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Abstract

Heterogeneous graphs are widely used to model real-world
systems with diverse entity types and relational structures,
and existing methods have shown promising performance in
various applications. However, most current models assume
balanced and semantically aligned features across nodes,
which rarely holds in practice. In scenarios such as social
risk governance, node types often exhibit severe feature im-
balance, making it difficult for standard aggregation mech-
anisms to extract meaningful signals. This imbalance leads
to three key challenges: inaccurate neighbor weighting, noise
propagation, and biased representations skewed toward text-
rich nodes. To address these issues, we propose HeCoGNN, a
collaborative and adaptive aggregation framework that jointly
performs neighbor filtering and relation-aware message cal-
ibration, enabling robust representation learning under se-
mantic disparity. Experiments on real-world social gover-
nance graphs show that HeCoGNN consistently outperforms
state-of-the-art baselines, particularly in handling underrep-
resented and noisy node types.

Introduction

With the increasing complexity of real-world data, many ap-
plications such as knowledge graphs (Wang et al. 2025c,
2023b), recommender systems (Jin et al. 2023), financial
risk control (Yang et al. 2020), gtaph attacks (Zhu et al.
2024b; He et al. 2025; Zhu et al. 2024a; Wang et al. 2025b;
Yan et al. 2025) and social networks (Hui et al. 2025;
Lu, Chen, and Li 2024; Hu et al. 2023) now involve di-
verse types of entities and complex relationships. Traditional
graphs (Wang et al. 2024a) are often insufficient for mod-
eling such multifaceted structures, making heterogeneous
graphs essential for representing multi-type nodes and re-
lations. These graphs provide a unified framework for en-
coding rich semantics and intricate associations, and have
become a fundamental tool for modeling information flow
across diverse domains.

Heterogeneous graph learning methods are generally
categorized into metapath-based and metapath-free ap-
proaches. Metapath-based models rely on predefined se-
mantic paths to capture meaningful structural and seman-
tic dependencies within the graph (Wang et al. 2019; Dong,
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Chawla, and Swami 2017; Fu et al. 2020), and were widely
adopted in early research. In contrast, metapath-free ap-
proaches eliminate the need for manual path engineering
by learning node representations through direct modeling of
neighbors and relations, leading to a new generation of adap-
tive heterogeneous graph neural networks (Li et al. 2025; Lv
et al. 2021; Zhu et al. 2019).

Despite their effectiveness, these methods face seri-
ous challenges when applied to real-world heterogeneous
graphs, which often suffer from imbalanced node feature
distributions and the presence of noisy or weakly informa-
tive edges. These issues are particularly evident in social
risk governance scenarios, where the graph typically in-
cludes various entity types such as persons, locations, and
events, along with diverse relations including participation
and occurrence. In such graphs, event nodes tend to be rich
in high-dimensional textual or domain-specific information,
whereas person and location nodes often contain only lim-
ited structured attributes due to privacy constraints or data
collection limitations. This creates a strong semantic dispar-
ity between nodes, which hinders the ability of conventional
graph learning models to generate effective representations,
especially for underrepresented node types.

To quantify this issue, we conduct node classification ex-
periments on real-world social risk case graphs, evaluat-
ing three node types (person, event, location) using three
representative models: MLP, HGT (Hu et al. 2020), and
RGCN (Schlichtkrull et al. 2018). As shown in the left of
Figure 1, event nodes, which are text-rich, achieve signif-
icantly higher classification accuracy (71.17%) compared
to person (54.63%) and location (40.50%) nodes under an
MLP baseline. Incorporating graph structure through HGT
and RGCN does not improve performance for event nodes
and provides only marginal gains for text-less nodes. These
results indicate that existing heterogeneous graph models
struggle to generalize under severe feature imbalance.

As shown in the right of Figure 1, we argue that fea-
ture imbalance fundamentally disrupts the neighbor aggre-
gation mechanism in heterogeneous graphs. This disruption
degrades node representations and leads to lower classifica-
tion performance. Effective representation learning depends
on accurately capturing semantically relevant signals from
neighboring nodes. However, when semantically rich and
sparse nodes coexist, conventional aggregation strategies
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Figure 1: Feature imbalance and its impact on aggrega-
tion. Left: Node classification accuracy for Person, Event,
and Location nodes using MLP, HGT, and RGCN. Right:
Schematic of message passing and node interactions in a het-
erogeneous graph under feature imbalance.

such as attention mechanisms, mean pooling, or relation-
specific weighting often fail to correctly distinguish between
informative and uninformative neighbors. This results in a
cascade of representational failures. Informative neighbors
with low surface-level similarity may be underweighted or
even ignored, while noisy or weakly informative nodes may
be mistakenly emphasized. These aggregation mismatches
destabilize the message-passing process and are particularly
detrimental for nodes that lack sufficient features and rely
on neighbors for semantic enrichment. Collectively, these is-
sues reflect three interconnected challenges: incorrect neigh-
bor weighting, noise propagation, and representation bias to-
ward semantically rich nodes. Together, they significantly
impair the generalization ability of existing heterogeneous
graph learning methods.

To address these issues, we draw inspiration from the
decentralized and modular coordination principles in Fed-
erated Learning (Zou et al. 2024; Fu et al. 2025; Wang
et al. 2025a), which has proven effective in handling non-
IID data across distributed clients. In federated settings,
clients often possess data with distinct feature distributions
and must perform local, context-aware updates to avoid op-
timization bias. This setting is analogous to the heteroge-
neous graph scenario, where different node types exhibit
varying levels of semantic richness and structural connec-
tivity. Similar to clients in Federated Learning, nodes in
heterogeneous graphs require adaptive, localized strategies
rather than uniform aggregation mechanisms to achieve bal-
anced and robust representation learning. To this end, we
propose Heterogeneous Collaborative Graph Neural Net-
work (HeCoGNN), a collaborative and adaptive edge atten-
tion framework that integrates dynamic neighbor selection
and relation-aware message aggregation in a unified man-
ner. Specifically, HeCoGNN employs a type- and context-
sensitive gating mechanism to filter out noisy or weakly cor-
related neighbors, effectively mitigating the risk of noise
propagation and incorrect neighbor weighting. On the re-
fined topology, a relation-specific attention module further
calibrates aggregation weights to amplify semantically rel-
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evant yet underrepresented signals, addressing representa-

tion bias induced by feature disparity. By jointly optimizing

edge selection and message weighting, HeCoGNN dynami-

cally restructures the propagation process based on local se-

mantics and structural context, enabling robust and balanced

representation learning across heterogeneous node types.
Our contributions are summarized as follows:

* We analyze the fundamental reasons why conventional
heterogeneous graph neural networks fail in imbalanced
and noisy scenarios.

We propose HeCoGNN, a collaborative and adaptive ag-
gregation framework that mitigates semantic mismatch,
noise propagation, and representation bias.

Extensive experiments on real-world social risk gov-
ernance graphs demonstrate the effectiveness of our
method, showing significant improvements over state-of-
the-art baselines.

Related Work

Heterogeneous graph neural networks (HGNNs) are essen-
tial for modeling the complex relationships in real-world
multi-type data. Early works such as HAN (Wang et al.
2019) introduced hierarchical attention to aggregate infor-
mation from different node and meta-path types, enabling
flexible fusion of heterogeneous semantics. HGT (Hu et al.
2020) further advanced this direction with dynamic atten-
tion (Vaswani et al. 2017) allocation for fine-grained mod-
eling of node and relation types.Beyond attention, various
aggregation strategies have been proposed to enhance se-
mantic expressiveness. RGCN (Schlichtkrull et al. 2018)
implemented edge-specific transformations to handle the
varying importance of neighbors. HetGNN (Zhang et al.
2019) and MAGNN (Fu et al. 2020) leverage meta-paths
and structure-aware mechanisms to capture richer seman-
tics and higher-order connectivity, while HetSANN (Hong
et al. 2020) employs multi-level attention for flexible mes-
sage aggregation in complex topologies.Recent studies ex-
plore alternative architectures and theoretical approaches.
SeHGNN (Yang et al. 2023) abandons neighbor attention
in favor of single-layer long-metapath fusion for efficiency
and accuracy, and PSHGCN (He et al. 2024) introduces
spectral-based HGNNs with positive semidefinite heteroge-
neous graph filters, achieving strong performance and scala-
bility. HGRAN (Wang et al. 2024b) proposes a novel hetero-
geneous graph representation learning model using a hybrid-
attention mechanism, combining relation attention and node
attention to effectively capture complex heterogeneous in-
formation and structural relationships, outperforming state-
of-the-art methods on multiple benchmark datasets, while
HetTree (Guan et al. 2025) employs subtree attention on
semantic trees to capture hierarchical relationships often
missed by previous models. Despite these advances, most
HGNN:Ss still struggle with feature imbalance, noisy edges,
and representation bias, especially when node types differ
greatly in attribute richness. This motivates the development
of more adaptive and robust frameworks, as proposed in this
work, to better address the challenges of real-world hetero-
geneous data.



Preliminaries

A heterogeneous graph is defined as G = (V,&, A, R),
where V and £ denote the sets of nodes and edges, respec-
tively. A and R represent the sets of node types and edge
types, with mapping functions ¢ : V — Aand ¢ : £ — R.
Each node v € V is associated with a feature vector x,, €
R% representing its attributes. In heterogeneous graphs, the
rich semantics of different types of entities and relations
introduce complexity in information propagation, requiring
sophisticated models to effectively capture both local and
global dependencies across types.

We consider a multi-type node classification task on a het-
erogeneous graph. Let 7y, C A denote the set of node types
with classification targets. For each type ¢ € 7y and each
node v € V such that ¢(v) = t, the objective is to predict a
label y,, € )¢, where ), is the type-specific label space with
cardinality C; = |)|. The goal is to learn unified node rep-
resentations that jointly model node attributes and the het-
erogeneous structural context defined by the edge types in
R. Node types outside 7Ty serve only as auxiliary informa-
tion and are not assigned classification targets.

Method
Overall Framework

The proposed HeCoGNN framework addresses three core
challenges in heterogeneous graph learning: incorrect neigh-
bor weighting, noise propagation, and representation bias to-
ward semantically rich nodes. As shown in Figure 2, the ar-
chitecture consists of two collaborative modules: GateNet
and ContextNet. GateNet adaptively selects which edges
participate in message passing based on node and neigh-
bor types. This dynamic gating suppresses noisy or weak
connections, retaining essential information flow. Con-
textNet assigns relation-aware attention weights to the fil-
tered edges, enabling feature-sparse nodes to effectively ab-
sorb contextual information from rich neighbors and miti-
gating representation bias. By combining discrete edge se-
lection (GateNet) with fine-grained attention (ContextNet),
HeCoGNN flexibly controls information propagation, re-
sulting in more balanced and robust node representations for
real-world heterogeneous graphs.

Feature Projection and Initialization

To enable joint message passing across heterogeneous node
types, we first project the raw features of each type into a
common hidden space. Specifically, for each node type a €
A, we learn a type-specific linear transformation:
H® = Proj@ (X)) = X(@w() L p@ (1)
X(@) ¢ RNexdn denotes the input feature matrix for node
type a, with N, nodes and d;, feature dimension. W(®) ¢
R%*dn and b(® € R% are learnable parameters, repre-
senting the projection weights and bias for node type a.
H(® ¢ RNexdn ig the resulting projected feature matrix
in the unified hidden space of dimension d,.
The purpose of this step is to align all node types into a
shared semantic space, so that nodes of different types can
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be aggregated and compared in subsequent layers. This also
mitigates the feature dimension disparity between textrich
and textless nodes, laying the foundation for effective het-
erogeneous message passing.

GateNet

Following CoGNN (Zou et al. 2024) GateNet is designed
to dynamically regulate the structural flow of information
in heterogeneous graphs by learning edge-wise participa-
tion probabilities conditioned on both source and target node
types. This bidirectional gating mechanism ensures that only
mutually consented, semantically coherent connections are
preserved for aggregation, effectively reducing structural
noise and suppressing irrelevant interactions. Unlike simple
aggregation schemes, GateNet adaptively filters out spurious
or redundant neighbors based on node-specific features and
type semantics, thereby addressing the core limitations of
uniform message passing and mitigating the impact of noise
propagation in heterogeneous settings.

Node-Type-Specific MLP Gating. For each node v of
type a = ¢(v), GateNet uses two independent multilayer

perceptrons (MLPs) to generate logits for “in” and “out”
edge gates:
2\ (v) = MLP'“(h,), 2% (v) = MLP\,(h,), ()
mn - mn v/ out - out \**v />

where h,, € R% is the hidden representation of node v after

feature projection. Each MLPEZ) and MLPE)‘th outputs a 2-
dimensional logit vector, encoding the selection probability

for each gate (select, not select).

Gumbel-Softmax Sampling. Given the MLP-produced
logits z;, and z,,; for each node, we employ the Gumbel-
Softmax trick to obtain discrete but differentiable gating de-
cisions for edge activation.

Specifically, the logits are perturbed with Gumbel noise
and converted to probabilities as:

gi = —log(—log(Uy)),

oy (it 0)/7)

o exp (25 +g5)/7)
where 7 is a temperature hyperparameter controlling the
“hardness” of the sample.

The resulting probabilities p;y,, Pour € [0, 1]? provide a
continuous and differentiable approximation to one-hot se-
lection (as 7 — 0, this approaches a hard arg max). During
training, we use the straight-through estimator: the forward
pass uses hard samples, and the backward pass uses the soft
version for gradient computation.

Direct use of arg max is non-differentiable and breaks
gradient flow. Gumbel-Softmax (Potapczynski, Loaiza-
Ganem, and Cunningham 2020) enables end-to-end op-
timization of the MLP-based gating network, translating
learned scores into sparse, data-driven edge activations, and
offering a principled, flexible alternative to fixed thresholds
or static edge selection. This is crucial for precise structural
control and stable training in the presence of severe feature
imbalance and structural noise.

U; ~ Uniform(0,1) (3)

“4)
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Figure 2: The overall architecture of HeCoGNN: (a) Overall pipeline; (b) GateNet for in/out probability generation; (c) Con-

textNet for attention adjacency computation.

Dynamic Edge Gate Construction. After obtaining the
in- and out- selection probabilities for each node from the
GateNet module, we construct the dynamic gating score for
every edge in the graph. Specifically, for each edge (u, 7, v),
u is the source node, v is the target node, and r is the relation
type, we combine the out-gating probability of the source
node u and the in-gating probability of the target node v as
follows:

P’ @l @h, )
where [-]; denotes the probability corresponding to the “se-
lect” gate in the Gumbel-Softmax output, and ¢(-) is the
node type function.

This design embodies the principle of mutual agreement:
an edge is strongly activated only if both the source node
is willing to send information (high out-probability) and the
target node is willing to receive it (high in-probability). If
either node “refuses” to participate, the gating score will be
low, effectively reducing or blocking message propagation
along that edge.

By constructing the edge gating mechanism in this mul-
tiplicative and mutually dependent manner, we ensure that
each edge activation is not only node-specific but also deeply
context-aware, allowing it to dynamically adapt to the evolv-
ing representational state and semantic landscape of every
node in the heterogeneous graph. This mechanism enables
the model to effectively suppress irrelevant, spurious, or
noisy connections, while simultaneously preserving and am-
plifying information flow along the most critical, semanti-
cally aligned, and high-value paths. As a result, it directly

S(u,rw) =
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addresses the dual challenges of rigid aggregation and un-
controlled noise propagation, thereby laying a solid foun-
dation for more precise, robust, and interpretable message
passing in the downstream relation-aware aggregation stage
handled by the ContextNet module.

ContextNet

Motivated by the semantic sparsity of nodes such as Person
and Location, ContextNet is designed to amplify weak but
informative signals through relation-specific, multi-head at-
tention, thereby facilitating semantic completion for textless
nodes. Building upon the dynamic edge pruning performed
by GateNet, ContextNet assigns fine-grained, context-aware
attention weights to the remaining neighbors, allowing flex-
ible and relation-sensitive information aggregation. This
mechanism plays a critical role in mitigating representation
bias and enhancing the expressive power of structurally or
semantically underrepresented node types.

Enhancing Representation of Textless Nodes. Textless
nodes (e.g., person, location) typically lack rich semantic
features, making them vulnerable to being overwhelmed
during message aggregation. ContextNet addresses this by
computing context-aware, heterogeneous attention: for each
target node, attention weights (Vaswani et al. 2017) over its
neighbors are conditioned not only on neighbor features but
also on the relation type and the target node’s context. This
enables textless nodes to selectively amplify signals from in-
formative textrich neighbors, effectively achieving semantic
completion and improving downstream classification.



Multi-Head Relation-Specific Attention. ContextNet
utilizes multi-head, relation-specific attention to model the
complex semantic patterns in heterogeneous graphs. For
each edge (u,r,v) and each head h:

(h) = softmax (a,ﬂh)T [hy || hv]> )

Ylurw) =

(6)
where agh) is a trainable vector for relation r and head h.
This design allows the model to attend to diverse relational
patterns and semantic perspectives, ensuring adaptive aggre-
gation tailored to each edge type.

Attention Computation and Integration. For each edge,
the raw attention score is:
) = W [Ba[[By] + (7
and the normalized attention is:
exp(a u,r,v )
Uu,rw) = L ®)

Z’u’ EN,-(v) exp(a(u’ ) ) ’

The final edge weight is obtained by fusing attention with
GateNet’s gate:

C))

This captures both “who can speak” (GateNet) and “who
should be listened to” (ContextNet), achieving robust, bal-
anced, and interpretable message passing in highly hetero-
geneous and imbalanced graphs.

A(u,rw) = Alu,rv) * S(u,r)-

Collaborative Evolutionary Message Passing

A central innovation of HeCoGNN is the collaborative and
evolutionary integration of GateNet and ContextNet within
each message passing layer of the architecture. Rather than
performing neighbor selection and attention aggregation in-
dependently, our model enables these two modules to inter-
act and co-evolve seamlessly throughout the learning pro-
cess, dynamically shaping both the structure and intensity
of information flow in the heterogeneous graph.

At each layer, GateNet first computes dynamic, type- and
context-aware gating probabilities for all edges, sparsely se-
lecting which neighbors are eligible for message passing.
ContextNet then assigns fine-grained, relation-specific at-
tention weights to these activated edges, further modulating
the strength of information aggregation based on the seman-
tic context of the connections. The final message passing
weights are obtained by fusing GateNet’s gates with Con-
textNet’s attention scores via element-wise multiplication:

(10)

As node representations are iteratively updated, both gat-
ing and attention strategies are jointly adapted in a layer-
wise, co-evolutionary manner, enabling HeCoGNN to dy-
namically restructure information flow and achieve robust,
balanced representation learning.

Through this collaborative evolutionary message pass-
ing process, HeCoGNN can dynamically and flexibly re-
structure the effective graph at each layer, thereby enabling
richer, more discriminative, and more balanced node repre-
sentations for downstream tasks.

a(u,r,v) = a(u,r,v) - S(u,r,v) -
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Optimization

HeCoGNN is optimized for multi-type node classification
over the set 7y,. For each type t € Ty, a dedicated classifier
head f®) : R% — RC* outputs logits o,, for nodes of type ¢.
During training, we compute the cross-entropy loss for each
type separately using the labeled nodes S;, and then average
the losses across all types:

>

teTv

Z CrossEntropy(0,,Y,), (11)
vESy

o= i 2
where Y, is the ground-truth label for node v. This approach
ensures that each node type is supervised according to its
own label space, and prevents imbalance among types. All
model parameters—including feature projection, GateNet,
ContextNet, and classifier heads—are updated jointly using
the Adam optimizer (Kingma and Ba 2015).

Experiment
Datasets

Overview To evaluate HeCoGNN in realistic settings, we
construct two heterogeneous graph datasets from real-world
police case records, referred to as Social Governance I (SG-
I) and Social Governance II (SG-II). These datasets are gen-
erated by parsing and extracting structured and unstructured
information from approximately 16,000 and 1,000 incident
reports, respectively. Each dataset includes four types of
nodes: (1) Person, denoting individuals involved in cases,
characterized by identity attributes and brief textual profiles;
(2) Event, denoting case incidents enriched with structured
keywords and detailed narratives; (3) Location, referring to
geographical entities extracted from incident records; (4)
EventType, representing abstract event categories that sup-
port semantic generalization during aggregation. The statis-
tics of both datasets are summarized in Table 1.

Data Filtering To ensure dataset quality and representa-
tiveness, we implement a rigorous data filtering pipeline.
The raw police records contain noisy, redundant, and incom-
plete entries. We first remove records missing key attributes
(identity, location, or event descriptions) or with invalid risk
labels. For person, event, and location nodes, only instances
reliably matched to at least one incident are retained, ensur-
ing every node is involved in the graph. Textual attributes un-
dergo normalization, keyword extrgate, and deduplication;
short or uninformative descriptions are excluded. For event
nodes, we discard samples with ambiguous or overly generic
keywords. Only records with sufficient semantic and struc-
tural information are preserved. After filtering, we obtain
two benchmark heterogeneous graph datasets: a small set
(1,000 high-quality samples) and a large set (15,000 sam-
ples). The details of node feature construction and label an-
notation are described below.

Node Feature Construction For each node, descriptive
information is processed using regular expressions, segmen-
tation, and keyword extrgate. The resulting keywords are
concatenated and encoded into a unified 384-dimensional
semantic vector using a pre-trained SentenceTransformer



Dataset SG-I1 SG-1I
Node Types
Person 12,024 1,051
Event 15,277 1,092
Location 2,931 301
EventType 163 46
Edge Types
(Person, involved, Event) 15,277 1,092
(Location, occurred, Event) 14,508 1,092
(Event, belong_to, EventType) 15,277 1,092
(Event, rev_involved, Person) 15,277 1,092
(Event, rev_occurred, Location) 14,508 1,092
(EventType, rev_belong_to, Event) 15,277 1,092

Table 1: The statistics of both datasets

model, ensuring all node types are represented in a common
embedding space suitable for message passing.

Label Annotation Risk levels (low, medium, high) are ini-
tially assigned to each node in the raw dataset based on its
contextual semantics, and subsequently mapped to integer
labels, which serve as supervised targets for the node classi-
fication tasks during training.

Experimental Setups

Baselines We compare our proposed HeCoGNN model
with several state-of-the-art graph learning methods, includ-
ing both heterogeneous and homogeneous approaches. The
heterogeneous methods include HAN (Wang et al. 2019),
HGT (Hu et al. 2020), RGCN (Schlichtkrull et al. 2018)
and HeteroSAGE (Hamilton, Ying, and Leskovec 2017),
HGATE (Wang et al. 2023a), HGRAN (Wang et al. 2024b),
while the homogeneous methods include GCN (Kipf and
Welling 2017), GAT (Velickovic et al. 2018) and a multi-
layer perceptron (MLP) using only node features. All mod-
els are implemented with the same node features and edge
structures for a fair comparison, and hyperparameters are
tuned based on standard practices. Additionally, all models
use the same input features and label splits as HeCoGNN to
ensure consistency in the evaluation.

Experimental Settings We address a multi-type node
classification problem on heterogeneous graphs, where each
graph contains Person, Event, and Location nodes. The ob-
jective is to train a unified model that predicts the risk level
(low, medium, or high) for each node type simultaneously.
Our approach fully leverages both the node attributes and the
graph structure to optimize classification accuracy across all
target types.For evaluation, nodes of each type are randomly
split into 80% for training and 20% for testing, and results
are averaged over five random splits to ensure statistical ro-
bustness. All models are implemented using PyTorch Geo-
metric. We use a hidden dimension of 256, with 3 network
layers and a dropout rate of 0.2. The Adam optimizer is used
with a learning rate of 1 x 103, and all models are trained
for 300 epochs. The Gumbel-Softmax temperature parame-
ter is set to 1.0 throughout all experiments.
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Experimental Results

Node Classification We evaluate the performance of
HeCoGNN and all baselines on the joint multi-type node
classification task, using Macro-F1, AUC, and Accuracy
as metrics. The detailed results are presented in Table 2.
Our main findings are as follows: HeCoGNN consistently
achieves the best performance across all node types. Bene-
fiting from collaborative dynamic gating and relation-aware
attention, it yields substantial improvements, especially for
textless node types (Person, Location), compared to all base-
lines. Heterogeneous GNNs (HAN, HGT, RGCN) outper-
form homogeneous models (GCN, GAT), highlighting the
importance of modeling node and edge type heterogene-
ity in social risk graphs. MLP performs significantly worse
than all GNN-based methods, underscoring the value of in-
corporating structural information. Feature imbalance across
node types is evident. Models with static or non-adaptive
aggregation struggle with sparse-feature nodes, whereas
HeCoGNN'’s adaptive mechanism enhances performance on
these challenging types. These results confirm HeCoGNN’s
effectiveness in addressing feature imbalance and noise in
heterogeneous graphs. Furthermore, HeCoGNN achieves
competitive Macro-F1 and Micro-F1 scores on the public
ACM dataset, as shown in Table 3, demonstrating strong
generalization across different graph benchmarks.

Parameter Study To investigate the individual contribu-
tions of GateNet and ContextNet, we conduct a detailed



Person Event Location
Method
Macro-F1 AUC ACC Macro-F1 AUC ACC Macro-F1 AUC ACC
Social Governance 1
HAN 0.5037 0.7497  0.5541 0.6152 0.8402  0.6867 0.6404 0.8537 0.7543
HGT 0.2181 0.7092 04214 0.3315 0.7339  0.5349 0.3554 0.6766  0.6894
RGCN 0.6874 0.8600 0.6892 0.6866 0.8737  0.7286 0.6898 0.8886  0.7733
HeteroSAGE 0.5403 0.8081  0.5844 0.5521 0.8962 0.7074 0.5906 0.8726  0.7782
HGATE 0.2789 0.5106  0.7190 0.2132 0.6444  0.4495 0.2222 0.6274  0.5029
HGRAN 0.5007 0.7206  0.7024 0.7098 0.8375 0.7105 0.5040 0.7294  0.6000
MLP 0.3181 0.5606  0.4214 0.6415 0.8299  0.6799 0.2631 0.5116  0.6519
GCN 0.6462 0.8353  0.6571 0.6431 0.8324 0.6914 0.5148 0.8844  0.7532
GAT 0.5341 0.7384  0.5620 0.6334 0.8275  0.6900 0.6032 0.8068  0.7338
HeCoGNN 0.7471 0.8452  0.7384 0.7273 0.8792  0.7483 0.8058 0.9498 0.8686
Social Governance II

HAN 0.3693 0.7039  0.7048 0.6619 0.8572  0.6927 0.5237 0.7735 0.6167
RGCN 0.4962 0.8035 0.6810 0.6700 0.8676  0.6743 0.5634 0.7781  0.6333
HGT 0.2864 0.6348  0.6619 0.3921 0.7943  0.5642 0.2717 0.6855  0.5000
HeteroSAGE 0.4874 0.7271  0.6429 0.6571 0.8387  0.6697 0.5787 0.7678  0.5667
HGATE 0.2549 0.5309 0.619 0.1933 0.6471  0.4083 0.2271 0.5697 0.5167
HGRAN 0.3202 0.619 0.6753 0.4002 0.7798  0.5810 0.4367 0.7215  0.5652
GCN 0.5161 0.7368  0.6333 0.6185 0.8522  0.6789 0.5675 0.8172  0.5500
GAT 0.5467 0.6830  0.6810 0.6188 0.8227  0.6560 0.5913 0.7995  0.5833
MLP 0.3125 0.5142  0.5667 0.6791 0.8529  0.7110 0.3505 0.5500  0.5500
HeCoGNN 0.6310 0.8170  0.7238 0.6774 0.8378  0.6881 0.6889 0.8812  0.7333

Table 2: Node classification performance (%). The best results are shown in bold, and the second best is underlined.

Model Macro-F1  Micro-F1 AUC

HeCoGNN 0.8324 0.8416 0.9258
HGT 0.8264 0.8157 0.8906
RGCN 0.8325 0.8305 0.9125

Table 3: Performance comparison on the ACM dataset.The
best results are shown in bold.

parameter study by replacing their respective architectures
with alternative designs, including a Dynamic Attention-
based Model, a Fixed Weight Aggregation Model, and a
simple MLP. As shown in Figure 3, the configuration that
employs MLP-based GateNet and Dynamic Attention-based
ContextNet (HeCoGNN (GateNet MLP, ContextNet Dy-
namic Attention)) consistently outperforms other variants
across all metrics and node types. In contrast, substituting
either component with fixed or static counterparts leads to
noticeable performance degradation, especially for feature-
sparse node types such as Person and Location. This demon-
strates the necessity of type-sensitive gating for suppress-
ing irrelevant information and the importance of relation-
aware attention in capturing nuanced semantic dependen-
cies. Overall, the results underscore the critical role of both
modules in enabling effective and balanced representation
learning in heterogeneous graphs.

Ablation Study To further assess the effectiveness of each
component within HeCoGNN, we perform an ablation study
using three model variants: HeCoGNN (GateNet + Con-
textNet + Fusion), which represents the full model with
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dynamic gating and relation-aware attention; w/o GateNet
(Only ContextNet), which removes the gating mechanism
and relies solely on attention-based aggregation; and w/o
ContextNet (Only GateNet), which omits attention and
uses only hard gating for message passing. As illustrated
in Figure 4, both modules are indispensable. Removing ei-
ther one leads to a substantial drop in classification accu-
racy, particularly for nodes with limited features. The per-
formance degradation is most prominent on Person and Lo-
cation nodes, indicating their greater reliance on structural
and contextual cues. In contrast, the full HcCoGNN model
consistently achieves the highest accuracy, validating the ef-
fectiveness of the collaborative design in mitigating imbal-
ance and noise in real-world heterogeneous graphs.

Conclusion

In this paper, we propose HeCoGNN to tackle the criti-
cal challenges of severe feature imbalance and noise prop-
agation in real-world heterogeneous social risk graphs. By
introducing the collaborative mechanisms of GateNet and
ContextNet, our model achieves adaptive edge selection and
relation-aware information aggregation, effectively mitigat-
ing representation bias and enhancing the expressiveness
of textless nodes. Extensive experiments on two real so-
cial governance datasets demonstrate that HeCoGNN signif-
icantly outperforms existing heterogeneous GNN baselines,
especially in terms of balanced performance across different
node types and robustness to structural noise. These results
highlight the practical value of our framework for complex
multi-type risk assessment tasks in heterogeneous networks.
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