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Abstract

Collaborative Filtering (CF) based on graph neural networks
(GNNs) has yielded immense success for recommendation
systems by capturing high-order dependencies from implicit
feedback. Recently, the outstanding text comprehension abil-
ity of the Large Language Models (LLMs) has shown promis-
ing potential to provide auxiliary semantics for collaborative
representation. However, when aligning textual information
with collaborative signals, inconsistent semantics between
user-item and item-item text pairs may lead to the degradation
of the alignment model, thus hindering the recommender sys-
tem from effectively utilizing heterogeneous information. In
this paper, we propose a novel method: Semantic Enhanced
Heterogeneous Hypergraph Network (SEHHN), which en-
hances the representations of CF correlations with semantics,
thereby avoiding alignment degradation. To better model the
collaborative signals, we design a graph autoencoder that cap-
tures the bidirectional relationship between user preferences
and item features in review semantics. Furthermore, we de-
velop an LLM-based item classifier to adaptively exploit po-
tential correlations of items via the co-occurrences of item
features. Finally, we design a heterogeneous hypergraph net-
work to achieve efficient alignment and propagation of het-
erogeneous information, thereby alleviating the impact of se-
mantic inconsistency on CFs. Extensive experiments on three
real-world datasets demonstrate that our proposed SEHHN
outperforms existing SOTA methods and validates the effec-
tiveness of each component.

Introduction

Recommender systems (RSs) have emerged as a core engine
for personalized information filtering on the Internet by pro-
viding users with potentially interesting items. Among them,
collaborative filtering (CF) has become the central theme of
RS due to its powerful ability to model complex relation-
ships from historical interactions (He et al. 2017). By lever-
aging graph neural networks (GNNs) to encode high-order
dependencies such as user-item collaboration (Chen et al.
2020) and item-item co-occurrence (Ye, Xia, and Huang
2023) in recommender systems, a series of GNN-based CF
methods have greatly improved the baseline performance
and attracted widespread attention from researchers.
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Figure 1: An illustration of semantic inconsistency within
user-item collaboration and item-item co-occurrence.
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However, the above methods only capture user prefer-
ences via ID-based information from implicit feedback, ne-
glecting the benefits of auxiliary semantics conveyed in in-
teraction contexts and textual attributes. Recently, Large
Language Models (LLMs) like GPT3 (Brown et al. 2020)
and LLaMA (Touvron et al. 2023) have been proposed
to empower general models with text comprehension and
natural language reasoning capacities (Zhao et al. 2023b),
which shows promising potential to enrich collaborative rep-
resentation with additional semantics. Building on this, re-
searchers have proposed using LLMs to integrate auxiliary
textual information into recommendation systems. For in-
stance, KAR (Xi et al. 2023) uses LLM to deduce the knowl-
edge of users and items and extracts relevant semantic rep-
resentation to enhance collaborative embeddings. RLMRec
(Ren et al. 2024) further improves the exploitation of se-
mantic information by optimizing collaborative embeddings
with a mutual information maximizing paradigm.

While the introduced semantics improve recommendation
performance, they still face the challenge of semantic in-
consistency during representation alignment. Specifically,
CFs mainly utilized user-item collaboration and item-item
co-occurrence to learn representations, leading to inherent
similarities between related entity embeddings. On the other
hand, the similarity in the LLM-extracted representations is
solely associated with the semantic overlap in the textual
description. Therefore, if the above dependencies cannot be
accurately depicted in the text, the semantic embeddings of
users or items offered by LLM will not exhibit the corre-



sponding similarity as in CF’s representation, which can be
elaborated by the analysis of the following main relations:

e User-item collaboration: The description texts of users
and items might not convey direct relevance between
preferences and characteristics. As shown in the upper
part of Figure 1, the user expresses dissatisfaction with
the phone’s battery life, but the corresponding item de-
scription does not involve relevant information. As a re-
sult, the representations generated by LLMs for the user
and the item might not be semantically consistent and fail
to capture the interactive relation between them.

Item-item co-occurrence (Wang et al. 2020): Some com-
mon features between items will make them co-occur in
the user’s interaction history. Nevertheless, the lower por-
tion of Figure 1 demonstrates that certain essential fea-
tures may be omitted from the description, and the tex-
tual attributes of different items may possess unique em-
phases. These factors make it challenging to represent the
co-occurrence through the consistency of semantic repre-
sentation, thus hindering the effective utilization of fea-
ture information.

In the above cases, the training objectives of recom-
mender systems (such as BPR and contrastive loss) require
the model to align a pair of inconsistent semantic represen-
tations with similar collaborative representations. This un-
reasonable task may lead to the degradation of the aligning
model, i.e., the aligning model is required to output similar
collaborative embeddings even when the input semantics do
not justify such similarity.

In light of the issues mentioned above, our objective
is to prevent alignment degradation by enriching the rela-
tions in collaborative filtering with semantic information. In
this paper, we propose a novel approach named Semantic
Enhanced Heterogeneous Hypergraph Network (SEHHN).
To enhance the representation of collaboration, we leverage
the semantics of explicit feedback (i.e., reviews) to exploit
the interconnection among users and items. Since review
reflects not only users’ subjective evaluation of items but
also items’ features related to user preferences, we design a
graph autoencoder to align review semantics through bidi-
rectional relations. Moreover, we develop an LLM-based
item classifier to mine potential co-occurrences via their de-
scriptions. The reasoning ability of LLMs enables the clas-
sifier to consolidate inconsistent semantics into regularized
discrete categories, thus adaptively extracting the common-
alities in item features. In addition, we designed a heteroge-
neous hypergraph network to achieve alignment and prop-
agation of heterogeneous information (Zhao et al. 2023a).
The hypergraph comprises four types of nodes (users, items,
categories, reviews) and defines beyond-pairwise dependen-
cies through four types of hyperedges (interactions, obser-
vations, preferences, features). Finally, we design three ag-
gregators to propagate heterogeneous information on each
hyperedge and implement recommendations based on the
derived entity representations.

We summarize our main contributions as follows:

* We discuss the semantic inconsistency and alignment
degradation issues in LLM-enhanced collaborative fil-
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tering, and then address these challenges by introducing
semantics to enhance the representation of collaboration
and co-occurrence.

We propose a heterogeneous hypergraph network that
aggregates representations from different modalities to
achieve efficient alignment and propagation of heteroge-
neous information.

Our experiments on three real-world datasets demon-
strate the superiority of SEHHN over SOTA methods and
the effectiveness of each component.

Related Work
GNN-based Collaborative Filtering

Collaborative filtering (CF) aims to capture user preferences
and recommend items that users are interested in based on
large-scale interaction history (Juan, Yue-xin, and Chun-
ying 2019; He et al. 2017). Due to the remarkable abil-
ity of graph neural networks to encode structural informa-
tion, graph-based collaborative filtering has been intensively
studied (Lin et al. 2022; Zhang et al. 2016; Ren et al. 2023b).
For example, NGCF (Wang et al. 2019b), GCCF (Chen et al.
2020), and LightGCN (He et al. 2020) introduced and im-
proved graph-based network structures to model complex
dependencies in user-item interactions. However, the heavy
reliance on high-quality interactions limits the effectiveness
of GNN-based CF models due to data sparsity and noise.
Recent research explores utilizing self-supervised learning
(SSL) to provide improved interactive information, such as
SGL (Wu et al. 2021), SimGCL (Yu et al. 2022), and Au-
toCF (Xia et al. 2023). Despite the achievements, they over-
look the rich semantics of side-information in the interac-
tion context. In this paper, we leverage the textual seman-
tics extracted by LLMs to improve collaboration and co-
occurrence dependencies, thereby alleviating the perturba-
tions of data sparsity and noise on entity representation.

LLM-enhanced Recommendation

Given the superior semantic comprehension and reason-
ing abilities of Large Language Models (LLMs) (Devlin
et al. 2018; Brown et al. 2020; Touvron et al. 2023), re-
searchers have explored using them in various tasks of rec-
ommendation systems (Bao et al. 2023a; Yue et al. 2023;
Wang and Lim 2023). Since LLMs have difficulty in utiliz-
ing collaborative information, recent studies have focused
on bridging the semantic gap by integrating LLMs and
recommender models, which generally follow two tech-
nical routes. The first approach uses collaborative infor-
mation to assist LLMs (Bao et al. 2023b), for example,
CoLLM (Zhang et al. 2023) introduced external recommen-
dation models into LLM to utilize collaborative represen-
tations. On the other hand, considering that directly using
LLM as a recommender will result in significant computa-
tional overhead, the second methods utilize LL.Ms to provide
auxiliary semantics for conventional RSs, ensuring scalable
recommendations (Hou et al. 2022a; Li et al. 2023). RLM-
Rec (Ren et al. 2024) extracts semantic information from de-
scriptive text through LLMs, and optimizes representations



of users and items through alignment, producing state-of-
the-art performance. In this paper, we discuss the alignment
degradation caused by inconsistent textual semantics, and
introduce review and category information to enhance the
representations of collaboration and co-occurrence in CFs.
By enriching these major relationships in recommendation
systems, the proposed SEHHN better exploits the semantics
provided by LLM.

Preliminary
Problem Statement

LetU = {uy,uz,...,up} and T = {iy,ia,...,77|} denote
the set of users and items, respectively. We utilize the ad-
jacency matrix M,,; to record users’ historical interactions,
where its element m,,,,, — 1 indicates that user w,, has in-
teracted with item i,,. Following each interaction, users will
offer a review R to describe their satisfaction, which we uti-
lize to enhance the interaction semantics. For convenience,
we use adjacent matrixes M,,,. and M, to label the user and
item corresponding to each review. The CF-based recom-
mendation system aims to learn the representation of user
E“ ¢ RI¥IX4 and item E' € RIZI*9, Finally, we predict
the following top-K items that users will most likely interact
with.

Inference of Item Categories

We first utilize an LLM to classify items into pre-defined
categories, which aims to consolidate inconsistent semantics
in item features and adaptively extract commonalities be-
tween items. According to the actual text form in the specific
dataset, we utilize items’ reviews or descriptions to construct
a prompt for LLM as the basis for classification. The prompt
template of the Book dataset is shown in Figure 2. The clas-
sification result can be represented by the adjacency matrix
M,.. Among them, the specific semantics in the category
set are collected from the dataset, but its corresponding rep-
resentation is learned through collaborative filtering (Wang
et al. 2019a). Let C denote the set of categories; we learn the
corresponding embedding matrix E¢ € RICI*4,

Heterogeneous Hypergraph Construction

Since reviews and categories naturally correspond to col-
laboration and co-occurrence in RSs, the degradation of
the model can be avoided as much as possible under their
guidance. To empower collaborative filtering with diverse
semantics, we construct a heterogeneous hypergraph G =
(V, &), which is illustrated on the left side of Figure 3.
The heterogeneous nodes V include users V¥, items V7, re-
views V", and categories V°. Since the relationships between
nodes are beyond pairwise, we design four types of hyper-
edges & to represent the complex relations.

(1) Interaction hyperedge £°, which connects a user node,
an item node, and their corresponding review node within an
interaction.

(2) Observation hyperedge £°, which is made up of an item
node and every review node associated with it.

(3) Preference hyperedge £P, which includes a user node
and the reviews on every item it has interacted with.
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Classify the book into one or more categories based on their description
with the following instructions:

1. The classification must be in the given category list.

2. Provide your classification in this structure: "a list of categories"

3. Do not provide any other text outside the string.

Here are all the candidate categories of books: [Fiction, Technology, ...,
Arts]

The description of this book: <Description>

Figure 2: Prompt template for Book dataset.

(4) Feature hyperedge £, which contains an item node and
the related category nodes.

Among them, £%, £°, EP are derived by adjacent matrix M,
and M,,., and £ is defined by M, given by the LLM-based
classifier. The four types of hyperedges £ = £'UE°UEPUET
collectively define which nodes in a heterogeneous hyper-
graph are adjacent and serve as paths for subsequent mes-
sage passing. In addition, £°, £P, and £ are utilized to gen-
erate subgraphs corresponding to review nodes for the graph
autoencoder, thereby achieving alignment of heterogeneous
information guided by collaborative signals.

Methodology

In this section, we demonstrate the framework of the seman-
tic enhanced heterogeneous hypergraph network. The work-
flow of SEHHN is presented on the right side of Figure 3.

Aligning via Graph AutoEncoder

To align the review semantics into the collaborative space
and obtain the representation of review nodes, we exploit
their dependencies with other heterogeneous nodes through
a graph autoencoder (GAE). The encoder compresses the
high-dimensional semantics into a low-dimensional collabo-
rative representation using the interconnection of reviews in
users and items, while the decoder provides supervised sig-
nals for alignment by reconstructing semantic representation
with user and item embedding.

Firstly, we utilize an LLM to encode the review texts into
semantic representations.

S = LLM(R) (1)

RIRIXds g the cor-

where R contains review texts, and S €
responding higher-order embeddings.

Then, we calculate the adjacency matrix representing the
relationships between review nodes based on observation
hyperedges £° and preference hyperedges £P. Since the
number of review nodes is proportional to the number of in-
teractions, we construct a lightweight review adjacency by
relationship sampling:

M, = Sample,, (MM, + My, My,)+1,  (2)

where pg is the sampling probability, M;, and M, are
adjacent matrices containing the relation among reviews,
users, and items. We utilize the graph attention network
(GAT) (Velickovic et al. 2017) as a graph encoder to com-
press semantic information. Let s € R% be the embedding
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the architecture of the LLM-enhanced framework.

of a target review node from .S, N, represents its neighbor-
hood that defined by M,.,. > 0. Formally, we have:

Z (&%} 'MLPl(Sj) (3)
SjENs
Tle: a.
o = exp(ds [s; 55]) @

Y sien, exp(af [s; sk])

where g, € R?% is the attention vector, [;] is a concatena-
tion. The compressed semantic representation e, € R will
participate in the subsequent heterogeneous hypergraph ag-
gregation as the embedding of review nodes.

After heterogeneous hypergraph aggregation, the infor-
mation of the review nodes is integrated into user and item
representations h, and h; (described in detail in the next
section). We utilize graph convolution network (GCN) (He
et al. 2020) as graph decoder to reconstruct semantic repre-
sentation, where the relations are defined by the interaction
hyperedges £°.

§ = MLPs(h,, @ h;) )

where @ denotes the convolution sum of user embedding
and item embedding corresponding to the review nodes
through £°.

Finally, we guide the learning of the graph autoencoder
through a reconstruction task, which can adaptively mine
self-supervised signals by exploiting the collaborative re-
lationships on both sides of the review nodes (Hou et al.

2022b):
Z log
SEN,

cos(s, §)

sJe/\/’s cos(s;, 8)

recon =

(6)
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where function cos(-) calculates the cosine similarity, N
denotes the semantic embeddings that were chosen to re-
construct. In implementation, we randomly select certain se-
mantic representations for reconstruction with a ratio of p;.

Heterogeneous Hypergraph Aggregation

To enrich the relationships in CFs with diverse semantics,
we design a heterogeneous hypergraph network to provide
propagation paths for heterogeneous nodes. Among these
nodes, review nodes contain semantic information retrieved
by LLM, whereas the embeddings of the other three types
of nodes are randomly initialized. We preserve the review
semantics by truncating the update of each semantic repre-
sentation e, and preventing information from other hetero-
geneous nodes from entering the review node.

Then, in order to address the heterogeneity between nodes
in each hyperedge, we classify the propagation between
nodes into three categories: (1)bidirectional propagation be-
tween heterogeneous nodes; (2)unidirectional propagation
between heterogeneous nodes; (3)bidirectional propagation
between homogeneous nodes. We design different aggre-
gators for each type of propagation to guide the message
passing on the heterogeneous hypergraph, which can be de-
scribed as follows:

Crr = Z 1/ |N.,-||N7—/| c € (78.)
e 1€N_/
o= 3 VIV en (7b)
e.rEN_/
<ol
67—77- o eXp [eTa € D . ef,., (7C)

2 Soren, exp(dTeri )



where e is the representation of nodes with type 7, and N
is the set of nodes adjacent to the target node with type 7,
q € R24 is the attention vector. Equations 7a, 7b, and 7c
correspond to the above-mentioned types (1), (2), and (3)
of information propagation, respectively. Following Light-
GCN, we define propagation between heterogeneous nodes
through lightweight graph convolution. Since the type (2)
propagation is unidirectional, we perform unilateral normal-
ization instead of bidirectional normalization in type (1).
Similar to the graph autoencoder in the previous section,
we use GAT to capture the different importance of homo-
geneous neighboring nodes for type (3) propagation.

We indicate the specific type of pairwise information
propagation split between each hyperedge and the corre-
sponding aggregator on the left side of Figure 3. Next, the
node representations are updated by sum pooling:

41 1 ! 1
€; €ir e .te

6l+1 —

w = ®)

l l
eu,r + Cu
el =it e te

where [ is the 1-th layer of the heterogeneous hypergraph. On
the interaction hyperedge £°, the review node bridges user
preferences and item features to enrich the semantics of the
collaboration. On the feature hyperedge £/, we aggregate
the embeddings of items that belong to the same category
and further enhance the item representation through feature-
based co-occurrence.

Finally, as different levels of node embeddings reflect
varying fusion degrees of heterogeneous information, we
synthesize node representations through average pooling:

L

hy =Y €, ©)
=1
L

hi=Y ¢ (10)
=1

where L is the total number of layers of the heterogeneous
hypergraph aggregation.

Joint Training

By leveraging the category and review semantics provided
by LLMs and the graph autoencoder, we optimize the col-
laboration and co-occurrence relationships along the hetero-
geneous hypergraph to obtain semantic enhanced user and
item representations h,, and h;. Our model can be jointly
trained by BPR loss and reconstruction loss as follows:

£:£BPR+)\1 ‘['rec011+)‘2 : ||®||g (11)

where A\; and A9 are the trade-off parameters to adjust the
magnitude of reconstruction and regularization.

Experiment
Experimental Settings

Dataset and Preprocessing We evaluate SEHHN on three
real-world datasets:
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Dataset  #user  #item  #category #review
Book 11,000 9,332 1,058 120,464
Yelp 11,091 11,010 667 166,620

Steam 23,310 5,237 338 316,190

Table 1: Statistics of the datasets after preprocessing, where
the number of reviews is equal to the number of interactions.

* Book is a subset of the widely used dataset Amazon
for assessing recommendation systems, which includes
users’ interactions with reviews and the metadata of
books from Amazon.com (McAuley et al. 2015).

Yelp is a business dataset with user feedback and business
attributes.

Steam contains the user’s purchasing history and com-
ments on electronic games on the Steam platform (Kang
and McAuley 2018).

We perform data preprocessing following the similar set-
tings in (Ren et al. 2024; Wang et al. 2019b). Each interac-
tion is divided into three portions with a ratio of 6:2:2, which
are used for training, validation, and testing separately. We
encode reviews within training interactions only while infer-
ring categories for every item. The statistics of the datasets
are summarized in Table 1.

Evaluation Metrics We adopt two widely used metrics,
Recall@k and MRR@FE, where the former represents the
proportion of ground truth items in the topk recommenda-
tion lists and the latter considers the reciprocal ranking of
the target items so that the recommendation order can be
observed. In this study, we report the results for £ = 10, 20.

Implementation Details We evaluate all baselines using
the SSLRec framework (Ren et al. 2023a). We optimize
models with Adam optimizer with the learning rate le-3,
the dimension of collaborative embeddings d is set to 32,
and the mini-batch size is set to 4096. The trade-off parame-
ters are set A1, A to {5e-2, le-6}. The sampling probability
pg of graph autoencoder is set to 0.05, and the reconstruc-
tion ratio p, is set to le-3. We search for the optimal num-
ber of GNN layers for each dataset. With the time complex-
ity of O(|R| x maz(|U|,|V|)) and the space complexity of
O(|R| x d), we evaluate SEHHN on a single RTX3090.

To ensure a fair comparison, We use OpenAl API to
implement item classifier by GPT-3.5-turbo and encod-
ing review texts by text-embedding-ada-002 (Neelakantan
et al. 2022). Note that the LLM for semantic representation
and classification can be easily replaced with other open-
source models without fine-tuning, such as the embedding
model BGE-large (Xiao et al. 2023) and the chat model
LLaMAZ2 (Touvron et al. 2023). The dimension of seman-
tic embeddings d is 1536 according to the LLM.

Baselines To evaluate the performance of the proposed
model SEHHN, we choose the following competitive meth-
ods as baselines:



Method Book Yelp Steam
R@10 M@10 R@20 M@20 R@10 M@I0 R@20 M@20 R@I0 M@10 R@20 M@20
GCCF 0.0876 0.1128 0.1346 0.1246 0.0640 0.1022 0.1064 0.1162 0.0823 0.1244 0.1314 0.1392
LightGCN 0.0871 0.1158 0.1368 0.1284 0.0691 0.1125 0.1144 0.1272 0.0863 0.1294 0.1351 0.1440
SGL 0.1023 0.1318 0.1480 0.1441 0.0744 0.1197 0.1218 0.1354 0.0911 0.1379 0.1425 0.1534
SimGCL  0.0982 0.1274 0.1505 0.1410 0.0755 0.1237 0.1252 0.1399 0.0930 0.1396 0.1450 0.1552
DCCF 0.1013 0.1315 0.1489 0.1443 0.0784 0.1270 0.1249 0.1428 0.0928 0.1388 0.1444 0.1542
AutoCF 0.1053 0.1451 0.1561 0.1585 0.0801 0.1268 0.1295 0.1432 0.0853 0.1298 0.1357 0.1450
RLMRec 0.1091 0.1473 0.1608 0.1609 0.0812 0.1317 0.1326 0.1468 0.0891 0.1349 0.1390 0.1499
SEHHN 0.1132 0.1486 0.1677 0.1630 0.0836 0.1345 0.1360 0.1518 0.0965 0.1448 0.1512 0.1613

Table 2: The performance of SEHHN with other baselines, where R and M refer to Recall and MRR, respectively. Methods
with the best and second-best performance are denoted in bold and underlined fonts respectively. Each result is averaged of five
experiments, and all improvements are significant with p-value < 0.05 based on paired ¢-tests.

GCCF (Chen et al. 2020): It is a graph convolution net-
work for collaborative filtering that removes non-linear
activation functions.

LightGCN (He et al. 2020): A widely used baseline that
implements recommendations using lightweight convo-
lutional frameworks without redundant parameters.

SGL (Wu et al. 2021): It introduces self-supervised
learning into CF frameworks, which augments subgraph
structure to enhance the model’s noise tolerance.

SimGCL (Yu et al. 2022): It applies uniform noise to
the embedding space to generate contrastive views, thus
enhancing the robustness of representations.

DCCF (Ren et al. 2023b): It utilizes self-supervised
augmentation by intent disentanglement to distill finer-
grained user preferences.

AutoCF (Xia et al. 2023): It adaptively generates self-
supervised signals by reconstructing masked graphs for
data augmentation.

RLMRec (Ren et al. 2024): It is a semantic enhancement
module based on LLMs, which generates profiles to en-
hance the representation of users and items. We choose
AutoCF _plus as the baseline since it performs the best on
average across all datasets.

Overall Performance

Table 2 reports the performance comparison between base-
lines and our proposed SEHHN on three real-world datasets.
We can observe the following results:

For previous GNN-based methods, LightGCN outper-
formed GCCF in all datasets, indicating the effectiveness of
the lightweight graph convolutional network. By introducing
self-supervised learning, SGL and SimGCL achieved supe-
rior performance, which can be attributed to alleviating spar-
sity and noise in interactions through a contrastive learning
paradigm. In addition, DCCF and AutoCF further enhance
the self-supervised signal through disentangled user intent
and graph mask autoencoder, respectively. Subsequently,
RLMRec proposed to enhance collaborative representation
using the semantic information provided by LLMs. In par-
ticular, RLMRec introduced additional semantics into user
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Figure 4: Ablation study on LLM-extracted semantics.

and item embeddings by maximizing mutual information,
resulting in greater performance.

Finally, our proposed SEHHN surpassed the SOTA meth-
ods on all datasets. The improvement can be attributed to
the use of semantic information to enhance the relationship
modeling in CFs rather than directly augmenting entity rep-
resentation, avoiding the degraded alignment caused by in-
consistent semantics. The proposed graph autoencoder and
LLM-based classifier leverage semantic information to en-
rich the collaboration and co-occurrence relationship in CFs,
and better utilize the semantic information provided by LLM
under the guidance of heterogeneous hypergraph.

Ablation Study

The Effect of the LLM-extracted Semantics As demon-
strated in the previous sections, we utilize LLMs to extract
review semantics and infer item categories for CF mod-
els. In this section, we explore the impact of the additional
knowledge provided by LLMs on recommendation perfor-
mance. SEHHN-R and SEHHN-C represent the versions
of SEHHN without utilizing reviews and categories, re-
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Figure 5: Ablation study on graph autoencoder.

spectively; SEHHN-RE replaces the review embeddings ob-
tained through LLM with randomly initialized embeddings
of the same dimension.

As shown in Figure 4, the performance of SEHHN-R and
SEHHN-C decreases compared to the original model, indi-
cating that the semantics of both review and category nodes
are crucial for capturing user preferences and item features.
The former can supplement contextual semantics for user-
item collaboration, while the latter helps analyze the co-
occurrence attributes of items. In addition, the performance
of SEHHN-RE is inferior to that of SEHHN, demonstrat-
ing that LLMs can provide semantic representations that are
beneficial for recommendation.

The Effect of Graph AutoEncoder We achieve align-
ment of review semantics to the collaborative space through
a graph autoencoder. To verify its effectiveness, we design
three variants: SEHHN-r removes the reconstruction task
in the original model; SEHHN-ge replaces the graph en-
coder with linear transformation, which does not use ob-
servation or preference hyperedges to capture relationships
between review nodes, i.e., replacing equations (3-4) with
e, = MLP;(s); SEHHN-de replaces the graph decoder
and directly reconstructs the review semantics with s =
MLPQ(@T).

Figure 5 reports the results on Book and Yelp datasets.
We can observe that removing graph-level modeling from
the encoder or decoder will lead to decreased performance,
which suggests that leveraging the collaborative relation-
ships on both sides of review nodes can more effectively
bridge the gap between the semantic space and the collab-
oration space.

The Effect of LLM-based Embedder We extract high-
dimensional semantic representations from reviews through
LLMs. Building on this, we further experiment with open-
source text embedding models BGE-large (Xiao et al. 2023)
and Bloom-1b1 (Le Scao et al. 2023). As shown in Table
3, SEHHN can leverage the semantic information provided
by any LLM to improve the recommendation performance,
which demonstrates the generalization ability of the pro-
posed heterogeneous hypergraph and graph autoencoder.

Hyper-parameter Study

Depth of GNN layers The number of GNN Layers L de-
termines the degree of information fusion between hetero-
geneous nodes. We conduct experiments to evaluate the per-
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LLM default BGE Bloom AutoCF
Recall@20 0.1351 0.1322 0.1316 0.1295
MRR@20 0.1500 0.1484 0.1474 0.1432

Table 3: Experiments of LLM-based embedder on Yelp.

Book Yelp
e 016 013 = o015
015 {0 5 N
012 // 0.13 011 e/ . 10.13
. /,' —e— Recall@20 - —e— Recall@20
0.09. %/ —=— MRR@20 [0.10 (.09 —=— MRR@20 10.11
0 1 2 3 4 5 6 0 1 2 3 4 5 6
Layer Num Layer Num
Book Yelp
0.167 - 0.164 0.136/ .
I ~ 7 0.153
g - .
0.164 5/ 10159 0.132 - 0,148
e —e— Recall@20 _ —e— Recall@20 |
0.161 7~ MRR@20 10.154 128 # MRR@20 15,143
le-5 le-4 le-3 le-2 le-5 le-4 le-3 le-2

Reconstruction Ratio Reconstruction Ratio

Figure 6: Impact of the number of GNN layers and the re-
construction ratio.

formance of varying numbers of layers on two datasets, as
shown in Figure 6.

First, the absence of aggregation (L = 0) leads to the
worst performance, highlighting the significance of mes-
sage passing in fusing heterogeneous information. As L in-
creases, the model’s performance improves by incorporat-
ing neighboring semantics to a greater extent. However, too
many layers might result in over-smooth representations and
reducing recommendation performance.

Reconstruction Ratio The reconstruction ratio p, deter-
mines the number of review nodes in the reconstruction task.
Specifically, a higher probability means sampling more in-
teraction hyperedges £° to reconstruct the review semantics.

As shown in Figure 6, a lower p, leads to significant per-
formance degradation, indicating that insufficient learning
of the graph encoder can result in poor alignment. Further-
more, excessive ps may cause overfitting of the decoder, thus
preventing the encoder from outputting semantic informa-
tion that is valuable for collaborative filtering.

Conclusion

In this paper, we discuss the alignment degradation caused
by semantic inconsistency when improving collaborative fil-
tering with LLMs. To address these challenges, we propose
a novel method named Semantic Enhanced Heterogeneous
Hypergraph Network (SEHHN). The review semantics ex-
tracted by the graph autoencoder and feature-based item cor-
relations mined by the LLM-based classifier enrich the col-
laboration and co-occurrence of CFs. In addition, we de-
sign a heterogeneous hypergraph network to achieve effi-
cient alignment and propagation of heterogeneous informa-
tion. Extensive experiments demonstrate the superiority of
SEHHN and the effectiveness of each component.
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