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Abstract

Signed Graph Neural Networks (SGNNs) have been shown
to be effective in analyzing complex patterns in real-world
situations where positive and negative links coexist. How-
ever, SGNN models suffer from poor explainability, which
limit their adoptions in critical scenarios that require under-
standing the rationale behind predictions. To the best of our
knowledge, there is currently no research work on the ex-
plainability of the SGNN models. Our goal is to address the
explainability of decision-making for the downstream task
of link sign prediction specific to signed graph neural net-
works. Since post-hoc explanations are not derived directly
from the models, they may be biased and misrepresent the
true explanations. Therefore, in this paper we introduce a
Self-Explainable Signed Graph transformer (SE-SGformer)
framework, which can not only outputs explainable informa-
tion while ensuring high prediction accuracy. Specifically, we
propose a new Transformer architecture for signed graphs
and theoretically demonstrate that using positional encoding
based on signed random walks has greater expressive power
than current SGNN methods and other positional encoding
graph Transformer-based approaches. We construct a novel
explainable decision process by discovering the K-nearest
(farthest) positive (negative) neighbors of a node to replace
the neural network-based decoder for predicting edge signs.
These K positive (negative) neighbors represent crucial in-
formation about the formation of positive (negative) edges
between nodes and thus can serve as important explanatory
information in the decision-making process. We conducted
experiments on several real-world datasets to validate the ef-
fectiveness of SE-SGformer, which outperforms the state-of-
the-art methods by improving 2.2% prediction accuracy and
73.1% explainablity accuracy in the best-case scenario.

Code — https://github.com/liule66/SE-SGformer

Introduction
Signed Graph Neural Networks (SGNNs) are widely used
for learning representations of signed graphs, as shown in
Figure 1. Despite recent years have witnessed a growing in-
terest in SGNNs with link sign prediction as the focal task
(Derr, Ma, and Tang 2018; Shu et al. 2021; Zhang et al.
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Figure 1: An illustration of signed graphs in real world. The
dashed lines represent the edges to be predicted, and black
and red lines represent positive and negative edges, resp.

2023b; Ni et al. 2024), no existing study on SGNNs has
addressed the issue of explainability, which hinders their
adoption in crucial domains. For example, in financial net-
works, being able to interpret why certain transactions are
flagged as suspicious can improve fraud detection and pre-
vention. Therefore, understanding why certain relationships
are classified as positive or negative can help SGNNs be
more widely applied.

Research on GNN explainability falls into two main cat-
egories: post-hoc explanations (Zhang et al. 2024; Yuan
et al. 2022) and self-explainable approaches (Deng and Shen
2024; Seo, Kim, and Park 2024). Post-hoc explanation meth-
ods like GNNExplainer (Ying et al. 2019) and PGExplainer
(Luo et al. 2020) offer interpretations for trained GNN mod-
els, but these explanations may be biased and not truly re-
flective of the model. As a result, current research is shift-
ing toward self-explaining methods, where models generate
explanations alongside predictions. For example, SE-GNN
(Dai and Wang 2021) uses K-nearest labeled nodes for ex-
plainable node classification, while ProtGNN (Zhang et al.
2022) integrates prototype learning to enhance interpretabil-
ity. While effective, these methods are primarily designed
for unsigned graphs with graph or node classification tasks,
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Figure 2: Proportion of node negative degrees and Pos/Neg
Ratios across datasets (%)

making them unsuitable for SGNNs focusing on link sign
prediction. This highlights the need for a new explainable
framework for signed graph representation learning that can
offer both predictions and explanations.

One potential approach for obtaining self-explanations in
link sign prediction is to identify explainableK-nearest pos-
itive neighbors (and K-farthest negative neighbors) for each
node. If the closeness between the two nodes of an edge
eij is similar to the closeness between node vi and its K-
nearest positive (or K-farthest negative) neighbors, the pre-
dicted sign of the edge is positive (or negative). The iden-
tified K-nearest positive (or K-farthest negative) neighbors
then serve as the explanatory information. This approach si-
multaneously provides a prediction result and an explanation
for that prediction.

The key to identifying the K-nearest (farthest) positive
(negative) neighbors for each node lies in learning proper
node representations and selecting an adequate number of
positive and negative neighbors for any given node. The
challenges can be divided into the two aspects:

Challenge 1 (Encoding part): How to improve the qual-
ity of node representations. To prevent overfitting, current
SGNN models limit networks to three layers or fewer, re-
stricting their ability to capture multi-hop information (Derr,
Ma, and Tang 2018). Meanwhile, GCN-based SGNN frame-
works cannot learn proper representations from unbalanced
cycles (Zhang et al. 2023b).

Challenge 2 (Explanation part): How to find a sufficient
number of negative neighbors for nodes. As is shown in Fig-
ure 2, a significant proportion of nodes have few or even
no negative neighbors. For example, in the Bitcoin-Alpha
dataset, over 80% of the nodes have no negative neighbors.

For Challenge 1, we design a novel graph Transformer
architecture specifically for signed graphs (see Encoding
Module section). Specifically, we use signed random walk
encoding to help capture multi-hop neighbor information.
We theoretically demonstrate that this encoding method has
a stronger representation power compared to current SGNNs
and the shortest path encoding.

For Challenge 2, we employ signed diffusion matrix
based on Signed Random Walk with Restart (SRWR) al-

gorithm (Jung et al. 2016) (see Explainable Prediction
Module section) to uncover potential negative relationships
among nodes.

Overall, we propose a novel Self-Explainable Signed
Graph Transformer (SE-SGformer) framework which uti-
lizes the Transformer architecture as an encoder for the
signed graph, predicting edge signs by identifying the K-
nearest (farthest) positive (negative) neighbors and provid-
ing corresponding explanatory information. We conduct ex-
periments on eight real-world datasets to validate the effec-
tiveness of SE-SGformer, which surpasses state-of-the-art
methods by achieving a 2.2% increase in prediction accu-
racy and a 73.1% improvement in explainability accuracy
under optimal conditions. Related work can be found in Ap-
pendix. Our contributions are summarized as follows:
• We first propose a self-explainable model SE-SGformer

for signed graphs, which is specifically designed for the
link sign prediction task and can provide explanations
along with the predictions.

• We propose a novel graph Transformer-based represen-
tation learning model for signed graphs and theoretically
prove that our random walk encoding is more powerful
than the shortest path encoding and our Transformer ar-
chitecture with random walk encoding is more powerful
than SGCN.

• We conduct extensive experiments on several real-world
datasets and prove that SE-SGformer achieve perfor-
mance comparable to state-of-the-art models and achieve
good explanatory accuracy.

Problem Definition
Let G = (V, E+, E−) be a signed network, where V ={
v1, v2, . . . v|V|

}
represents the set of |V| nodes, while

E+ ⊂ V×V and E− ⊂ V×V denote the sets of positive and
negative links, respectively. For each edge eij ∈ E+ ∪ E−

connecting two nodes vi and vj , the edge can be either pos-
itive or negative, but not both, implying E+ ∩ E− = ∅.
The graph structure can be described by an adjacency ma-
trix A ∈ R|V|×|V|, where Aij = 1 means that there exists
a positive link from vi to vj , Aij = −1 denotes a negative
link, and Aij = 0 otherwise (meaning that there is no link
from vi to vj). Note that real-world signed graph datasets
typically do not provide node features. Therefore, there is
no feature vector xi associated with each node vi.

The goal of a SGNN is to learn an embedding function
fθ : V → Z , which maps the nodes of a signed graph to a
latent vector space Z . In this space, fθ(vi) and fθ(vj) are
close if eij ∈ E+ and distant if eij ∈ E−. Furthermore,
we adopt link sign prediction as the downstream task for
SGNN, following the mainstream studies. This task aims
to infer the sign of a link given the nodes vi and vj . The
link sign prediction can be explained as follows: (1) for a
node pair (vi, vj) connected by a directed positive edge, tak-
ing node vi as an example, vi’s K-nearest positive neigh-
bors have a higher similarity score with respect to vj ; (2)
for a node pair (vi, vj) connected by a directed negative
edge, taking node vi as an example, vi’s K-farthest nega-
tive neighbors have a higher similarity score with respect
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to vj . With the aforementioned notations, we formualte our
Self-explainable link sign prediction problem as:

Given a signed graph G, the task is to learn the SGNN
parameters θ while simultaneously predicting link signs and
generating explanations by identifying the set of K-nearest
(farthest) positive (negative) neighbors.

Proposed Method
In this section, we introduce the details of the proposed
framework SE-SGformer. The basic idea of SE-SGformer
is to first use a Transformer to encode the signed graph.
Then, for an edge with an unknown sign from node vi to
node vj , we identify the K-nearest (farthest) positive (nega-
tive) neighbors of vi. The sign of the edge eij is determined
based on the similarity between node vj and the positive or
negative neighbors of node vi, with explanatory information
provided simultaneously. The overview of our proposed SE-
SGformer is shown in Figure 3. It is mainly divided into two
parts: encoding module and explainable prediction module.

Encoding Module
The classical Transformer architecture (Vaswani et al. 2017)
is composed of self-attention modules and feed-forward
neural networks. In the self-attention module, the input H
∈ Rn×d are projected to the corresponding query Q, key K,
and value V . The self-attention is then calculated as:

Q = HWQ, K = HWK , V = HWV , (1)

Ã =
QKT

√
dK

,Attn(H) = softmax(Ã)V (2)

where Ã denotes the matrix capturing the similarity between
queries and keys. WQ ∈ Rd×dK ,WK ∈ Rd×dK ,WV ∈
Rd×dV denote the projected matrices of query, key and
value, respectively.

For graph representation, incorporating structural infor-
mation of graphs into Transformer models is crucial. There-
fore, We introduce three new encodings. The specific details
are as follows:

Centrality Encoding. Degree centrality measures the in-
fluence of a node in a graph, where higher degrees indicate
potentially greater influence. However, these insights are of-
ten overlooked in attention computations. Therefore, we de-
sign a centrality encoding tailored for signed graphs to re-
flect the importance of each node. To be specific, we assign
two real-valued embedding vectors to each node based on
its positive degree and negative degree. We directly add the
centrality encoding of each node to its original features xi to
form the new node embeddings:

h
(0)
i = xi + c−

deg−(vi)
+ c+

deg+(vi)
, (3)

where c−, c+ ∈ Rd are learnable embedding vectors deter-
mined by the negative degree deg−(vi) and positive degree
deg+(vi), respectively.

Adjacency Matrix Encoding. Unlike the Transformer’s ap-
proach to sequential data, where specific positional encod-
ings are added to each word to indicate its position in a sen-
tence, nodes in a graph are not arranged in a sequence. To

encode the structural information of a graph in the model, we
introduce the adjacency matrix encoding. A is the adjacency
matrix of the graph, characterizing their direct positive and
negative neighbors. After normalizing the adjacency matrix,
we obtain the adjacency matrix encoding Â which serves as
a bias term in the self-attention module. Denote Ãij as the
(i, j)-element of the Query-Key product matrix Ã, we have:

Ãij =
(hiWQ)(hjWK)T√

d
+ Âij , (4)

Signed Random Walk Encoding. Adjacency matrix encod-
ing can only capture the relationships between nodes and
their one-hop neighbors, but it cannot represent the relation-
ships between nodes and their multihop neighbors. Previ-
ous works introduce spatial encoding to capture the rela-
tionships between a node and its multi-hop neighbors, such
as the shortest path encoding (Ying et al. 2021). However,
the shortest-path encoding approach only considers a single
path, without taking alternative routes into account. Inspired
by (Yeh, Chen, and Chen 2023), we introduce the signed
random walk encoding to exploit the relative position be-
tween the nodes and their high-order neighbors by multi-
ple paths from the signed random walk. Generally, we per-
form multiple random walks on a signed graph G, obtain-
ing multiple random walk sequences Q = {qi}li=1 of length
l, where qi ∈ V . The random walk sequence in the graph
starts from an initial node qi, and the next node qi+1 is ran-
domly sampled from its neighbors N (qi). Additionally, to
discover long-range patterns, we use a non-backtracking ap-
proach where the previous node is excluded when sampling
the next node, unless it is the only neighbor available, ensur-
ing that each node’s predecessor and successor are distinct.
We define a function σ : eij → {1,−1}. Given a random
walk sequenceQ, the signed random walk distance ψ(vi, vj)
is defined as follows:

ψ(vi, vj) =


{
(
∏m−1
u=n σ(qu, qu+1)) · |m− n|

∣∣∣
qm = vi ∧ qn = vj

}
, ifvi, vj ∈ Q

m+ 1, otherwise
(5)

where m denotes the maximum path length between two
nodes. If the path length between two nodes is m + 1, in-
dicating that the nodes are unreachable from each other. So
after performing r random walks on graph G, each node pair
can obtain r random walk distances and the random walk
encoding is defined as follows:

bψ(vi,vj) =
∑
r

wr ·
1

ψr(vi, vj)
(6)

where wr is a learnable parameter that represents the weight
of the result obtained from the r-th random walk. Then we
modify the (i, j)-element of Ã further with the signed ran-
dom walk encoding b as:

Ãij =
(hiWQ)(hjWK)T√

d
+ Âij + bψ(vi,vj) (7)

Next, following the proof idea of (Yeh, Chen, and Chen
2023), we theoretically analyzed the expressive power of our
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Figure 3: The overall architecture of SE-SGformer. Firstly, the Transformer encoder, equipped with centrality encoding, adja-
cency matrix encoding, and random walk encoding, obtain node embeddings. Next, in the explainable prediction module, the
K-nearest positive (and K-farthest negative) neighbors of the nodes are identified and used to predict the unknown link sign.

signed random walk encoding compared to shortest path en-
coding. Also, we verified this through experiments and the
results can be found in the Appendix. The shortest path en-
coding for signed graphs calculates the distance between
two nodes and, using balance theory, assigns a positive or
negative relationship to the path.
Definition 1 (Signed graph isomorphism). Two signed
graphs G1 and G2 are isomorphic, if there exists a bijec-
tion ϕ : VG1 → VG2 , for every pair of nodes v1, v2 ∈ VG1 ,
eij ∈ E1, if and only if eϕ(vi),ϕ(vj) ∈ E2 and σ(eij) =
σ(eϕ(vi),ϕ(vj)).
Theorem 1. With a sufficient number of random walks,
signed random walk encoding is more expressive than that
based on a fixed shortest path for signed graph.

Proof. We demonstrate our proof with two cases: 1) If two
signed graphs are isomorphic under signed random walk en-
coding, they are also isomorphic under shortest path encod-
ing. 2) In some cases, distinct signed graphs identified as
non-isomorphic by signed random walk encoding are indis-
tinguishable by shortest path encoding.

In case 1, given a node pair (vi, vj), the signed random
walk distance varies depending on different random walk
samples. Let Si,j = {s1, ..., sr} denote the set of r possi-
ble distances between vi and vj sampled by different signed
random walk. With a sufficient number of random walks, the
shortest distance with a positive or negative sign can be ex-
plored in Si,j . If two graphs G1 and G2 are identified as iso-
morphic by signed random walk encoding, then every node
pair (v1i , v1j ) in G1 can find a corresponding node pair (v2i ,
v2j ) in G2 and σ(ev1

i ,v
1
j
) = σ(ev2

i ,v
2
j
) so corresponding S1

i,j ,
S2
i,j are identical. Therefore, the shortest distances of the two

nodes are also the same, G1 and G2 can also be identified as
isomorphic by the shortest path encoding.

As illustrated in case 2 (Figure 4), the structures of the
two graphs are different. However, the shortest path encod-
ing cannot identify these two graphs as non-isomorphic. In

Figure 4: Encoding based on the shortest path cannot map
these two graphs to different embeddings, while encoding
based on the signed random walk can map them to different
embeddings.

the left graph, the shortest path distances from node v1 and
node v4 to the other nodes are {−1,−1, 1,−2,−2} and
the shortest path distances from the remaining nodes to all
other nodes are {−1, 1, 1, 2,−2}. For v1 and v4 in the right
graph, the shortest path distances to the other nodes are
also {−1,−1, 1,−2,−2} and the shortest path distances to
the other nodes are also {−1, 1, 1, 2,−2} for the remaining
nodes. Therefore, the shortest path encoding views them as
isomorphic. In contrast, signed random walk encoding re-
gards two graphs as non-isomorphic. For example, one can
revisit the node in 3 steps in the left graph, while it is impos-
sible on the right graph. So signed random walk encoding is
more powerful than that based on a fixed shortest path.

For the issues present in Challenge 1, we further analyzed
the expressive power of our graph transformer architecture
based on signed random walk encoding and SGCN-based
SGNN models. Our conclusion is as follow:

Theorem 2. (Proof in Appendix) With a sufficient number
of random walk length, the graph transformer architecture
based on signed random walk encoding is more expressive
than SGCN.

According to the paper (Zhang et al. 2023b), the positive
or negative relationship between two nodes in an unbalanced
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cycle is contradictory ( One path is positive, while the other
is negative). Therefore, it is impossible to infer their rela-
tionship from the local structure. Signed random walk en-
coding combines information from multiple weighted paths
to judge the relationship between nodes. This allows us to
help the model obtain reasonable association information
between two points within an unbalanced cycle.

Transformer Layer. In the self-attention layer, each at-
tention head calculation formula is as follow:

Attn(h(l−1)) = softmax(Ã)V (l−1) (8)

We introduce layer normalization (LN) before both the
multi-head self-attention (MHA) mechanism and the feed-
forward neural network (FFN). Moreover, for the feed-
forward network, we unify the dimensions of the input, out-
put, and the inner layer to the same value d. The MHA con-
catenates the representations from each attention head and
maps them into a d-dimensional vector. Then we formally
characterize the Transformer layer as below:

h
′(l) = MHA(Attn(h(l−1))) + h(l−1),

h(l) = FFN(LN(h
′(l))) + h

′(l)
(9)

The loss function follows SGCN, which is shown in the
Appendix. The training algorithm of encoding module is
given in Algorithm 1.

Algorithm 1: Training Algorithm of SE-SGformer

Input: A signed graph G =
(
V, E+, E−

)
; SE-SGformer model

fG; number of Transformer layers L; number of attention head
a; max degree of positive or negative degrees D; number of ran-
dom walks r; random walk length l; maximum path length m.
Output: node embedding zi, ∀vi ∈ V .
Initialize the parameter of fG.
Use spectral methods to generate initial node representation
xi(∀vi ∈ V).
for vi ∈ V do

Obtain the h(0)
i by adding centrality encoding to node features

in Equation 3.
end for
repeat

for l = 1 to L do
Obtain the adjacency matrix encoding by Equation 4 and
random walk encoding by Equation 6.
Obtain the attention score matrix Ã by Equation 7.
h

′(l) = MHA(Attn(h(l−1)))) + h(l−1),
h(l) = FFN(LN(h

′(l))) + h
′(l),

end for
Update the parameters of fG based on loss (Equation 18).

until convergence
zi ← hi

(L), ∀vi ∈ V

Explainable Prediction Module
Intuitively, if the similarity between node vi and node vj is
closer to the similarity between node vj and its most simi-
lar positive neighbors, there is likely a positive relationship
between node vi and node vj . Similarly, if the similarity be-
tween node vi and node vj is closer to the similarity between

node vj and its least similar negative neighbors, then there
is likely a negative relationship between node vi and node
vj . In this paper, we use Euclidean Distance to measure the
similarity between nodes. The closer the distance between
two nodes, the more similar they are. Let zi represent the
embedding obtained after the Transformer Encoder encod-
ing the node vi. Then the distance of node vi and node vj
can be calculated as follow:

dij = ∥zi − zj∥2 (10)

We first generate the diffusion matrix S for the entire graph
through the SRWR algorithm (Jung et al. 2016). S is based
on the adjacency matrix and incorporates the potential pos-
itive and negative relationship information between nodes
that the SRWR has uncovered. Sij = 1 indicates a positive
edge between node vi and node vj , while Sij = −1 indi-
cates a negative edge between them and Sij = 0 signifies no
relationship between the two nodes. The specific acquisition
method of the diffusion matrix S can be found in Appendix.
For each node, we sample n nodes from its positive neigh-
bors using the adjacency matrixA, calculate the distance be-
tween the node and these neighbors, sort them in ascending
order, and selectK-nearest positive neighbors. Similarly, we
also sample n nodes from its negative neighbors, calculate
the distance between the node and these neighbors, sort them
in ascending order, and selectK-farthest negative neighbors.
If a node does not have enough K negative neighbors, we
sample its negative neighbors from the diffusion matrix S.

Then we can identify the K-nearest (farthest) positive
(negative) neighbor nodes of a given node. Let Kip ={
v1ip, . . . , v

k
ip

}
be the set of K-nearest positive nodes of the

node vi and Kin =
{
v1in, . . . , v

k
in

}
be the set of K-farthest

negative nodes of the node vi. dip denotes the median dis-
tance from vi to its K-nearest positive nodes:

dip = median
(
∥zi − zj∥2 , vj ∈ Kip

)
(11)

Similarly, din denotes the median distance from vi to its K-
farthest negative nodes:

din = median
(
∥zi − zj∥2 , vj ∈ Kin

)
(12)

Then dij denotes the distance from vi to vj which is calcu-
lated by Equation 10. The result of link sign prediction can
be obtained by comparing the distances between dij and dip
or din. If dij is closer to dip, the result of link sign prediction
ŷij = 1 or if dij is closer to din, then ŷij = −1.

Time complexity analysis. The time complexity of
Transformer primarily comes from the self-attention mech-
anism, which is (O(|V |2 · d)). The time complexity of the
discriminate function can be analyzed by considering the
key operations it performs. For each node, the function cal-
culates the distances between the node’s embedding and
its neighbors’ embeddings. For positive neighbors, it com-
putes the distance for n sampled neighbors with a time
complexity of O(n · d). A similar calculation is performed
for negative neighbors. Subsequently, the function selects
the top K nearest neighbors from the n samples, which
has a complexity of O(K log n). These steps are repeated
for each of the |V | nodes, leading to a total complexity of
O(|V | · (n · d + K log n)). The overall time complexity is
O(|V | · (n · d+K log n)) + |V |2 · d).
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Dataset GCN GAT SGCN SNEA SGCL SIGformer SE-SGformer

Amazon-music 63.87 ± 3.57 65.39 ± 2.88 70.63 ± 0.69 70.48 ± 0.05 78.26 ± 1.52 58.64 ± 0.64 79.20 ± 0.23†
Epinions 71.07 ± 1.26 73.97 ± 1.64 86.97 ± 1.53 82.26 ± 0.57 70.83 ± 5.10 57.07 ± 0.38 72.84 ± 1.78
KuaiRand 44.35 ± 0.00 51.63 ± 2.84 62.85 ± 0.05 61.95 ± 0.13 60.68 ± 0.99 61.40 ± 0.47 56.89 ± 0.12
KuaiRec 61.56 ± 0.42 65.73 ± 0.74 85.11 ± 0.11 79.69 ± 0.01 79.84 ± 3.13 61.31 ± 1.37 85.60 ± 0.05†
WikiRfa 70.79 ± 6.02 71.31 ± 3.56 78.69 ± 1.06 75.20 ± 0.13 75.02 ± 4.33 65.60 ± 0.94 79.99 ± 0.08†
WikiElec 66.21 ± 1.50 66.50 ± 1.76 79.14 ± 0.48 77.10 ± 0.68 79.63 ± 2.82 65.74 ± 2.72 80.63 ± 0.08†
Bitcoin-OTC 83.77 ± 0.60 86.37 ± 1.24 88.22 ± 0.69 86.05 ± 0.46 87.65 ± 1.74 80.30 ± 2.32 90.03 ± 0.35‡
Bitcoin-Alpha 83.99 ± 1.61 86.25 ± 0.38 87.96 ± 0.38 87.95 ± 0.15 83.01 ± 3.79 73.82 ± 3.55 89.88 ± 0.40‡

Table 1: Comparison of Accuracy(%) across Different Models. The best scores are in bold, and the second-best ones are
underlined. ”†” and ”‡” indicate the statistically significant improvements with p < 0.05 and p < 0.01 (one-sided paired t-test)
over the best baseline, respectively.

Experiments
In this section, we conduct experiments on real-world
datasets to verify the effectiveness of SE-SGformer. In par-
ticular, we aim to answer the following research questions:

• RQ1: Can SE-SGformer provide accurate predictions
and explanatory information ?

• RQ2: How do the hyper-parameters affect the perfor-
mance of SE-SGformer ?

• RQ3: How does each component of SE-SGformer con-
tribute to the link sign prediction performance?

Our experimental datasets include Bitcoin-OTC, Bitcoin-
Alpha, WikiElec, WikiRfa, Epinions, KuaiRand, KuaiRec
and Amazon-music, with baseline methods being GCN
(Kipf and Welling 2016), GAT (Veličković et al. 2017),
SGCN (Derr, Ma, and Tang 2018), SNEA (Li et al. 2020),
SGCL (Shu et al. 2021), and SIGFormer (Chen et al. 2024).
For detailed information on the datasets and baselines,
please refer to the Appendix.

Metrics. Prediction accuracy and Explanation accuracy
(Precision@K) are two metrics for evaluating the perfor-
mance of link sign prediction and explanation performance.
Prediction accuracy measures the overall correctness of the
model in predicting whether an edge is positive or neg-
ative by calculating the proportion of correctly predicted
edges. Also, we generate corresponding explanatory infor-
mation for real-world datasets, which includes theK-nearest
positive neighbors and K-farthest negative neighbors for
each node as the ground truth for explanation. The spe-
cific process of generation is detailed in Appendix. Then
precision@K is the proportion of the nodes identified af-
ter sorting the neighbors of the nodes during the decision-
making process, which constitutes the explanatory truth.

Configurations. All experiments were conducted on a
64-bit machine equipped with two NVIDIA GPUs (NVIDIA
L20, 1440 MHz, 48 GB memory). For our SE-SGformer
model, we used the Adam optimizer and performed a grid
search to determine the hyperparameters. Specifically, we
set the hidden embedding dimension d to 128, the learning
rate to 1×10−3, the weight decay to 5×10−4, and the num-
ber of Transformer layers to L = 1. For the discriminator,
we choose K = 40 and the number of randomly sampled
neighbors m = 200. We searched for the optimal L in the

range [1, 4] with a step size of 1, d in the range [16, 32, 64,
128], and max degree in the range [6, 8, 10, 12, 14].

Performance and Explanation Quality (RQ1)
To answer RQ1, we compare the performance of SE-
SGformer with baselines on real-world datasets in terms of
link sign prediction. All datasets were experimented with
five times, and the link sign prediction accuracy and stan-
dard deviation are shown in Table 1. From the table, we can
observe the following results:
• Our method outperforms SGCN, SNEA, and SGCL on

most datasets, indicating that our encoding approach
produces suitable graph representations and, combined
with our explainable decisions, achieves excellent re-
sults. That is because our method can alleviate issues
such as the scarcity of negative edges in signed graphs
and the inability to learn appropriate representations for
unbalanced cycles.

• The performance of SE-SGformer far surpasses that of
GCN, GAT, that is because our method makes better use
of the information from negative edges compared to un-
signed GNNs.

• SIGformer is a relatively new signed graph Transformer
model for recommendation systems, and our model out-
performs SIGformer on most datasets. This also demon-
strates the effectiveness of our unique encoding design.

Then, we evaluate the quality of the explanatory information
of the k- nearest positive (farthest negative) neighbors iden-
tified in the explainable decision-making process. We set K
= 40 and compared our method with the baseline on three
datasets. The precise@40 and standard deviation are shown
in Table 2. We can observe that our model achieves better
explanatory accuracy compared to other methods, indicating
that it performs well in identifying K-nearest positive (K-
farthest negative) neighbors. This also reflects that our en-
coder is capable of learning suitable graph representations.
The reason we set K = 40 is that a node typically has many
positive neighbors, hence a small value of K could lead to
the selection of nodes that are not representative, resulting in
more errors. Also, as mentioned earlier, there are not many
negative neighbors in the actual dataset, and our model can
still achieve good explanatory accuracy with K = 40. This
indicates that our diffusion matrix effectively mitigates the
issue of fewer negative edges in the datasets.
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Model Bitcoin-OTC Bitcoin-Alpha Amazon-music

SGCN 57.25 ± 0.15 54.88 ± 0.14 60.78 ± 0.07
SNEA 55.09 ± 0.16 55.43 ± 0.15 60.29 ± 0.07
SGCL 54.10 ± 0.16 54.59 ± 0.15 61.70 ± 0.08
SIGformer 53.33 ± 0.14 51.27 ± 0.09 58.76 ± 0.05
SE-SGformer 75.19 ± 0.13 94.47 ± 0.58 76.07 ± 0.20

Table 2: The metric precision@40 (%) of baselines on dif-
ferent datasets

Figure 5: Parameter sensitivity analysis

Hyperparameter Sensitivity Analysis (RQ2)
In this subsection, we conduct a detailed sensitivity analysis
of the key hyper-parameters max degree (D), dim (d), and
layer (L). D represents the maximum value of positive or
negative degrees, d refers to the dimension of the node em-
bedding, and L indicates the number of Transformer layers.
We systematically vary these hyperparameters to assess their
impact on the model’s performance. In Figure 5, D is varied
between 6 and 14, showing that while changes in D slightly
influence the model’s performance, the effect is manifested
as minor fluctuations across different datasets. d is adjusted
from 16 to 128 to explore how the dimension of the node
embedding affects performance, with results indicating rela-
tively stable performance and only slight deviations at larger
dimensions. Lastly, L is varied from 1 to 4, revealing that in-
creasing the number of layers generally reduces the model’s
performance, the results can be found in Appendix.

Figure 6: Ablation study on Bitcoin-OTC (left) and Bitcoin-
Alpha (right) datasets. Blue:SE-SGformer, Green:SE-
SGformerw/oCE , Red:SE-SGformerw/oRE , Yellow:SE-
SGformerw/oAE .

Ablation Study (RQ3)
To answer RQ3, we conducted ablation experiments to ex-
plore the impact of the three encodings. SE-SGformerw/o-CE

Figure 7: Case study for node pairs with positive link (left)
and negative link (right). Green lines represent positive
edges, red lines represent negative edges, and dashed lines
indicate the edges to be predicted.

denotes the variant without centrality encoding. SE-
SGformerw/o-RE denotes the variant without signed random
walk encoding. SE-SGformerw/o-AE denotes the variant with-
out adjacency matrix encoding. The results on Bitcoin-OTC
and Bitcoin-Alpha datasets are shown in Figure 6. We can
observe that the model’s performance consistently decreases
when each of the three types of encoding is removed. This
result clearly reflects the effectiveness of the three types of
encoding we used. Among them, the model’s performance
drops the most when the adjacency matrix encoding is re-
moved, indicating that the information about the direct re-
lationships between nodes and their first-order neighbors is
highly useful.

Case Study. We conduct a case study on Bitcoin-Alpha
dataset to illustrate how our discriminator accurately deter-
mines the sign of an edge by identifying k neighbors. Specif-
ically, we analyze a pair of points where the ground truth
of their edge is positive, showcasing this as a typical case
for predicting a positive edge (Figure 7 (left)). We observe
the median distance of three positive neighbors (e.g., point
7383) and the median distance of three negative neighbors
(e.g., point 7580) for point 70. The distance between point
70 and point 277 is evidently closer to the median distance of
the positive neighbors, leading to the prediction of a positive
edge. Similarly, in Figure 7 (right)), the distance between
point 73 and point 124 is closer to the median distance of
the negative neighbors (e.g., point 2336), leading to the pre-
diction of a negative edge.

Conclusion

In this paper, we address the challenge of self-explainable
SGNNs by proposing SE-SGformer, a novel graph
Transformer-based model for signed graphs. Our model pre-
dicts link signs by identifying K-nearest positive and K-
farthest negative neighbors. We also theoretically prove that
our signed random walk encoding is more powerful than
the shortest path encoding and our Transformer architecture
with signed random walk encoding is more powerful than
SGCN. Extensive experiments on real-world datasets vali-
date our model’s effectiveness. As the first exploration into
the explainability of link sign prediction, we anticipate fur-
ther research in this area.
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