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theory have recently offered another promising direction for
improving the expressive power of GNNs. For a line graph,
each node corresponds to an edge of the original graph struc-
ture, and each edge is formed if its connected nodes cor-
responding to the original edges sharing the same original
node. This construction inherently captures the higher-order
structural information that is not directly accessible in the
original graph. As shown in Figure 1, the line graph of
the induced subgraph centered at node 1 encodes not only
the node-neighbor relations (1, 2) and (1, 3), but also the
neighbor-neighbor interactions (2, 3), enabling more expres-
sive and structure-aware aggregation. Thus, this enriched
representation can naturally distinguish graphs G and H
with just one iteration. Motivated by this observation, the
line-graph-based neural networks have attracted growing at-
tention, particularly in edge-centric tasks such as link pre-
diction (Zhang et al. 2023; Liang et al. 2025) and commu-
nity detection (Chen, Li, and Bruna 2020). However, their
theoretical connection to the k-WL test is still not clear, in-
fluencing the employments for other graph-level tasks.

To address the above shortcomings, we propose a novel
GNN framework, namely the Line Graph Aggregation
Network (LGAN), for graph classification. Our key idea is
to perform the information aggregation associated with the
line graphs, that are constructed from the induced subgraph
centered at each node. The proposed method can employ ei-
ther the structural relationship between an original graph and
its line graph or the favorable properties of the line graph.
Overall, the main contributions are threefold.

1. We introduce the LGAN, a novel line-graph-based
GNN for graph-level tasks. Unlike the previous line-
graph-based methods focusing on edge-level tasks, the
LGAN constructs line graphs over the node-centered
subgraphs and further aggregates their messages to rep-
resent the whole graph. Moreover, the LGAN employs a
dual aggregation design over the line graph to reinforce
its isomorphic correspondence with the original graph.

2. We prove the expressive power of the LGAN and
its relationship to the k-WL test. We prove that the
LGAN surpasses the 2-WL test, under the assumption
that aggregation-related functions are injective. More-
over, we show that the LGAN simulates the behavior of
2-FWL in a localized manner, while reducing the time
complexity from cubic to nearly linear on sparse graphs.

3. We empirically validate the performance of the
LGAN on graph classification tasks. The LGAN con-
sistently outperforms or matches state-of-the-art base-
lines including the k-WL-based models. Moreover, the
LGAN enables the visualization of important substruc-
tures in both synthetic and real-world graphs through
edge-level attributions.

2 Preliminary Concepts
2.1 The Basic Notations
Let G(V,E,XV ) be an undirected graph with node set V ,
edge set E, and node feature matrix XV = {xv ∈ Rd |
v ∈ V }. The number of nodes and edges in G are denoted

by n = |V | and m = |E|, respectively. The degree of a
node v ∈ V is denoted by dv . The neighborhood of a node
v is defined as N (v) = {u ∈ V | (v, u) ∈ E}. A pair of
isomorphic graphs G and H are denoted as G ∼= H . There
exists a bijection φ : V (G) → V (H) such that (u, v) ∈
E(G) if and only if (φ(u), φ(v)) ∈ E(H). {{·}} denotes a
multiset, a set that allows repeated elements.

2.2 The Weisfeiler-Lehman Test
We commence by introducing the 1-WL test (Weisfeiler and
Leman 1968), which is a well-known algorithm for graph
isomorphism test. Given a labeled graph (G, ℓ), the algo-
rithm proceeds by iteratively updating the node representa-
tions based on the local neighborhood information. Initially,
each node is assigned a color by hashing its input features.
At iteration l > 0, each node v ∈ V updates its color by
aggregating various colors of its multiset neighbors from the
previous iteration and applying a hash function to this mul-
tiset with its previous color. The update rule is given by

c(l)v = HASH
(
c(l−1)
v , {{c(l−1)

u | u ∈ N (v)}}
)
. (1)

where c(l)v denotes the color (i.e., the label) of node v at iter-
ation l, and HASH(·) is an injective function to preserve dis-
tinctions between different inputs. This process is repeated
until the color assignments converge, i.e., no further changes
occur across iterations. It can be observed that the 1-WL al-
gorithm cannot distinguish all non-isomorphic graphs, as il-
lustrated in Figure 1.

We next introduce the k-WL test, a natural generaliza-
tion of the 1-WL algorithm. Unlike the 1-WL that colors
individual nodes, the k-WL test operates on the k-tuples of
nodes and refines their labels by incorporating the structure
of the induced k-dimensional neighborhoods. Given a la-
beled graph (G, ℓ), the algorithm first assigns initial colors
to all k-tuples of nodes based on their isomorphism types
and labels. At each iteration l > 0, the color of a k-tuple
v = (v1, . . . , vk) ∈ V k is updated by aggregating the col-
ors of its neighboring tuples. Specifically, for each position
i ∈ {1, . . . , k}, we compute the multiset of colors of all tu-
ples obtained by replacing the i-th element of v with every
possible node w ∈ V , and then update the color of v. This
process is defined as

c
(l)
v,i ← {{c

(l−1)
v(i→w)

| w ∈ V }}, (2a)

c(l)v = HASH
(
c(l−1)
v , c

(l)
v,1, c

(l)
v,2, . . . , c

(l)
v,k

)
. (2b)

where v(i→w) denotes the k-tuple resulting from replacing
the i-th entry of v with node w, c(l−1)

v(i→w)
is the color assigned

to the modified tuple at the previous iteration (l−1), c(l)v,i de-
notes the multiset of colors obtained by varying the i-th ele-
ment of v, and c(l)v is the updated color of tuple v at iteration
l. The process repeats until the coloring stabilizes.

We then describe the k-FWL test, a variant of the k-WL
test that is often referred to the Folklore version. Given a la-
beled graph (G, ℓ), each k-tuple v = (v1, . . . , vk) ∈ V k is
initially colored according to its isomorphism type and node
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labels. At each iteration l > 0, the color of a k-tuple v is up-
dated by first constructing a k-dimensional color vector for
each node w ∈ V , and then mapping these vectors together
with the previous color into a new color. Specifically,

c
(l)
v,w ←

(
c
(l−1)
v(1→w)

, . . . , c
(l−1)
v(k→w)

)
, (3a)

c
(l)
v = HASH

(
c
(l−1)
v , {{c(l)v,w | w ∈ V }}

)
. (3b)

Here, c(l)v,w denotes the k-dimensional color vector obtained
by collecting the colors c(l−1)

v(i→w)
of modified tuples v(i→w),

and c(l)v is the updated color of tuple v at iteration l, com-
puted by hashing its previous color with the multiset of these
vectors. The iteration continues until convergence.

Note that, for all k ≥ 2, the expressive power of the k-
FWL test matches that of the (k + 1)-WL test (Grohe and
Otto 2015; Grohe 2017, 2022).

2.3 The Line Graph
Given an undirected graph G(V,E), its line graph L(G)
is a dual graph whose node set corresponds to the edge set
of G, i.e., V (L(G)) = E(G). For L(G), a pair of nodes
e1 = (u1, v1) and e2 = (u2, v2) are connected by an edge,
if and only if the corresponding edges in G share at least
one common endpoint. The line graph has some important
properties that illustrate its relationship to the original graph.
In particular, if the original graph G is connected, then its
line graph L(G) is also connected. And if two graphs G and
H are isomorphic, i.e., G ∼= H , then their line graphs are
also isomorphic, i.e., L(G) ∼= L(H). Moreover, an impor-
tant classical result from the graph theory (Whitney 1992)
states the following isomorphism property of the line graph.
Theorem 1 (Whitney’s Isomorphism Theorem). LetG1 and
G2 be two connected graphs that are neither a triangle (K3)
nor a claw graph (K1,3). If their line graphs are isomorphic,
i.e., L(G1) ∼= L(G2), then the original graphs are also iso-
morphic, i.e., G1

∼= G2.
The above theorem serves as an important theoretical

foundation for the design of our work. Specifically, this the-
orem implies that, except for the special case K3 and K1,3,
the structure of a graph can be uniquely reconstructed from
its line graph. Our model will handle these exceptions via
a tailored aggregation design, thus ensuring the theorem’s
necessity and sufficiency within our framework.

3 Related Works
3.1 The k-WL-based GNNs
In recent years, several higher-order methods have been pro-
posed to overcome the expressivity limitations of MPNNs.
Among them, the k-WL-based GNNs are most relevant to
our work. Notably, Morris et al. (2021) introduced the k-
dimensional GNNs (k-GNNs), that improve the scalabil-
ity by simulating the set-based k-WL, but lose fine-grained
structural information. Maron et al. (2020) proposed Prov-
ably Powerful Graph Networks (PPGN), which bypass the
combinatorial k-WL simulation by directly applying global
matrix multiplications to encode pairwise interactions, but

lack localized message passing to explicitly model substruc-
tures such as triangles. Morris, Rattan, and Mutzel (2020)
proposed a localized variant of the k-WL (δ-k-LGNN) to
reduce the computational overhead, yet it remains mainly
effective on sparse graphs. Bodnar et al. (2022) introduced
CW Networks, which transform the original graph into a cell
complex—a topological abstraction that is less intuitive than
structures like line graphs. Overall, these models show that
k-order invariant or equivariant GNNs can achieve expres-
sivity equivalent to the k-WL isomorphism test.

Although these k-WL-based models capture higher-
order structural information, their computational cost grows
rapidly with increasing k. Even for moderate values such
as k=3, the memory and runtime costs become intractable
on real-world graphs. Moreover, models defined on node tu-
ples or sets tend to dilute node-level semantics, limiting in-
terpretability in practice. To address these issues, we will
propose a novel LGAN model, which performs line-graph-
based local aggregation to emulate the k-WL while preserv-
ing effective node-level representations.

3.2 The Line-Graph-Based Neural Networks
Line-graph-based neural networks have gained increasing
attention for leveraging line graphs to model edge rela-
tions (Cai et al. 2021; Zhang et al. 2023; Liang et al.
2025). These methods typically reformulate the edge pre-
diction on the original graph as a node prediction task on
its line graph. Beyond encoding the edge-centric relation-
ships, the line graphs possess several well-established the-
oretical properties that make them particularly suitable for
simulating higher-order isomorphism tests such as the k-
WL. For example, the line graphs are tightly connected
to the fundamental graph properties like connectivity and
isomorphism (Whitney 1992), and they support the linear-
time complexity algorithms for reconstructing the original
graph (Roussopoulos 1973; Lehot 1974). In addition, several
studies in hypergraph modeling have shown that the line-
graph-based representations are advantageous for capturing
complex relational structures (Bai, Ren, and Hancock 2014;
Bai, Escolano, and Hancock 2016).

However, existing line-graph-based networks mainly fo-
cus on edge-level tasks, without fully leveraging the struc-
tural properties. In contrast, our LGAN targets graph-level
classification with a tailored aggregation mechanism to cap-
ture the structural information. Furthermore, we will bridge
the gap between line graphs and the k-WL tests by formally
analyzing the expressivity of the proposed framework.

4 The Proposed LGAN Model
In this section, we give the detailed definition of the pro-
posed LGAN model. As illustrated by Figure 2, for each tar-
get node, the proposed LGAN performs the localized mes-
sage passing, by first extracting the 1-hop subgraph around
each target node and constructing a line graph over this sub-
graph. Then the features through both target-neighbor and
neighbor-neighbor interactions are aggregated to update the
representation of the node. Finally, a multi-layer stacking
scheme and global readout function are also employed for
graph-level tasks. Below, we define these core components.
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Figure 2: Overview of the Line Graph Aggregation Network (LGAN). For each target node, the LGAN constructs the induced
subgraph, transforms it into a line graph, and performs two relation-specific aggregations: AGGRt (red) for target–neighbor
node pairs (i.e., edges sharing the same target node) and AGGRn (blue) for neighbor–neighbor node pairs, followed by an
UPDATE fusion. The examples on K3 and K1,3 illustrate how LGAN resolves the exceptional cases in Whitney’s Theorem 1.

4.1 The Line Graph Construction
Given an input graph G(V,E), the LGAN updates the hid-
den representation of each target node t ∈ V at layer l, de-
noted by h

(l)
t ∈ Rd. It first constructs an induced subgraph

Gt = (Vt, Et) centered at t, where Vt = {t} ∪ N (t) and
Et = {(u, v) ∈ E | u, v ∈ Vt}. Then, the LGAN builds the
line graph L(Gt) = (Et, Et), where each node represents an
edge in Gt, and two nodes e1, e2 ∈ Et are connected in Et
if they share a common endpoint in Gt.

4.2 The Relation-Specific Aggregation
Let h(l−1)

{u,v} denote the representation of a node in the line
graph L(Gt) at layer l−1, corresponding to the node pair
{u, v} ∈ E(Gt) in the original graph. It is computed as

h
(l−1)
{u,v} = COMBpair

(
h(l−1)
u ,h(l−1)

v

)
, (4)

where COMBpair denotes a symmetric combination func-
tion (e.g., element-wise summation) for mapping unordered
node pairs to line graph node representation.

Then, the LGAN defines two relation-specific aggrega-
tions over the line graph L(Gt) as follows.
• Target–Neighbor Aggregation: Aggregates features of

node pairs {t, p} incident to the target node t.
• Neighbor–Neighbor Aggregation: Aggregates features

of node pairs {p, q} among the neighbors of t.
These aggregations correspond to the red and blue rectan-

gles in Figure 2, labeled as AGGRt and AGGRn, respec-
tively. To summarize the LGAN, we formally express the
updated representation of the target node t at layer l as

h
(l)
t = ϕ

(
AGGRt

(
{{h(l−1)

{t,p} }}
)
,AGGRn

(
{{h(l−1)

{p,q}}}
))
, (5)

where ϕ is a learnable update function fusing the two
relation-specific aggregated features. Its inputs are the out-
puts of AGGRt and AGGRn, which are aggregation func-
tions (e.g., sum) operating over multisets of features incident
to the target-neighbor pairs and neighbor-neighbor pairs,
respectively. Specifically, we adopt concatenation to re-
tain maximal information from both branches. Other fusion
strategies (e.g., the element-wise sum, mean, or attention-
based gating) can also be applied within the framework.

To further enhance the information preservation and gra-
dient flow, we also introduce a residual variant, termed as
LGAN-res, which incorporates the previous node represen-
tation via a residual connection (He et al. 2015). Specifi-
cally, we add a linearly transformed residual from the previ-
ous layer to the fused aggregation result. For the LGAN-res,
the updated representation of the target node t is given by

z
(l)
t = ψ

(
AGGRt

(
{{h(l−1)

{t,p} }}
)
,AGGRn

(
{{h(l−1)

{p,q}}}
))
,

(6)

h
(l)
t = ϕ′

(
W (l) · h(l−1)

t + z
(l)
t

)
, (7)

where ϕ′ is an additional multi-layer perceptron (MLP) ap-
plied after the residual summation. The residual path in-
cludes a linear projection to match dimensions if necessary.
ψ, AGGRt, and AGGRn retain the same roles as in Eq. (5),
maintaining permutation invariance and injectivity.

For the cases where the input graph G contains isolated
nodes or nodes with no incident edges (i.e., E(Gt) = ∅), the
corresponding line graph L(Gt) becomes empty, resulting
in no available edge features for aggregation. In such sce-
narios, the fused message zt can be set to the zero vector.
Consequently, the proposed LGAN-res naturally reduces to
a variant of GIN (Xu et al. 2019), where the target node is

20917



updated solely based on a learnable projection of its previous
representation, i.e., h(l)

t = ϕ′(W (l) · h(l−1)
t ). This fallback

behavior preserves stability and ensures that isolated nodes
still receive meaningful updates.

4.3 The Multi-layer LGAN and Readout
While the above derivation focuses on a single LGAN layer,
we stack L such layers to build a deep architecture as

H(0) = X, H(l) = LGANLayer
(
H(l−1)

)
, l = 1, . . . , L,

where H(l) denotes the node representation matrix at layer
l. Then we adopt a skip-cat (Xu et al. 2018) strategy, where
the representations from all layers are concatenated before
the final readout. The process is given by

Hskip =
[
H(1) ∥ · · · ∥H(L)

]
, hG = READOUT(Hskip),

where ∥ denotes concatenation along the feature dimension,
Hskip is the concatenated node representation matrix from
all L layers, and hG is the final graph-level representation
obtained by applying a READOUT function over all nodes.

Note that, the aggregation, update and readout func-
tions of the LGAN follow the DeepSets framework (Zaheer
et al. 2018), using the sum-based aggregation and MLPs to
achieve the permutation invariance and injectivity. This en-
sures the maximal expressive power (Xu et al. 2019), while
maintaining simplicity and efficiency.

5 Theoretical Properties of the LGAN
We analyze the expressive power and computational com-
plexity of the proposed LGAN with general cases, where
the line graph aggregation is feasible. We prove that it sur-
passes the 2-WL test under standard injectivity assumptions,
while implicitly simulating the 2-FWL behavior through the
localized aggregation. We also demonstrate that the LGAN
achieves the linear time complexity on sparse graphs.

5.1 The Expressive Power of the LGAN
To formalize the expressive advantage of the LGAN, we
compare it with the set-based 2-WL test, a widely used and
canonical variant operating on unordered node pairs with
multiset aggregations. The following theorem shows that the
LGAN is at least as powerful as the set-based 2-WL and can
even distinguish some graphs that 2-WL cannot.

Theorem 2 (The LGAN is more expressive than the
set-based 2-WL). Let A : G → Rd be an L-layer LGAN,
the following components are injective at every layer, i.e., 1)
the node-pair encoder COMBpair mapping unordered node
pairs to the representation of the corresponding line graph
node, 2) the multiset aggregators AGGRt and AGGRn

(e.g., sum-based DeepSets), 3) the fusion and update func-
tions ψ, ϕ and ϕ′, and 4) the graph-level readout func-
tion applied to the multiset of node representations. For any
graphs G and H such that the induced subgraph Gt (resp.
Ht) for every node t contains at least one edge (i.e., the cor-
responding line graphs are non-empty), the following holds.

• If the set-based 2-WL test distinguishes G and H , then
the LGAN also maps them to different graph representa-
tions, i.e., A(G) ̸= A(H).

• There exist graphs G and H such that the set-based 2-
WL test fails to distinguish them, but the LGAN produces
different representations, i.e., A(G) ̸= A(H).

Proof. We first prove by induction that any distinction made
by the set-based 2-WL is reflected in the node representa-
tions of the LGAN, so that the final injective readout func-
tion further leads to different graph-level representations.
We then demonstrate that the LGAN succeeds in distin-
guishing certain graphs where the 2-WL test fails through
a counterexample. To commence, let c(l){a,b} denote the color
assigned by the 2-WL algorithm to the unordered node pair
{a, b} at layer l, and let h(l)

t denote the hidden representa-
tion of a target node t produced by the LGAN at the same
layer. We assume the inductive hypothesis that for some
layer l ≥ 0, if there exists a node pair {a, b} such that
c
(l)
{a,b}(G) ̸= c

(l)
{a,b}(H), then there exists a node t ∈ {a, b}

for which h
(l+1)
t (G) ̸= h

(l+1)
t (H).

We first consider the base case l = 0. Suppose the ini-
tial 2-WL color c(0){a,b} encodes both the initial features of
nodes a and b (i.e., xa and xb), and their connectivity. If
c
(0)
{a,b}(G) ̸= c

(0)
{a,b}(H), two scenarios are detailed below.

Scenario 1 represents the structural difference, such as
when a and b are connected in G but not in H . Thus, the
node-pair representation h

(0)
{a,b} of G exists and is included

in the multiset as given by

h
(0)
{a,b} ∈

{{
h
(0)
{a,w} | w ∈ NG(a)

}}
=Ma(G), (8)

where Ma(G) is the multiset input to AGGRt for the target
node a (cf. Eq. 5). Since h

(0)
{a,b} /∈ Ma(H) and AGGRt is

injective, it follows that

AGGRt (Ma(G)) ̸= AGGRt (Ma(H)) . (9)

This difference propagates to the node representations up-
dated by the LGAN at the next layer (layer 1), given by

ϕ(AGGRt(Ma(G)), ·) ̸= ϕ(AGGRt(Ma(H)), ·), (10)

where ϕ denotes the update function using concatenation-
based MLP, which is injective with respect to its first argu-
ment. Hence, h(1)

a (G) ̸= h
(1)
a (H).

Scenario 2 represents the feature difference, such as when
(a, b) ∈ E(G) ∩ E(H), but xa(G) ̸= xa(H) or xb(G) ̸=
xb(H). In this scenario, the initial node-pair representa-
tions are constructed via the injective function COMBpair
(cf. Eq. 4) ensuring that

COMBpair(xa(G),xb(G)) ̸= COMBpair(xa(H),xb(H)).
(11)

i.e., h(0)
{a,b}(G) ̸= h

(0)
{a,b}(H). This difference is captured

by AGGRt for target nodes a or b, leading to h
(1)
a (G) ̸=

h
(1)
a (H) or h(1)

b (G) ̸= h
(1)
b (H). Thus the base case holds.
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Now suppose the inductive hypothesis holds for layer l−1
and consider the update at layer l. Suppose c(l){a,b}(G) ̸=
c
(l)
{a,b}(H), by the 2-WL update rule (cf. Eq. 2), this differ-

ence must arise from a mismatch in the below multisets

{{c(l−1)
{w,b} | w ∈ V }} or {{c(l−1)

{a,w} | w ∈ V }}.

Without loss of generality, assume the former differs be-
tween G and H . The difference in the multiset {{c(l−1)

{w,b} |
w ∈ V }} implies the existence of at least one node w∗ such
that c(l−1)

{w∗,b}(G) ̸= c
(l−1)
{w∗,b}(H). By the inductive hypothesis,

this implies h
(l)
s (G) ̸= h

(l)
s (H) for some s ∈ {w∗, b}. By

injectivity of COMBpair and AGGRt, this difference further
propagates to a target node t where t ∈ N (s), leading to
h
(l+1)
t (G) ̸= h

(l+1)
t (H). Thus the induction holds.

Having established the general result, we now use an ex-
ample to show that the LGAN can distinguish graphs that
the set-based 2-WL cannot. For graphs G and H in Figure 1
with identical initial node labels, any connected node pair
(e.g., {1, 3}) has the same local statistics under the set-based
2-WL, that is, node 1 connects to node 3 and one other node,
and is unconnected to the remaining nodes, while node 3 is
symmetric. The multisets {{{w, 3}}} and {{{1, w}}} there-
fore contain the same number of connected and unconnected
pairs in both graphs. As a result, the identical node labels and
matching multiset statistics lead to the same node-pair rep-
resentations. The same process applies to unconnected node
pairs. Thus, the set-based 2-WL cannot distinguishG andH ,
but the LGAN can (Figure 1), proving more expressive.

5.2 The Theoretical Connection to 2-FWL
The standard k-FWL algorithm colors ordered k-tuples and
replaces one coordinate of the tuple by all possible nodes (cf.
Eq. (3)), which incurs prohibitive computational costs. To
mitigate this, we follow the common practice of converting
ordered tuples into unordered sets, obtaining the set-based
k-FWL update as

c(l)v,w ← {{ c(l−1)
v(1→w), . . . , c

(l−1)
v(k→w)}} (12a)

c(l)v = HASH
(
c(l−1)
v ,

{{
c(l)v,w

∣∣ w ∈ V }}) (12b)

Fix the k = 2 case and choose an unordered node pair
v = {p, q}. In Eq. (12a), the 2-FWL traverses every w ∈ V
to form the multiset c(l)v,w = {{c(l−1)

{w,q}, c
(l−1)
{p,w}}}.Observe that

• The collection {{c(l−1)
{w,q}, c

(l−1)
{p,w}}} exactly mirrors the set

of node pairs incident to w and {p, q} in the LGAN.

• AGGRn

(
{{h(l−1)

{p,q}}}
)

plays the same role as the c(l−1)
{p,q}

inside the 2-FWL hash.
• When we regard the auxiliary node w as the target t in

the LGAN, the multiset {{h(l−1)
{w,q},h

(l−1)
{p,w}}} becomes pre-

cisely the input to AGGRt.

Hence, each set-based 2-FWL update on the pair {p, q}
can be locally simulated by a single LGAN update on the

1-hop induced subgraph around the target node t = w. Intu-
itively, the LGAN can be viewed as a sparse and local variant
of the set-based 2-FWL, replacing global tuple updates with
line graph aggregation over ego networks.

5.3 The Time Complexity Analysis

The LGAN attains the expressive benefits of 2-FWL with-
out its cubic cost. Let dv be the degree of node v. A sin-
gle LGAN layer aggregates dv target-neighbor edges and at
most

(
dv

2

)
= O(d2v) neighbor-neighbor edges, giving a per-

node cost of O(dv + d2v). Summing over all nodes yields a
total complexity of

O

(∑
v

dv +
∑
v

d2v

)
= O

(
m+

∑
v

d2v

)
, (13)

ranging from O(n) on sparse graphs to O(n3) in the fully
connected worst case-yet with a much smaller constant fac-
tor than the global 2-FWL due to the locality of the LGAN.

In contrast, higher-order GNNs such as the k-
GNNs (Morris et al. 2021) and tensor-based models (Maron
et al. 2019, 2020) incur O(nk) complexity. In practice, the
LGAN achieves linear runtime on sparse graphs, compared
to the O(n3) cost of the 2-WL with lower expressivity.

6 Experiments
In this section, we evaluate the LGAN on six graph classi-
fication benchmarks from social networks, bioinformatics,
and chemistry (Yanardag and Vishwanathan 2015). We also
demonstrate its interpretability via edge attribution using In-
tegrated Gradients (Sundararajan, Taly, and Yan 2017).

6.1 Experimental Setups

Setup. We adopt a 10-fold cross-validation strategy with
stratified splits that preserve the label distribution across
folds. We report our results following the evaluation pro-
tocol described in (Xu et al. 2019). Node degree one-hot
encodings are used for social networks, and provided node
labels or attributes for bioinformatics and chemical datasets.
Hyper-parameters. We tune the number of layers, hidden
dimension, dropout, and learning rate for each dataset.
Baselines. We compare the proposed LGAN against three
representative categories of models: graph kernels, stan-
dard GNNs, and k-WL-based methods. Specifically, the
graph kernel baselines include the random walk kernel
(RW) (Vishwanathan et al. 2008), shortest path kernel
(SP) (Borgwardt and Kriegel 2005), propagation kernel
(PK) (Neumann et al. 2016), and 2-WL kernel (Morris et al.
2021). The GNN baselines include the DCNN (Atwood
and Towsley 2016), PATCHY-SAN (Niepert, Ahmed, and
Kutzkov 2016), DGCNN (Zhang et al. 2018) and GIN (Xu
et al. 2019). The k-WL-based methods include the 1-2-3
GNN (Morris et al. 2021), PPGN (Maron et al. 2020), δ-
k-LWL (Morris, Rattan, and Mutzel 2020), and CW Net-
works (Bodnar et al. 2022).
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Datasets

MUTAG PTC(MR) PROTEINS IMDB-B IMDB-M COLLAB
# graphs 188 344 1113 1000 1500 5000
# classes 2 2 2 2 3 3
Avg. # nodes 18 26 39 20 13 74

Kernels

RW 79.2±2.1 55.9±0.3 59.6±0.1 N/A N/A N/A
SP 81.7± 58.9± 76.4± 59.2± 40.5± N/A
PK 76.0±2.7 59.5±2.4 73.7±0.7 N/A N/A N/A
2-WL 77.0± 61.9± 75.2± 72.6± 50.6± N/A

GNNs

DCNN N/A N/A 61.3±1.6 49.1±1.4 33.5±1.4 52.1±0.7
PATCHYSAN 92.6±4.2 60.0±4.8 75.9±2.8 71.0±2.2 45.2±2.8 72.6±2.2
DGCNN 85.8±1.7 58.6±2.5 75.5±0.9 70.0±0.9 47.8±0.9 73.8±0.5
GIN 89.4±5.6 64.6±7.0 76.2±2.8 75.1±5.1 52.3±2.8 80.2±1.9

k-WL-based

1-2-3 GNN 86.1± 60.9± 75.5± 74.2± 49.5± N/A
PPGN 90.6±8.7 66.2±6.5 77.2±4.7 73.0±5.8 50.5±3.6 81.4±1.4
δ-2-LWL N/A N/A 75.1±0.3 73.3±0.5 50.2±0.6 N/A
CW Networks 92.7±6.1 68.2±5.6 77.0±4.3 75.6±3.7 52.7±3.1 N/A

Ours LGAN 92.5±6.3 67.4±6.2 77.3±3.7 76.7±4.0 53.3±3.2 82.8±1.5
LGAN-res 92.0±5.8 66.6±7.0 76.8±3.6 76.6±3.1 53.5±2.7 82.7±1.7

Table 1: Test set classification accuracies (%). The mean accuracy and standard deviation are reported. Best performances are
highlighted in bold, and second-best performances are underlined. N/A means Not Available.

6.2 Experimental Results and Analysis
Table 1 presents classification accuracies on six benchmark
datasets. The proposed LGAN and LGAN-res achieve supe-
rior or comparable performance across most datasets. Com-
pared to kernel-based methods and standard GNNs, our
models offer consistently better accuracy. While several k-
WL-based models attain strong results, they face scalability
issues on large graphs (e.g., COLLAB). Overall, the LGAN
strikes a favorable balance between accuracy and efficiency.

6.3 Interpretability via Edge Attribution
We assess the interpretability of the LGAN using edge at-
tribution (Integrated Gradients) to determine whether it can
identify critical substructures contributing to classification.

Figures 3(a) and (b) present two synthetic graphs G′ and
H ′, both of which are indistinguishable by the 2-WL due to
having identical initial node features and neighborhood dis-
tributions. Similar to the pair in Figure 1, they differ only
in the presence or absence of a triangle, which defines their
class label. The LGAN successfully assigns high importance
to the triangle edges, highlighting its ability to capture essen-
tial neighborhood interactions.

Figures 3(c) and (d) show two structurally similar
molecules from the Mutagenicity dataset: 2-nitroanisole
(mutagen) and 2-nitrobenzyl alcohol (non-mutagen). Both
contain a nitro group (NO2), which is often associ-
ated with mutagenic activity. However, substituent differ-
ence ( – OCH3 vs. – CH2OH) determines mutagenicity. The
LGAN correctly emphasizes edges near critical functional
groups, revealing chemically meaningful patterns. In sum-
mary, the LGAN offers fine-grained interpretability beyond
the k-WL-based models that lack localized attribution.
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Figure 3: Edge visualizations with Integrated Gradients (red-
der and thicker edges represent higher importance).

7 Conclusion
In this paper, we introduced the LGAN, a novel GNN that
surpasses 2-WL expressivity through localized line graph
aggregation. The LGAN is both efficient and interpretable,
and performs competitively on graph classification tasks
against state-of-the-art methods, including the k-WL-based
models. Moreover, the LGAN can be naturally applied to
node- and edge-level tasks, as its target-aware aggregation
mechanism is general. In future works, we plan to extend the
LGAN to more diverse applications, such as complex struc-
tural alignment and relational modeling (Bai et al. 2025).
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