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Abstract

E-commerce has experienced significant growth recently, gener-
ating vast amounts of data on user preferences, interactions, and
purchase patterns. Effectively modeling and representing users and
products in these online ecosystems is crucial for various applica-
tions. However, existing approaches for e-commerce representation
learning face several limitations: (i) they primarily consider user
behavior patterns while ignoring rich group-wise relationships;
(ii) some works focus on either user or product representations,
failing to learn both simultaneously; (iii) results on downstream
tasks are generated by "black box" models, making it difficult to in-
terpret prediction results. To address these challenges, we propose
RelationExpert, a general e-commerce representation learning
framework. It consists of two components: RelationEmbed, an e-
commerce representation learning foundation model, and TaskRe-
port, an interpretability-driven LLM module. RelationEmbed is a
self-supervised hypergraph contrastive learning model to capture
multi-modal features and rich group-wise relationships among un-
labeled data, i.e., merchants, customers, and products. TaskReport
generates interpretable reports that explain the results of down-
stream tasks utilizing RelationEmbed’s learned embeddings. As a re-
sult, (i) General: RelationExpert is applicable to various e-commerce
related tasks; (ii) Novel and Powerful: as the first e-commerce hyper-
graph contrastive learning framework, RelationEmbed significantly
outperforms existing methods across eight downstream tasks on
two markets; (iii) Interpretable and Reliable: TaskReport provides
clear insights into "black box" results and delivers reliable reports
with high factuality and clarity.
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1 Introduction

Over recent decades, e-commerce has experienced significant growth
and prosperity, generating vast amounts of data on user prefer-
ences, interactions, and purchase patterns. Effectively modeling

and representing users and products in online stores is crucial for

personalized recommendations, targeted advertising, fraud detec-
tion, and overall user experience enhancement [4, 7, 28, 29, 40, 42].
Figure 1 illustrates nine customers and two merchants involved

in trading two products in an online store. These customers and

merchants exhibit natural group-wise relationships, such as shar-
ing the same information (e.g., telephone number) across different

accounts and purchasing the same products among different cus-
tomers. Effectively and efficiently learning representations of these

natural group-wise relationships is essential.

Some methods [1, 5, 11-13, 27] have been proposed to learn
representations in e-commerce recently. However, these methods
still face several limitations: (i) Some existing approaches [12, 13]
focus on training the foundational models based on user behavior
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Figure 1: Showcase of group-wise relationships in markets.

patterns to learn e-commerce representations. For instance, Shop-
perBERT [40] learns from billions of user behaviors to produce
user embeddings for downstream tasks, but it overlooks the rich
group-wise connections among users, such as shared information or
similar purchasing patterns. Although recent works [7, 29] design
graph neural networks (GNNs) in modeling the relations among
merchants, customers, and products online, these works are limited
to pairwise relationships, which may not adequately capture the
group-wise higher-order interactions prevalent in e-commerce sce-
narios. (i) Most existing works support representation learning on
either users or products online, failing to learn both simultaneously.
For instance, COPE framework [7] learns product representations
across different media domains, while ShopperBERT [40] focuses
on user representations from user behaviors. (iii) After obtaining
representations, most existing models operate as “black boxes” that
leverages these representations for downstream tasks directly, mak-
ing it challenging to understand and interpret results of these tasks.

To address the aforementioned limitations, we propose a frame-
work called RelationExpert, which comprises two key compo-
nents: RelationEmbed, an e-commerce foundation module de-
signed to model rich group-wise relationships and multi-modal
features over unlabeled data, and TaskReport, an interpretability-
driven LLM module that generates interpretable reports based on
the results of downstream tasks. Specifically, we first construct
e-commerce hypergraphs to represent the high-order group-wise
relationships among merchants, customers, and products, as well
as their multi-modal information. To address the first and second
challenges, we design a dual-level hypergraph contrastive learning
module to train a hypergraph model on the unlabeled data. After
sufficiently training, we obtain a pre-trained hypergraph founda-
tion model and embeddings for merchants, customers, and products,
which can be easily fine-tuned or leveraged for various downstream
tasks (e.g., product-customer recommendation, abuser detection,
and clustering). Furthermore, to tackle the third challenge, we de-
velop TaskReport, which leverages LLM to automatically generate
interpretability-driven reports by considering the group-wise re-
lationships and the classification results in downstream tasks. In
summary, the main contributions of this work are:

o General: We introduce RelationExpert, a general e-commerce
representation learning framework, encompassing the hyper-
graph foundation model RelationEmbed and the interpretability-
driven reports generated by TaskReport. This general framework
is applicable to various e-commerce-related tasks.

Yiyue Qian et al.

o Novel and Powerful: To the best of our knowledge, RelationEm-
bed is the first e-commerce foundation model that designs hy-
pergraph contrastive learning to learn embeddings of merchants,
customers, and products over real-world unlabeled data. These
embeddings achieve significant improvements in eight down-
stream tasks over two real-world market datasets compared to
existing methods.

o Interpretable and Reliable: TaskReport is developed to offer
clear insights to “black box” results. By accessing the quality of
factuality and clarity in task-oriented LLM reports, TaskReport
shows its excellent capability and reliability.

2 Related Work

E-commerce Representation Learning. Representation learn-
ing has become a crucial technique in e-commerce, enabling plat-
forms to capture complex user behaviors, product relationships,
and multi-modal data. Recent works on e-commerce representa-
tion learning can be categorized into several key areas: multi-
modal representation learning [4, 23, 42, 53, 57], large-scale pre-
training [8, 18, 38, 40, 41], and graph-based representation learn-
ing [7, 24, 29, 56]. As e-commerce offers various types of data (e.g.,
text, image, and video) in different modalities, it is an increasing
need for representation learning that can bridge data in differ-
ent modalities. For instance, COPE framework [7] is proposed to
address the challenges posed by rich content in online markets,
unifying product representations across different media domains
including product pages, short videos, and live streams. The sec-
ond group is related to large-scale pre-training for user represen-
tation learning, which is inspired by the promising performance
of general-purpose language pre-training. For instance, Shopper-
BERT [40], learns from billions of user behaviors to produce user
embeddings that can be applied to various downstream tasks such
as user profiling, anomaly detection, and recommendations. The
third group contains graph neural network methods for represen-
tation learning, which are inspired by the excellent performance
of GNNss in learning complex relationship in real-world data. For
instance, U-ROAD [29], designs a universal framework for multi-
modal heterogeneous graph neural networks to detect various types
of abusers in online stores. Although these methods can either lever-
age complex relationships and multi-modal data in online stores,
they are unable to depict the complex group-wise relations. Besides,
most of existing works only support either user representation
learning or product representation learning, while they are not
able to learn both user and product representations. What’s more,
when applying the pre-trained representations to downstream tasks,
it is always challenging to interpret the results of downstream tasks.

Hypergraph Contrastive Learning. Unlike regular graphs [32,
36, 37, 47, 50, 51, 51, 54, 55] where each edge connects exactly two
nodes, hypergraphs allow each hyperedge connects an arbitrary
number of nodes. Hypergraph neural networks (HyGNNs) [9, 10,
30, 49] have gained considerable attention in recent years with their
strong ability to capture complex relationships among networks.
AllDeepSets [9], a notable work that designs multi-set functions to
learn the information propagation between nodes and hyperedges.
Inspired by existing graph contrastive learning works [33-35, 45,
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46], researchers start to explore the benefits of contrastive learning
over hypergraphs [22, 26, 31, 43]. For instance, HyperGCL [44]
proposes a generative method to create generative augmentations of
hypergraphs. However, these works have limitations in describing
group-wise behaviors and multi-modal information in e-commerce
during hypergraph contrastive learning. To this end, we design a
dual-level e-commerce hypergraph contrastive learning to reach
agreements among representations of users, products, and groups.

3 Preliminary

In this section, we introduce the relevant definition and formally
define e-commerce representation learning problem.

Definition 3.1. Hypergraph. Let G = (V, &, X) denotes a hyper-
graph, where V = {v1,02,--- ,oN} is the set of nodes with size
N = |V|, & = {e1,e2,-- -, epr} is the set of hyperedges with size
M = |E|, and X = {x1,x2,...xN} is the set of node attribute fea-
tures with x; € R?. Unlike the pairwise edges in a graph, each
hyperedge e € & represents a higher-order interaction among a set
of nodes. A hypergraph can be represented by an incidence matrix
H e RN*M \here Hy = 1 if v € e Otherwise, Hye = 0 . For each
node v € V and hyperedge e € &, we leverage d(v) = Y .cg Hoe
and d(e) = Y yecy Hoe to denote the node degree and the hyper-
graph degree, respectively.

ProOBLEM 1. E-commerce Representation Learning. Given on-
line market data, containing different types of nodes (i.e., merchant,
customer, and product) along with multi-modal features X, merchant,
customer, and product labels Y, as well as multiple types of group-wise
relationships & among nodes, we build an e-commerce hypergraph G
to model the rich multi-modal node features and group-wise relation-
ships among nodes and further design an e-commerce hypergraph
contrastive learning module to learn the merchant, customer, and
product embeddings simultaneously over the unlabeled data. Then the
learned embeddings of merchants, customers, products, and groups
generated by the hypergraph foundation model can be directly applied
to any downstream tasks. What’s more, the results of downstream
tasks will be presented in an interpretable report generated by LLM.

4 Proposed Model

In this section, we present the details of RelationExpert which
includes three modules: hypergraph construction (Figure 2.(a)), Re-
lationEmbed foundation model via hypergraph contrastive learning
(Figure 2. (b)), and an interpretability-driven LLM module called
TaskReport (Figure 2. (c)).

4.1 E-commerce Hypergraph Construction

Unlike edges in graphs that can only connect two nodes, a hyper-
edge in hypergraphs can connect any number of nodes, which is
flexible to capture the group-wise relationships among merchants,
customers, and products in online markets. Therefore, we employ
hypergraphs to depict both the high order group-wise relationships
in e-commerce markets, and their informative multi-modal features.

4.1.1 Features in E-commerce Hypergraphs. Merchant and Cus-
tomer Features: Merchant and customer features play a crucial
role in analyzing and optimizing e-commerce markets. In this work,

WWW Companion ’25, April 28-May 2, 2025, Sydney, NSW, Australia

we extract some typical features to capture merchant and cus-
tomer’s behaviors. Specifically, for merchants, numerical features
such as product pricing strategies provide insights into market po-
sitioning and competitiveness. The age of a merchant’s account
serves as an indicator of experience and reliability, potentially corre-
lating with higher trust levels and performance. Sales volumes offer
valuable metrics to assess a merchant’s success and operational
efficiency. On the customer side, for instance, purchase frequency,
average order value, and customer lifetime value help segment
users and understand their engagement levels. We leverage these
numerical features as the feature vectors attached to each merchant
or customer node in hypergraphs.

Multi-modal Product Features: For products in online stores,
we consider the rich multi-modal features, integrating both textual
and visual data. For text information, we leverage the pre-trained
language model Sentence-Bert [39] to generate text embeddings
with a dimension of 384. Simultaneously, we utilize the pre-trained
image model ResNet [15] to extract image feature vectors of size
2048. Ultimately, we concatenate these text and image features into
a comprehensive feature vector measuring 2432 dimensions, which
is then utilized for product hyperedges in hypergraphs. We con-
sider product as one type of our hyperedges in our e-commerce
hypergraph and attach features to each product hyperedge.

4.1.2  Hyperedges in E-commerce Hypergraphs. We define two dis-
tinct types of group-wise relations, or hyperedges, among entities
in online markets. These hyperedges are designed to capture and
represent high-order group-wise relations within the e-commerce
network. The first category, R1: merchants/customers-sell/purchase-
product, encapsulates the group-wise interactions based on order
history, connecting merchants, customers, and products. Specif-
ically, it indicates that a group of customers purchased a partic-
ular product from a merchant within a defined time frame. The
second category, R2: merchant/customer-share-info, identifies in-
stances where a group of customers or merchants share identical
information. To illustrate these concepts, consider three example
hyperedges in Figure 3: Product 1, Product 2, and Information 1.
Product 1 connects six customers to one merchant, while Product
2 links four customers to another merchant. Additionally, a third
hyperedge, Information 1, connects these two merchants and a
customer who share common personal information. Figure 3 shows
the e-commerce hypergraph schema which effectively extracts and
represents group-wise relationships. By leveraging hyperedge defi-
nitions, we can uncover intricate patterns of behavior that might
remain hidden in traditional graph representation learning.

4.2 RelationEmbed: E-commerce Hypergraph
Contrastive Learning

In this section, we will introduce how we design dual-level hyper-
graph contrastive learning over unlabeled merchants, customers,
and products in online markets.

4.2.1 E-commerce Hypergraph Augmentation: Based on existing
works [22, 26, 44, 52], we first summarize five types of hypergraph
augmentation methods (i.e., attribute masking, hyperedge removal,
node dropping, edge perturbation, and sub-hypergrpah generation).
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Figure 2: The framework of RelationExpert: (a) It first designs e-commerce hypergraph schema to extract rich group-wise
relationships among entities (i.e., merchants, customers, and products) in online markets. (b) With two augmented hypergraphs
generated via hypergraph augmentations, they are fed into the hypergraph encoder. By maximizing the agreements between
positive and negative merchant/customer/group/product contrastive pairs in the embedding space, we can obtain the embeddings
of merchants, customers, products, and groups learned by RelationEmbed over the unlabeled data. (c) The learned embeddings
are directly utilized for various downstream tasks related e-commerce services. With the classification results, TaskReport
generates interpretable and reliable reports based on the relation triplets and the predicted labels over downstream tasks.
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&
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gre){gteign 1S 8] . Then we feed augmented e-commerce hypergraph G to HyGNNs
Hyper shore (g5 | | \ i to learn the embeddings of merchants, customers, and products. In
'em"mz tInformation 1 Product1; this work, we choose AllDeepSets [9] as the hypergraph encoder
f() to learn the node (merchant and customer) and hyperedge
(product) embeddings, which can be formulated as follows:

Z8 = e (Vs Z8)), U = fo s (B, 7 UK,
Given these augmentation methods, we select hyperedege pertur- )
bation and attribute feature masking as the pair of hypergraph Uz(,t.ﬂ)
augmentation methods and further obtain the augmented hyper- -
graph pair (G1, G2) where [G1 = (V1,E1, X1), G2 = (Va, E2, X2)].
Here &; and X; are hyperedge set after hyperedge removal and
feature set after masking in e-commerce hypergraphs, respectively.

where W is the type-specific transformation matrix for different
node and hyperedge types. In this work, |o| = 4.

Figure 3: E-commerce hypergraph schema.

where th:ﬂ) is the embedding of hyperedge e at time ¢ + 1,
is the em’bedding of node v, fyg and fg— are two multiset
functions in terms of the input. Zg,: denotes the original attribute
feature of hyperedge e and U?,!: denotes the attribute feature of
node v, where Ug,: =Xy,

4.2.2  E-commerce Hypergraph Representation Learning: After ob-
taining two augmented e-commerce hypergraphs, we feed them to
HyGNNSs to model rich group-wise relations and multi-modal at-
tribute features over unlabeled data. As we have two types of nodes
(i.e., merchant and customer) and two types of hyperedges (i.e.,
product and information) in hypergraphs, we apply a type-specific
mapping layer to transform all features of nodes and hyperedges

4.2.3  User-level Hypergraph Contrastive Learning: After that, a
dual-level hypergraph contrastive strategy is devised to align the
user embeddings in a local manner and match the group-wise group
embeddings from a global perspective. In order to achieve the node
embedding agreements among merchants and customers, we design
user-level hypergraph contrastive learning (HyGCL) to maximize
the similarity between positive user pairs while minimizing the
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similarity between negative user pairs. Specifically, given two nodes
(merchant/customer nodes) (v;,0;) from (Q~1,Q~2), we obtain the
user embeddings (u%, u?) generated by the encoder fy_ g5 in
Equation 2. We then feed (u}, u?) to projection head A(-) to project
embeddings into the same space for contrastive learning. (v;,vj) is
a positive contrastive user pair if i = j. Otherwise, it is considered
as a negative user pair in user-level HyGCL.

4.2.4  Group-level Hypergraph Contrastive Learning: Although user-
level HyGCL maximizes the embedding agreements among users,
it may not be sufficient to capture group-wise behaviors within
hyperedges (i.e., products and shared information). To this end, we
design a group-level HyGCL module to capture the group behaviors
within the corresponding products / shared information from a
global perspective. Specifically, for each hyperedge e; € &, we get
the hyperedge embedding z; by fq/— g in Equation 2. Then group
embeddings H integrating hyperedge (product / shared information)
embeddings Z and node (user) embeddings U is formulated as:

1
hiZZl'@m Z U, (3)

mee;

where h; denotes group embedding distinguished by hyperedge e;,
d(e;) denotes the degree of e;, and @ is the concatenation operator.
h} and h? denote the group embeddings distinguished by products
or shared info e; and e; in él and g}, respectively. We further de-
sign a group-level contrastive strategy to reach agreements among
group embeddings. In specific, (h} ,h?) will be viewed as positive
contrastive group pair if i = j. Otherwise, it would be a negative
contrastive group pair.

4.2.5 Contrastive Optimization: The objective of dual-level con-

trastive learning is to ensure that the same merchants/customers/groups

from different augmented hypergraphs are encoded closely in the
embedding space, while different merchants/customers/groups are
embedded farther apart. Therefore, the dual-level contrastive loss
Ly_g can be formulated as:

Lu g =M1 * Lyser + A2 * Lgroup, Where

Lyser = — log Z

ey kéi exp (sim (u}, ui)) +exp (sim (u},u?)) ’

exp (sim (u%, uf)

4)
exp (sim (h},h%))

roup = — | .

Laowp =~ log ), 3. exp (sim (h}, b)) + exp (sim (b, b?))

k#i

e;j€&
Here Ay and Ay are hyper-parameters to balance user-level and
group-level HyGCL.

4.3 TaskReport: Interpretability-driven LLM
Report for Downstream Tasks

4.3.1  Fine-tuning over Various Downstream Tasks: After sufficiently
pre-training hypergraph encoder over unlabeled data, we obtain
the pre-trained hypergraph foundation model and acquire the em-
beddings of merchants, customers, products, and groups. Then, we
utilize these embeddings for various downstream tasks, i.e, abuser
detection, product-customer recommendation, and clustering.

Abuser Classification. With learned embeddings of merchants,
customers, and groups, we can detect abusive users and groups
in online markets. Here we take abusive group classification task
as an example. With the learned group embedding H, we feed H
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into a MLP layer to predict the probability of being abusive groups,
ie., Y; = o(H;W,). Besides, to handle the class imbalance among
abusive and benign groups, we introduce Focal Loss [25] to focus
on hard mis-classified samples, which is formally defined as:

1 N A
Lioeal =~ Y @ (1= )Y log(¥), &)
&l i€&
1
where & is the set of labeled groups, y is the focusing parameter
to control the rate at which easy nodes will be down-weighted, and
a € [0, 1] is a weighting hyper-parameter for multiple classes.

Product-Customer Recommendation. Next, we will also in-
troduce another task about recommending products to customers,
a.k.a., link prediction. With the learned embedding of customers and
products, we can perform link prediction for product recommen-
dations in online markets. Specifically, we combine the customer
embedding U and product embedding Z using two methods: Weight-
L2 [21] and Hadamard product [16]. Let us take Hadamard product
method as an example. Similarly to abuser classification task, we
calculate L = U® Z and the combined embedding L is then fed into
a MLP layer to predict the probability of a link between a customer
and a product, i.e., Yi= o(LiWc), where o is the sigmoid activation
function. We use binary cross-entropy loss for this task:

Lee= =z 3 Nlog(T) + (1= Ylog1 - Tl (©
l €&
where & is the set of labeled links, Y; is the true label, and Y; is the
predicted probability of a link among customer and product.

4.3.2 Interpretabililty-driven LLM Report: To enhance interpretabil-
ity of the “black box” model’s results, we propose an LLM module
called TaskReport to automatically generate interpretable reports
for downstream tasks. Specifically, we utilize Claude 3 Sonnet [2]
as the LLM model. For each user (merchant, customer, group associ-
ated with the product), we input these relevant 2-hop relationships
as triplets (e.g., customer1, purchase, productl) along with pre-
dicted labels of involved users and products from the upstream
MLP classifier into LLM. Each report can be formulated as:
Report = LLM ({171, Yo, -+, Ym b { (051, €1,9a1), - -+ » (0sks €k 0aic) }| 9) .
™
0 represents LLM parameter. (vs, e, vg) denotes the relation triplets,
where vs is the source node, vy is the destination node, and e is
the relation type. Note that we divide the group-wise relationships
in e-commerce hypergraphs into triplets and feed them to LLM.
These triplets allow LLM to comprehend complex relationships
among merchants, customers, products, and shared information.
{Y1,---, Y} is the predicted label set of all entities involved in the
triplet set. The pseudo-code is outlined in Alogrithm 1.

5 Experiment

In this section, we first introduce two datasets from two e-commerce
markets. Then we conduct extensive experiments to evaluate Rela-
tionEmbed on eight tasks (i.e., detection tasks of abusive merchants,
customers, and groups, and product-customer link prediction tasks
on M1 and M2 markets). Besides, we evaluate TaskReport by judg-
ing the report in two dimensions: factuality and clarity.
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Algorithm 1: Training Procedure of RelationExpert

Require Market data, Multi-modal feature X, Labeled users and
products Y, Hypergraph encoder f(-), Projection head h(-).

1: Build e-commerce hypergraph G with attribute features X and

hyperedges & according to hypergraph schema in Figure 3.

2: Initialize hypergraph encoder f(-) and projection head h(-).

RelationEmbed:

3: for each epoch t do

4 Augmentation: G 4 G, G % G, where
[G1 = (V1,E1,X1), G2 = (V2, E2, X3) .

5.  Feed augmented hypergraphs (G, G1) to f(-) in Eq. 2 for
obtaining the merchant and customer embeddings (u!,u?)
from the user view.

6:  Get the product embeddings Z and group embeddings
(h!,h?) from the group view;

7. Feed the node and group embeddings into the projection
head h(-);

8:  Optimize f(-) and h(-) by minimizing dual-level contrastive

loss £y g in Eq. 4.
9: end for
TaskReport:

10: for each user/product/group do

11:  Apply the pre-trained merchant/customer/product/group
embeddings to the corresponding downstream tasks.

122 With the predicted label ¥ over downstream tasks and the
relation triplets (vs, eg,v4), we feed them to LLM model
(Cluade Sonnet) to generate interpretable report.

13:  Futher employ LLM models, e.g., Claude Sonnet3.5, to
evaluate the factuality and clarity of the generated reports.

14: end for

15: Return Interpretable reports in downstream tasks.

5.1 Experiment Setup

5.1.1 Datasets. We collect two e-commerce datasets from two mar-
kets (i.e., M1 market and M2 market). Next, we will introduce the
statistics of these two datasets in detail.

E-commerce Dataset 1 on M1 Market: The hypergraph con-
structed on M1 market has 237,833 nodes and 649,591 hyperedges,
including 9,785 merchants, 228,048 customers, 26,875 product hyper-
edges, and 377,718 info hyperedges. A group comprises customers
and the merchant trading a specific product. For both downstream
tasks (i.e., abuser detection and product-customer link prediction),
labeled data (i.e., merchants, customers, groups, product-customer
pairs) are split into three sets according to their action time, i.e.,
training set, validation set, and testing set for model training, vali-
dation, and testing, respectively.

E-commerce Dataset 2 on M2 Market: To sufficiently validate
RelationEmbed, we also collect another e-commerce data from M2
market. The constructed hypergraph on this market has 222,097
nodes and 829,818 hyperedges, including 53,247 merchants, 168,850
customers, 474,464 product hyperedges, and 355,354 info hyper-
edges. Data is split into training, validation, and testing sets follow-
ing the same mechanism in E-commerce Dataset 1.
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5.1.2  Baseline: To comprehensively evaluate our framework, we
compare RelationEmbed with twelve baseline models in five groups:
B1: Feature-based model. For the abusive user (merchant and
customer) detection, we employ Xgboost [6] to detect these abusive
users. For abusive groups, we first get the average of all customer
features. Then we concatenate the product features, merchant fea-
tures, and the averaged customer features as the group features.
We further feed the group features into xgboost for classification.
B2: Graph-based methods. We convert the hypergraph structure
into a graph with attribute features and graph structures and feed it
to three GNNs including GCN [20], GIN [48], and GraphSAGE [14]
to learn the merchant, customer, and product embeddings. After
obtaining these embeddings, we get the average of all customer fea-
tures and then concatenate the product features, merchant features,
and the averaged customer features as the group features. And we
feed these embedding to a 2-layer MLP classifier to detect abusive
users/groups and predict links between products and customers.
B3: Hypergraph-based methods. We compare RelationEmbed
with three hypergraph neural networks including HyperGCN [49],
UniGCNII [17], and AllDeepSets [9]. Following RelationEmbed,
group embedding is the concatenation of the product hyperedge
embedding and the average of all corresponding users embedding.
B4: Contrastive-based methods. We further compare RelationEm-
bed with three hypergraph contrastive learning methods including
HyperGCL [49], CHGNN [43], and TriCL [22]. And we feed these
learned embeddings to MLP classifier to handle downstream tasks.
B5: E-commerce-based methods. We further reproduce two mod-
els, i.e., U-ROAD [29], a heterogeneous graph neural networks
designed for abuser detection in E-commerce, and K2M [57], a
multi-modal pre-training model in E-commerce. For U-ROAD, we
feed these learned embeddings to MLP classifier to handle down-
stream tasks, while for K2M, we utilize the pre-trained product
embeddings generated by K2M as features and feed this to our
hypergraph encoder AllDeepSet for downstream tasks.

5.1.3 Experimental Setting: To evaluate the performance of Rela-
tionExpert, we adopt the widely-used metrics: For RelationEmbed,
we utilize Macro-F1 score for abuser detection tasks and we adopt
AUC score and AP (average precision) score for product-customer
link prediction tasks. For TaskReport, we design the factuality and
clarity metrics to access the quality of generated reports over down-
stream tasks. Experiments are conducted under the AWS environ-
ment of the g5.48xlarge with GPU resources. For each GNN and
HyGNN model (i.e., GraphSAGE, GIN, GCN, U-ROAD, HyperGCN,
UniGCNIIL and AllDeepSets), we employ two layers neural network
with weight decay 1le-5 and the dimension of node and hyperedge
embeddings generated by these models is 200. We use Adam [19]
optimizer with a learning rate of 0.001. A; and A3 in Eq. 4 are set as
1.0. The value of @ and y in Eq. 5 are different for different down-
stream tasks. All experiments are conducted in five runs and mean
and stand deviation are provided.

5.2 Performance Discussion on RelationEmbed

5.2.1 Performance Comparison: Table 1 shows the Macro F1 scores
of all methods for abusers (i.e., abusive merchants, abusive cus-
tomers, and abusive groups) detection on M1 and M2 markets.
From this table, we can conclude that: (i) Graph-based methods



Enhancing E-commerce Representation Learning via Hypergraph Contrastive Learning

and Interpretable LLM-Driven Analysis

WWW Companion ’25, April 28-May 2, 2025, Sydney, NSW, Australia

Table 1: F1 Performance (mean % + std) comparison for abuser detection on M1 market and M2 market. Best performances are

highlighted in blue, while the runner-up performances are shaded in gray.

Setting ‘ M1 Market ‘ M2 Market
Group ‘ Model ‘ Merchant Customer Group ‘ Merchant Customer Group
B1 | Xgboost [6] | 39.65+- 1471 % - 1836+- | 3253%- 40.60 + - 23.89 * -
GCN [20] 41.43 £ 4.59 24.82 + 4.87 33.15+£5.21 35.52 £ 4.74 45.75 + 4.57 29.42 £ 4.98
B2 GIN [20] 40.35 + 4.67 25.12 + 4.46 33.45 +5.43 35.02 + 4.57 46.15 £ 4.73 29.98 + 4.87
GraphSAGE [14] 42.54 + 451 2539 +4.15 35.95 + 4.62 37.25 + 4.87 47.45 + 4.46 31.12 £ 4.93
HyperGCN [49] 45.86 + 3.57 21.19 £ 3.71 31.38 £ 4.43 42.15 £ 3.59 49.63 + 3.19 33.70 £ 3.35
B3 UniGCNII [17] 46.74 + 3.48 23.15 + 3.41 33.14 + 4.58 43.25 +3.47 50.15 + 3.48 35.75 + 4.05
AllDeepSets [9] 59.12 £ 3.98 34.70 £ 3.72 43.34 £ 4.32 50.15 + 3.65 54.31 £ 3.72 35.42 +3.92
HyperGCL [44] 63.43 + 3.46 38.42 + 3.57 47.42 + 4.57 53.24 £ 3.27 58.59 + 3.45 39.45 £ 3.51
B4 CHGNN [43] 64.46 + 3.31 40.35 + 3.18 48.45 + 4.32 54.15 + 3.57 60.25 + 3.01 41.53 £ 4.12
TriCL [22] 65.45 + 3.54 42.14 + 3.34 49.31 + 4.13 55.05 £ 3.87 60.12 + 3.41 42.14 £ 3.78
B U-ROAD [29] 48.14 + 3.42 30.51 £ 3.07 40.16 + 4.05 43.15 + 4.01 52.31 +3.87 34.45 + 3.58
K3M [57] 61.74 £ 4.72 36.15 + 4.53 45.14 + 4.62 52.41 + 4.43 55.35 £ 4.51 37.15 £ 4.31
Ours ‘ RelationEmbed ‘ 70.99 + 3.76 48.37 + 3.52 53.53 +4.92 ‘ 57.42 + 3.42 65.72 £ 3.78 48.17 £ 3.97

Table 2: AUC and AP Performance (mean % + std) comparison for product-customer link prediction on M1 market and M2

market. Best performances are highlighted in blue, while the runner-up performances are shaded in gray.

. ‘ M1 Market ‘ M2 Market

Setting
‘ Weight-L2 ‘ Hadamard ‘ Weight-L2 ‘ Hadamard

Model | AUC AP |  AUC AP | AUC AP | AUC AP
Xgboost [6] | 3415%- 3312+- | 3115%- 30.23+- | 2946 +- 2815+- | 2542+%- 2438 + -
GCN [20] 37.25+436 37.15+442 | 34424422 33.13+4.05 | 31.14£406 30.89 £457 | 28.05+421 27.56 % 431
GIN [48] 3854 +4.13  38.11+4.24 | 3505+412 3401+451 | 3235421 3145+4.04 | 29.41+434 2841+463
GraphSAGE [14] | 3843 +4.16 3855+431 | 3507 +432 3504445 | 3298 +4.13 3211431 | 30.12+4.07 29.12 £ 4.67
U-ROAD [29] 4512+ 412 45.12+4.09 | 4215+441 4201+458 | 3741436 3742+431 | 3612+401 3521+391
HyperGCN [49] | 41.14+3.98 4114371 | 3891+4.24 39.05+4.12 | 3554+4.25 3571+443 | 3451414 3251471
UniGCNII [17] | 43.05+3.91 4254+3.89 | 39.24+441 4058 +475 | 3654+ 498 36.71+447 | 3515+425 3312+468
AllDeepSets [9] | 51.14 375 50.14+375 | 46.24+ 441  46.58+3.45 | 44.21+441 4232414 | 4321441 4141+4.14
HyperGCL [44] | 5531+342 53.14+353 | 50.12+4.13 50.12+378 | 48.51+3.31 46.25+3.12 | 4751313 4512+ 3.54
CHGNN [43] 57.14 315 5475+354 | 5215+431 5353+3.56 | 50.33£3.51 4843 +4.31 | 50.31£331 46.67 391
TriCL [22] 5832+332 5545341 | 53.26+442 5344 +358 | 51.24+324 4898+343 | 50.15+341 4805%313
U-ROAD [29] 4512+ 412 45.12+4.09 | 4215+441 4201+458 | 37.41+436 37.42+431 | 3612+401 3521+391
K3M [57] 5245+4.23 5213 +441 | 48.16+4.13 4741+4.63 | 4614+415 4457 +4.25 | 4414415 4257425
RelationEmbed | 64.14 £3.31 61.35+3.21 | 60.14£3.51 60.12%3.14 | 58.35+3.43 56.11+345 | 57.13£3.15 56.14 £ 3.14

Table 3: Factuality and clarity scores (mean = std, range [1, 3]) on 500 reports for each downstream task evaluated by Claude

Sonnet 3.5. Best Factuality performances are highlighted in blue and best Clarity performances are shaded in gray.

Setting ‘ M1 Market - TaskReport ‘ M2 Market -TaskReport
LLM ‘Metrics ‘ Merchant  Customer Group Product-Customer‘ Merchant Customer  Group Product-Customer
Sonnet 3.5 Factuality | 2.64 £ 0.13 2.51+0.17 2.33 £ 0.41 242 +0.21 2.57 £0.24 247 £0.21 2.37 £0.47 2.40 £ 0.24
’ Clarity 2.88 £0.08 2.86£0.07 2.73+0.14 2.81 £0.09 2.85+£0.12 2.84+0.09 2.75+0.13 2.79 £ 0.15
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(B2) outperform the feature-based model (B1), demonstrating the
value of incorporating graph relations and features. (ii) Hypergraph-
based methods (B3) surpass graph-based methods (B2), indicating
hyperedges better capture these group-wise relationships. (iii) Hy-
pergraph contrastive learning methods in B4 outperforms hyper-
graph models, validating the self-supervised model’s effectiveness
in learning embeddings from unlabeled data. (iv) RelationEmbed
achieves the excellent performance over all baseline methods in-
cluding two models designed for e-commerce tasks (B5) across six
detection tasks, showing the superiority of RelationEmbed.

Table 2 shows the AUC and AP of all methods for product-
customer link prediction on M1 and M2 markets. Specifically, we
randomly remove a certain fraction of customers within the corre-
sponding product hyperedges as positive product-customer pairs
and randomly select a certain fraction of customers to some ar-
bitrary product hyperedges as negative product-customer pairs.
For each product-customer pair, we leverage two common binary
operators, Weight-L2 and Hadamard to learn the product-customer
embeddings, respectively. From this table, we can conclude that:
(i) Weight-L2 operation for product-customer pairs is more effec-
tive than that with Hadamard operation for link prediction tasks
on both markets. (ii) Graph-based methods (B2) outperform the
feature-based model (B1) and Hypergraph-based methods (B3) sur-
pass graph-based methods (B2). (iii) Hypergraph contrastive learn-
ing methods (B4) outperforms hypergraph models (B3). AllDeepSet,
as our hypergraph encoder, has the best performance. (iv) Fine-
tuned RelationEmbed achieves the excellent performance over all
mentioned baseline methods across two markets.

5.2.2 Embedding Visualization: In order to make comparisons in
an intuitive manner, Figure 4 visualizes the embedding generated
by RelationEmbed w/o labels (our hypergraph foundation model),
AllDeepSets w/ labels, and RelationEmbed w/ labels (fine-tuned
over our foundation model) for abusive merchant detection task
on M1. Yellow nodes indicate abusive merchants, and blue nodes
are benign merchants. From this figure, we find out: (i) RelationEm-
bed’s embeddings (a) show a clear trend in distinguishing abusive
and benign merchants, even without labels. (ii) RelationEmbed’s
fine-tuned embeddings (c) have a more distinct boundary between
abusive and benign merchants compared to (b), with less overlap.
(iii) This superior performance in learning merchant embeddings
from unlabeled data validates the effectiveness of RelationEmbed.

(b) AllDeepSets w/ labels  (c) RelationEmbed w/ labels

(a) RelationEmbed w/o labels

Figure 4: Embedding visualization on abusive merchant de-
tection task on M1 market.

5.2.3 Ablation Study: We further conduct ablation experiments on
two tasks (abusive merchant classification and abusive group clas-
sification) across M1 and M2 markets to analyze the contribution
of each component in RelationEmbed. We remove the contrastive
learning module (A1), hypergraph augmentation (A2), and group-
level hypergraph contrastive learning (A3) separately. The results
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in Figure 5 show that removing the contrastive module (A1) causes
the largest performance drop, indicating its significant contribution.
Removing hypergraph augmentation (A2) also decreases, highlight-
ing its necessity. Removing group-level contrastive learning (A3)
leads to a clear decline, especially on abusive group detection tasks,

showing its importance in RelationEmbed.
Al: remove contrastive learning  A2: remove hypergraph augmentation

A3: remove group-level contrastive learning  Ours: RelationEmbed

75.00
=M1 = M2 5400 F M1 m M2
65.00 46.00
55.00 38.00
45.00 30.00
Al A2 A3 Ours Al A2 A3 Ours

(a) Abusive merchant detection. (b) Abusive group detection.

Figure 5: Performances of different model variants about
RelationEmbed over two detection tasks across two markets.

5.3 Performance Discussion on TaskReport

TaskReport is a highly efficient module that generates interpretability-
driven reports for downstream tasks in seconds (approximately 5
seconds), saving valuable time compared to the typical 30 min-
utes required to analyze a case and generate a report manually.
To validate the interpretability of reports generated by TaskRe-
port, we design and develop a LLM-as-a-Judge module to evaluate
the quality of the reports in factuality (factual correct) and clarity
(understandability) using a 1-3 rating scale: 1-Incorrect/Unclear,
2-Partial Correct/Clear, and 3-Correct/Clear. Mention that, for fac-
tuality evaluation, we focus on validating whether these statements
in the report are correct.

In this work, we employ Claude 3 Sonnet [2] to generate the
reports, while employ Claude 3 Sonnet 3.5 [3] to evaluate them.
Table 3 lists the average factuality correct scores and clarity scores of
the generated 500 reports for each task. We find that the evaluation
results achieve relatively high performance on both factuality and
clarity dimensions, demonstrating the excellent generation ability
of TaskReport in providing reliable and interpretable reports.

6 Conclusion

In this paper, we propose RelationExpert, a framework for e-commerce
representation learning. It consists of two main modules: Rela-
tionEmbed and TaskReport. RelationEmbed is a representation
learning foundation model that learns embeddings for merchants,
customers, and products from unlabeled real-world hypergraph
data. These learned embeddings can be directly applied to various
downstream tasks, such as abuser detection tasks and product-
customer recommendation tasks. TaskReport automatically gener-
ates reports interpreting the classification results in downstream
tasks. Comprehensive experiments on eight tasks across two real-
world markets demonstrate RelationEmbed’s superiority, achieving
significant improvements over existing baseline models. Evalua-
tions of the generated reports validate TaskReport’s factual correct-
ness and interpretability. These results highlight RelationExpert’s
capabilities in learning complex relations in e-commerce markets.
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