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Abstract—Graph-based recommendation systems have gained
widespread adoption in recent years. Yet most methods still fail to
fully capture the dynamics of user behavior efficiently and often
require updating all parameters in the user-node embedding table
during finetuning, making it hard to adjust to frequent changes
in user behaviors. The problem is amplified in sparse interaction
graphs, such as those observed in scientific dataset platforms,
where users interact with only three items on average, far fewer
than those in commercial platforms, leading to marked drops in
accuracy. To tackle these issues, Graph Representation EDitor
(GRED) is introduced as a lightweight, inject-able module set
that “edits” node embeddings to enhance task adaptation. GRED
utilizes LLM-based embedding with Graph Neural Network
(GNN) to extract complementary semantic and structural signals
from history logs. The design unifies static item content and
relational structure, yielding more dynamic, and more trans-
ferable representations. GRED is used to fine-tune the model
for recommendation and conduct extensive evaluations under
multiple configurations. The results show that GRED achieves
over 10% improvement against state-of-the-art recommendation
systems in hit ratio@20 while requiring significantly less fine-
tuning time and computational cost.

Index Terms—Graph Representation Editing, Graph Repre-
sentation Learning, Dataset Recommendation, Recommendation
System, Graph Neural Network.

I. INTRODUCTION

Recommendation systems provide users with personalized
and relevant content, which are widely used in commercial
platforms and academic research. Efficient recommendation
systems not only improve user satisfaction and retention, but
also facilitate content discovery and reduce cognitive load.
They can be viewed as an information filtering system, aiming
to predict users’ future preferences based on their history
activities [1]. Extending this paradigm to scientific data,
dataset recommendation aims to automatically suggest relevant
datasets that match a researcher’s objectives, queries, or prior
usage. Unlike traditional item or content recommendation,
it must account for the semantic, structural, and contextual
relationships among datasets, research topics, and user intents.
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Traditional recommendation systems are commonly catego-
rized into content-based, collaborative, and hybrid approaches
[2].

We have implemented collaborative filtering (CF) and
content-based (CBF) recommendation methods on our dataset-
sharing platform ScienceDB [3]. Here we denote each dataset
as an item. The platform currently hosts on the order of
107 items, which necessitates an implicit, behavior-driven
recommendation mechanism for both the dataset side panel
and the scroll-based feed interface. Consequently, the recom-
mendation algorithm must be computationally efficient and
capable of generating high-quality results under strict latency
constraints. Fine-tuning for frequent user behavior changes is
also required. In practice, user attention is typically confined
to the top 10-20 items, which represents the effective content
capacity of the interface. Therefore, our optimization objective
focuses primarily on ranking performance within this range.
Although large language models (LLMs) are effective for
sorting, filtering, and re-ranking, applying them in real-time
implicit recommendation settings is impractical, as the end-to-
end pipeline latency does not scale with the increasing number
of candidate items. Through an analysis of historical recom-
mendation logs, we further identify several distinct patterns in
user access behavior that introduce significant challenges for
conventional recommendation systems:

(1) User-item interactions are sparse. Traditional CF ap-
proaches typically rely on a dense user-item interaction matrix
and require frequent user activity to uncover meaningful
relationships. In sparsely populated graphs like ours, niche
or domain-specific datasets such as those targeting small,
specialized scientific communities are hardly recommended,
regardless of their value.

(2) ScienceDB hosts a highly diverse collection of datasets,
spanning various topics, formats, and geographic regions.
While static embedding similarity-based methods can be used
for recommendations in this context, they fail to capture the
dynamic nature of user behavior and evolving interests.

(3) Many items remain unvisited, while new items are
constantly added. Traditional CF and contrastive learning
approaches require global embedding updates for each user-
item addition, leading to growing computational costs and



scalability issues [4].
(4) Viewing histories on ScienceDB can reveal sensitive

research interests. In CF-based systems, sparsity increases the
risk of privacy leakage [5], [6]. As illustrated in Figure 1,
if a cold item was viewed by A, recommending another
related item can inadvertently expose that A’s history. These
characteristics pose significant challenges for conventional
recommendation systems on our platform.

History
I1 I2User A Recommended

I2 Pattern PrivacyI1User B

Fig. 1. An illustration of the privacy leaks of CF based recommendation
systems. Specifically, user A have seen history items I1 and I2, if both
items and users have no other interactions then if user B clicked I1, in CF
based system I2 will have certain high priority in recommendation system
without doubt, causing privacy leaks. This could leak user A’s research interest
unintentionally.

Recently, graph-based methods have gained prominence
by modeling complex user-item relationships through Graph
Neural Networks (GNNs) [7]–[9]. To address the limitations
of CF-based recommendation systems and to explore methods
in GNN fine-tuning in recommendation utilizing both content
information and user behavior data, we developed a novel
recommendation framework that integrates both entity-level
semantic information and dynamic relational data into a uni-
fied embedding space using graph neural network. To reduce
the redundant embedding updates commonly seen in CF-based
systems, we leverage a sentence-transformer model based on
large language models (LLMs) to generate embeddings for
users and items. We construct a homogeneous graph by ex-
tracting user-item interactions and augment item connectivity
with keyword nodes, which are derived from item description
using LLM-based extraction. These keywords are then linked
to the corresponding items to enrich graph connectivity and
enhance sparse-related item recommendation. To preserve user
activity signal and enhance the generalization ability of the
pre-trained GNN encoder, we employ user-centric subgraph
sampling. This strategy introduces controlled randomness and
allows the GNN to learn robust user representations from
local structures while protecting user from deterministic user-
to-user inference. Finally, we incorporate Graph Represen-
tation Editing (GRED) as a lightweight and efficient fine-
tuning technique. GRED enables the pre-trained GNN to adapt
to evolving user behaviors without requiring full retraining,
making it well-suited for dynamic recommendation scenarios.
The main contributions of this work are as follows:

• We propose a GNN-based recommendation framework
that integrates user/item properties and relational struc-
tures. By using sampled, keyword-enhanced subgraphs,
it improves performance on sparse items and offers
empirical mitigation against deterministic user-to-user
inference, reducing reliance on full-graph training.

• We propose a highly efficient fine-tuning method, Graph
Representation Editing (GRED), which can be seamlessly
integrated into pre-trained GNNs to adapt them to down-
stream recommendation tasks. GRED enables localized
model updates without retraining the full network.

• We verified the effectiveness of our method through
extensive experiments and ablation studies. Compared
with existing recommendation baselines, our approach
achieves superior performance with a 10.2% relative im-
provement over the second-best model in Hit Ratio@20
while remaining parameter-efficient.

Due to content limitations, we are unable to include all
experimental details in this paper. Additional information,
including detailed experimental configurations and the LLM
prompt templates used for keyword extraction, is provided in
the accompanying code repository. The training and evaluation
data used in our experiments contain sensitive information
related to user behavior and therefore cannot be publicly
released. Nevertheless, the complete source code and full ex-
perimental setup details are made available to facilitate repro-
ducibility at: https://github.com/ZCY24-coder/gred codebase
repo. Note that generative AIs were used to clean code and
polish grammar expression of this paper.

II. RELATED WORK

Recommendation systems have evolved from traditional col-
laborative filtering and content-based methods to graph-based
architectures and large-model-driven approaches leveraging
pre-training/fine-tuning paradigms. We review the works in
related aspects as follows:

CF-based Recommendation [10] provides a survey on
deep learning enhancements for CF systems, covering MLPs,
CNNs, RNNs, autoencoders, RBMs, and GANs, and analyze
their impacts on recommendation quality. [11] combine CF
with social network signals to improve recommendation pre-
cision, demonstrating that integrating peer connections boosts
relevance. These works showcase how dense neural architec-
tures enhance traditional CF, yet most neglect higher-order
structural dependencies in user interactions.

GNN-based Recommendation Graph Neural Networks
(GNNs) are well-suited for modeling complex user behaviors,
including multi-type interactions and higher-order relational
patterns. LightGCN retains only the core mechanism of
neighbor aggregation while removing self-connections, feature
transformation, and nonlinear activation, thereby simplifying
the model structure and improving recall and NDCG perfor-
mance. MBH-GNN [12] introduces a multi-behavior, high-
hop-aware design that dynamically weights diverse user-item
interactions and captures long-range dependencies. In addition,
[13] presents a GNN framework with layer-wise residuals
and identity mappings to mitigate over-smoothing, thereby
enhancing interpretability and accuracy in dynamic user sce-
narios. LightKG [14] introduces a lightweight GNN-based
framework for knowledge graph-aware recommendation, ad-
dressing data sparsity and training inefficiency by using scalar
relation encoding and linear aggregation with an efficient



contrastive layer. By adding noise to the embedding instead
of graph augmentation, XSimGCL [15] enables the model
to learn a more uniformly distributed representation, thereby
mitigating popularity bias and significantly improving long-tail
recommendation performance. BUIR [16] eliminates negative
sampling by employing two mutually-learned encoders with
random data augmentation, effectively alleviating data sparsity
in one-class collaborative filtering.

Fine-Tuning and Prompting for Recommendation Fine-
tuning LLMs to adapt to recommended tasks mainly includes
the following two ways: (1) Pre-trained fine-tuning paradigms.
[17] provides a comprehensive taxonomy analyzing how
pre-trained language models are adapted to recommendation
tasks. They discuss training strategies including fine-tuning
and prompting, emphasizing transfer learning, sparsity miti-
gation, and efficiency improvements. (2) Prompt-Based and
Parameter-Efficient Tuning [18], [19]. [18] survey prompt tun-
ing approaches, categorizing them into direct prompt learning
and transfer-based methods. They highlight innovations such
as low-rank reparameterization and transfer strategies like
SPoT [20] and ATTEMPT [21].

Scientific Dataset Recommendation Systems Easy scien-
tific dataset searching can facilitate scientific discovery [22].
[23] proposes the first method that uses co-author networks to
recommend datasets: starting from seed datasets, they navigate
n-hop co-author graphs to identify candidate authors and
associated datasets, enhanced further by graph embeddings
plus metadata ranking.

While these advances have significantly improved person-
alization, alleviated data sparsity, and enhanced the modeling
of complex user-item interactions, adapting these techniques
to domain-specific scenarios, for example, scientific dataset
recommendation remains challenging due to highly specialized
user intents, sparse interactions, and heterogeneous metadata.
These approaches emphasize fine-grained behavioral signals
in GNNs, none simultaneously tackle fine-tuning GNN for
dataset recommendation. In contrast, our work uniquely inte-
grates fine-grained user behavior modeling with adaptive fine-
tune strategies. By jointly leveraging multi-type user interac-
tions and task-specific tuning, we enhance both personalization
and generalization in dataset recommendation. Compared to
graph fine-tuning methods GRED edits intermediate represen-
tations directly, enabling localized adaptation with minimal
parameter overhead.

III. METHOD

In this section, we present the methodology behind our
proposed framework. We begin by introducing the semantic
pre-embedding process used to represent all entities in the
dataset. Next, we describe the design of our graph-based
recommendation framework, which is optimized for effective
fine-tuning of GNNs. Finally, we explain how the proposed
approach reduces task loss and improves recommendation
performance.

A. Unified-Space-Based Semantic Embedding

To effectively compress high-dimensional sparse user-item
interaction data into low-dimensional, dense representations,
we apply semantic embedding techniques that map users and
items into a shared latent space. This helps to distinguish
entities within the GNN more effectively. To better capture
the full scope of user intent and item semantics, we employ
an LLM-based sentence encoder, the QWen3-8B-Sentence-
Transformer [24] for initial embedding. This approach helps
encode semantic similarity and contrast more effectively prior
to graph-based processing.

Note that these embeddings are treated as fixed during
training within our framework. Dataset descriptions and their
corresponding keyword representations tend to be stable over
time and do not require frequent re-embedding. Therefore,
recomputing these semantic embeddings is generally unnec-
essary.

B. Dataset-User-Keyword Graph Construction

We collected user activity data from ScienceDB spanning
from 2023 to 2024. To ensure data quality and meaningful
behavioral patterns, we selected users who accessed more
than 4 datasets. Users with only one or two dataset visits
typically exhibited minimal engagement and rarely returned,
making them less informative for modeling user intent. Our
selected cohort includes both logged-in and temporary (non-
login) users, with the latter introducing additional noise and
reducing the overall consistency of interaction patterns.

To enrich the graph with semantic context, we used QWen3-
2507-8B [25] as the basic LLM to extract keywords from
dataset descriptions. These extracted keywords were added to
the graph as additional nodes, and linked to their correspond-
ing datasets. This graph augmentation step was empirically
shown to improve the final recommendation performance.

We identify datasets, users, and keywords as nodes in our
constructed graph. The graph has two types of edges, from
user to datasets and datasets to keywords. Reverse edges were
added before training to ensure correct propagation.

C. Graph Representation Editor (GRED)

Inspired by the representation editing framework pro-
posed by Wu et al. [26], which demonstrates that inserting
lightweight linear mappings after Transformer blocks enables
efficient fine-tuning of large language models, we extend this
idea to graph neural networks. We assume that fine-tuning
pre-trained graph encoder within same domain task can be
approximated as a local, additive correction in the representa-
tion space. Under this assumption, the discrepancy between the
pre-trained representation and the task-adapted representation
can be modeled as a shifted linear approximation. As shown
in Figure 2, this is a simple linear projector can be represented
as follows:

h′
i = lscaling ⊙ hi + lbias, (1)



Fig. 2. Traditional CF based Rec Sys V.S. Graph Representation Editor. The figure illustrates how a recommendation system is fine-tuned with the
introduced relationships (blue). Query datasets are under recommendation comparison for the query user (yellow). Panel (b) shows the GNN-GRED-based
recommendation framework, where GRED edits the GNN layer representations by injecting lightweight modules composed of linear projectors with bias
terms. During fine-tuning, only a significantly smaller subset of parameters compared to those in panel (a) needs to be updated, rather than retraining the
entire GNN or the full user-item embedding table.

where hi represents the pre-edited output at i-th layer, h′
i

represents the modified output at the i-th layer. While lscaling
and lbias are vectors with the same length as the embedding
dimension. This transformation rescales each embedding di-
mension element-wise and adds a bias.

Assuming we have desired representation hw at certain
layer j, which has error e compared to current generated
representation hn, the following equation should apply:

hw = hn + e. (2)

As for the current input x for this layer, we have a fixed con-
tinuous transformation function (Graph Encoder) f(x) = hn,
which should not be modified directly due to its complexity.
It does not match our wanted output hw. If we were apply-
ing representation editing, the transformed output h′ can be
represented as follows:

h′ = lscaling ⊙ hn + lbias, (3)

Let the layer’s current input be x, and the fixed encoder
function be f(x) = hn, which is continuous but complex and
not subject to modification. Since f(x) does not match the
target output hw, we apply a representation editing function,
the residual δ can be obtained from the following expression:

δ = h′ − hn = (lscaling − 1)⊙ hn + lbias. (4)

If h′ ≈ hw, then we have the approximation:

δ ≈ e. (5)

Minimizing L(h′) with respect to lscaling and lbias allows the
GRED layer to learn a residual correction δ that improves
task performance without modifying the base encoder f(x).
We want optimized parameters lscaling, lbias to satisfy the
following objective:

min
lscaling,lbias

∥e− δ∥22, (6)

Given that parameters can be tuned, with any optimized δ∗,
compared to original encoder f(x) which would always have
error e, we can claim that:

∥e− δ∗∥22 ≤ ∥e− 0∥22, (7)

For any given encoder, using representation editing can theo-
retically reduce the representation error under optimal param-
eterization, and leads to loss reduction during training.

Let η represent the learning rate during training, L as loss
function. For each gradient descent step, we can perform the
following operations:

lscaling
update←−−−− lscaling − η

∂L
∂h′ ⊙ hn, (8)

lbias
update←−−−− lbias − η

∂L
∂h′ .

We insert GRED components between activation function and
layer’s dropout layer. Thus, GRED integrates seamlessly with
each GNN layer to adjust the GNN’s encoding to better
align the GNN [27], [28] encoding with user-dataset-specific
recommendation objectives. After the injection, assuming we
are using GIN graph convolution, for i-th layer’s input h(i),
we will have the layer process it’s value as the following
expression:

h(i+1) = f ′
i(h

(i)) = lscaling ⊙GIN(h(i)) + lbias. (9)

Here we use mean propagation for GIN [29] since a popular
item could have exploded message aggregation if applied sum.

IV. EXPERIMENT

In this section, we present our experiment. We begin by
describing the experimental settings, including datasets, eval-
uation metrics, and baseline models. Then we report the main
results of our method compared to the baselines. Next, we
conduct ablation studies to examine the contribution of each
core component. Finally, we explore the task generalization
capability of our GRED as a GNN fine-tune method in other
domains.



A. Experimental Settings

Dataset ScienceDB is an open data platform established by
the Chinese Academy of Sciences to provide multidisciplinary
data services for scientific research. We collect user behavior
data on the ScienceDB platform span from 2023-2024. As
previously stated in I, the user behavior data was collected
and sampled to build a user-dataset interaction graph. The
graph containing sampled 10,000 users and 15,017 datasets
with total amount of 76,511 keywords. The entire graph has
98,524 user-to-dataset-visit relationships, average density for
user-dataset relation is 0.000656. For graph-fine-tune based
methods, we used 45% user-interaction edges for pretraining,
5% for pre-training evaluation, 30% for fine-tuning training,
10% for fine-tune evaluation, with last 10% for testing. At
the time of data collection, our platform employed CF-based
methods and history-content similarity for recommendation.

1) Baseline Methods: We selected several representa-
tive recommendation methods spanning multiple modeling
paradigms for comparison with our approach. These methods
consist of the following: (1) Collaborative Filtering (CF)-
based methods: LightGCN (denoted as L-GCN) removes
feature transformation and non-linear operations from tradi-
tional GCNs, linearly propagating user-item embeddings over
the interaction graph. The final embedding is obtained by
aggregating representations from multiple layers, capturing
high-order collaborative relations. (2) Contrastive Learning
(CL)-based methods: XSimGCL replaces graph augmentations
with a simple noise-based embedding perturbation, generating
contrastive views that improve representation consistency and
robustness. For CF/CL-based methods, we adopt a unified set
of hyperparameters, including a learning rate of 1 × 10−3,
an embedding dimension of 64, and a maximum of 100
training epochs. These configurations follow the default or
recommended settings reported in the original works, and
are commonly used in standard recommendation benchmarks.
(3) Graph Prompt based methods: AdapterGNN (denoted as
ADGNN) injects small bottleneck-MLP with both after layer
and bypass layer connection, by adjusting their parameters to
fine-tune GNN network. GPF operates on the input graph’s
feature space, to align GNN representation with downstream
tasks. For a fair comparison, GRED and the graph prompt-
based baselines use the same graph construction and training
pipeline. (4) Knowledge Graph based method: LightKG [14]
represents a recent line of work that focuses on reducing
model complexity while maintaining high recommendation
accuracy. It employs a simplified GNN layer and an efficient
contrastive module that directly minimizes node similarity in
the original graph, significantly improving both performance
and efficiency. (5) History Content Similarity: the method
implemented on our site during data collection, which takes
raw embedding of user’s history item and calculate weighted
mean embedding and retrieve items by content similarity. It’s
excluded from ranking due to potential data contamination.

We kept nearly original settings for those methods to get
expected results. More detail regarding the baseline settings

Fig. 3. NDCG@20 of different models by hot parameter size

are described in the provided source code repository due to
main content size limitation.

2) GRED Settings: We use the Graph Isomorphism Net-
work (GIN) [29] as our graph convolution method due to its
proven expressiveness in capturing complex graph structures.
For the initial input, we process static LLM embeddings using
a linear transformation followed by a batch normalization
layer, reducing their dimensionality for downstream graph
processing. These compressed embeddings are then passed
through multiple layers of GIN-based convolution to learn
task-relevant representations. A dot-product predictor is used
to assess whether a link between two nodes should exist.

The pretraining phase is formulated as a link prediction task.
We randomly sample edges from the interaction graph and
construct small graph patches centered around target links.
Both positive (true) edges and negative (false) samples (ratio:
k = 1) are used to guide the model in learning discriminative
representations for user-dataset, dataset-keyword relationships.
We perform link prediction with BPR loss as the pre-training
task to leverage global structural information from the graph.
A two-layer GIN convolution network with width d = 256 is
used as the base GNN model, serving as the foundation for
all fine-tuning methods. A dot product predictor is employed
to compute similarity scores between node pairs. For GRED
method, we apply both input edit and layer edit, using batch
normalization for input normalization and layer normalization
for output normalization. More settings regarding the detail of
implementation is in the code repository.

3) Evaluation Metrics: Inspired by previous works ( [30],
[31]), we employ metric Hit Ratio@K (HR), Precision@K,
Recall@K and NDCG@K to measure our model perfor-
mance. We select K = 1, 10, 20 to get overall performance.
We evaluate our model with a focus on metrics where K ≥ 10.

B. Main Results

We highlighted the top and second results per metric in
Table I. The parameters adjusted during model fine-tuning are
listed below each model name. The result test variance are
shown below each corresponding metric value. We report the
evaluation metrics at K = 1, 10, 20, corresponding to single-
shot recommendation, related-content recommendation page,
and full-page recommendation scenarios, respectively. From
the result we can conclude that:



TABLE I
PERFORMANCE METRICS OF DIFFERENT RECOMMENDATION MODELS (METRICS ×100)

K Metrics BUIR L-GCN XSimGCL HistSim GPF ADGNN Fine-tune LightKG GRED

# Param. 1.32M 1.32M 1.32M (Ref-Only) 0.25K 33K 1.2M 6.5M 1K

1

HR 1.43
0.0011

1.97
0.0007

1.68
0.03

2.84
0.09

1.57
0.07

1.57
0.06

1.46
0.03

1.79
0.07

0.98
0.06

Recall 1.63
0.0013

2.33
0.0009

2.07
0.01

3.89
0.09

1.98
0.06

1.94
0.07

1.92
0.04

1.19
0.05

1.20
0.07

Precision 2.51
0.0020

3.46
0.0012

2.96
0.05

5.11
0.16

2.81
0.12

2.82
0.11

2.62
0.06

1.79
0.07

1.77
0.11

NDCG 2.51
0.0020

3.46
0.0012

2.96
0.05

5.11
0.16

2.81
0.12

2.82
0.11

2.62
0.06

1.79
0.07

1.77
0.11

10

HR 7.92
0.0019

10.02
0.0018

9.73
0.11

9.84
0.06

10.23
0.10

10.21
0.12

9.78
0.18

10.09
0.14

11.25
0.14

Recall 8.50
0.0008

11.19
0.0021

11.20
0.17

12.89
0.08

12.60
0.09

12.58
0.09

12.28
0.19

7.04
0.14

14.14
0.17

Precision 1.39
0.0003

1.76
0.0003

1.71
0.02

1.77
0.01

1.84
0.02

1.83
0.02

1.76
0.03

1.14
0.02

2.02
0.01

NDCG 5.05
0.0011

6.77
0.0010

6.58
0.07

8.57
0.10

6.97
0.06

6.93
0.09

6.79
0.06

4.12
0.06

7.18
0.08

20

HR 12.08
0.0018

15.08
0.0015

13.58
0.06

12.76
0.11

15.18
0.13

15.28
0.13

14.53
0.19

13.98
0.40

16.84
0.15

Recall 12.68
0.0024

16.17
0.0019

14.99
0.01

16.37
0.13

18.15
0.19

18.33
0.11

17.77
0.16

10.13
0.35

20.52
0.18

Precision 1.06
0.0002

1.32
0.0001

1.19
0.01

1.15
0.01

1.36
0.01

1.37
0.01

1.31
0.02

0.86
0.03

1.51
0.03

NDCG 6.26
0.0013

8.21
0.0011

7.68
0.06

9.54
0.10

8.53
0.07

8.55
0.07

8.33
0.0583

5.03
0.12

8.97
0.09

(1) GRED Requires Fewer Trainable Parameters. Our
experiment shows that GRED based recommendation used
about 1K active parameters during training, only higher than
GPF. Other CF, CL based methods require updating all embed-
ding items to maintain performance. We mark the estimated
number of updated parameters below each method name. Note
that GRED parameters were only affected by GNN width and
GNN layers, while LightGCL and other dynamic embedding
methods would require updating much more parameters under
larger sets of users and items. Therefore GRED would scale
well to larger scenarios.

(2) GRED Demonstrates Strong Recommendation Perfor-
mance According to our results, the proposed method consis-
tently demonstrates competitive performance against various
recommendation baselines. We observe that graph fine-tuning
methods generally underperform at smaller K values. While
at larger K settings, for instance, at K = 10, GRED achieves
a relative improvement in hit ratio by 9.97% compared to
GPF. At K = 20, the relative gain increases further, reaching
10.02% improvement compared to AdapterGNN. While meth-
ods such as LightGCN also exhibit strong performance, they
come with significantly larger parameter sizes and higher com-
putational costs. While it seems that content history similarity
achieved great results when K is at small settings, it’s very
likely due to how the user’s behavior data is collected based
on current system, therefore we excluded it from ranking com-
parison. LightKG as a new method, can perform well under
low K settings, while degrades with larger K. We attribute to
dependency on fine graded knowledge graph structure which
simple keywords link enhancement is unable to provide. We
can observe significant performance drop in large K settings,
suggesting that this method cannot effectively capture user

preferences in larger batch of recommendation.
(3) Higher Standard Deviation in Graph Fine-tuning Meth-
ods. This mainly arises during the graph patch sample stage,
when during the recommendation process, graph fine-tuning
based methods usually need to sample a subgraph centered
on selected users and target datasets to generate embeddings.
It was done by the neighbor sampling process in the graph
computation framework [32]. Only a subset of neighbors is
included in the sampled patch of the calculation graph, there-
fore introducing more randomness. The stochasticity induced
by graph sampling increases uncertainty in the model’s output,
which can be beneficial from a privacy perspective.

In other words, it becomes more difficult to infer another
user’s item preferences, offering a form of protection against
user preference inference attacks. We provide an illustrative
example below.

Privacy Leakage Illustrative Example: We observed the
following case in our experiment:

• User A (ID: 101345) viewed items 3165 and 12056.
• User B (ID: 98650) viewed only item 3165.

with the LightGCN model, item 12056 was consistently
ranked at position 1 for User B under different seeds, likely
due to the shared interaction with item 3165. In contrast,
with GRED, item 12056 was ranked at position between
1,661 and 1,351 with standard variance of 137.60 for the
same user on the same model under different seed. This stark
difference highlights how the sampling-induced randomness
in GRED disrupts direct user-to-user preference transfer, po-
tentially enhancing user privacy. For this attempt of GRED
recommendation, human examination of the first 20-items
have similar semantic meaning showing that GRED could
leverage item content information rather than user-preference



information only.

C. Ablation Studies

In this section, we analyze the individual components of
our framework to evaluate their respective contributions to
the overall recommendation performance. All other parameters
and components are kept identical to those in the main
experiments, unless explicitly stated otherwise.

1) Keyword-based Enhancement: In theory, better connec-
tivity can improve recommendation performance due to a
great number of items from our platform are cold therefore
isolated. We employed a LLM to extract keyword nodes and
link them to relevant items. These keyword nodes serve as
semantic anchors that enrich the graph structure. However,
due to the inherent uncertainty of LLM-generated content,
this process may also introduce noise into the graph. To
evaluate the impact of keyword augmentation, we compared
two versions of GRED in our experiments: one trained on
the enhanced graph with keyword nodes, and the other on the
base graph without them. As shown in Figure 4, incorporating
keyword nodes significantly improves the NDCG score across
all evaluated K values. On average, the score increased by
0.0147, which is a substantial gain given the relatively low
base value.

Fig. 4. Comparison of GRED with and without keyword nodes (NDCG@K).

2) Input Edit vs Layer Edit: GRED can be applied at
both the input layer and the internal GNN layers. We aim
to evaluate the relative contribution of each component to
the overall recommendation performance. As shown in Fig-
ure 5, the Layer Edit component has a greater impact on
Hit Ratio@20 and overall recommendation results compared
to the Input Edit. This suggests that editing intermediate
GNN representations leads to more meaningful updates for
improving recommendation accuracy. Using layer edit only
achieves optimal results.

Fig. 5. Performance gain of Hit Ratio@K GRED in different edit location.
Compared to fine-tune.

3) Normalization: The final prediction is based on non-
normalized dot product to preserve semantic structure of
GNN encoding. However, also introduced high variance across
layers. After GRED is applied to the GNN layer i, a hidden
dimension representation hi may have excessively large acti-
vations for popular items. How to balance signal magnitudes
within individual item embeddings and across a batch should
be considered.

Fig. 6. GRED with different sets of normalization (Hit Ratio@20).

According to the result shown in Figure 6, layer normal-
ization and batch normalization are preferred for GRED to
achieve maximum recommendation performance. However,
applying such normalization techniques tends to reduce per-
formance in lower K metrics which can be seen in Figure 5.

4) Scaling and Bias effectiveness: To evaluate the effective-
ness of scaling and bias within GRED, we designed controlled
settings using input batch normalization and output layer
normalization. Each component was enabled independently to
assess its individual contribution to performance.

Fig. 7. Performance gain of Hit Ratio@K for GRED using scale or bias only.
Compared to no-edit.

We adopt Hit Ratio as the primary evaluation metric in this
study. While NDCG scores across the three settings exhibit
only minor differences, this is likely due to the structural simi-
larity between GRED and GPF under those conditions. In such
configurations, stronger performance at lower-K values can
significantly influence the overall NDCG. Figure 7 illustrates
the performance gains achieved under both the scale and bias
configurations. While using either scaling or bias alone yields
comparable performance in low-K settings, their effectiveness
diminishes at larger K, highlighting their complementary roles
in enhancing recommendation quality.

D. Task Generalization Ability Evaluation
Besides the recommendation task built upon our own

dataset, we also conduct additional experiments using pub-
lic datasets from the biology and chemistry domains, as



introduced in Hu et al. [33], to verify GRED as general
fine-tuning method. These experiments demonstrate that our
method achieves competitive results in accuracy compared
to GPF and AdapterGNN. However, node classification and
graph classification tasks in the biology and chemistry domains
are not directly related with the recommendation topic. A
report of these experiments and their results is provided in
code repository for reference.

V. CONCLUSION

In this work, we propose a recommendation framework
under the pre-train-fine-tune paradigm, which integrates large
language model (LLM) pre-embedded features with Graph
Neural Networks (GNN) aggregation of user preferences over
a hybrid graph structure. To enable effective fine-tuning, we
introduce the GRED, a novel method for graph-based fine-
tuning. We conduct extensive experiments on sampled data
from ScienceDB. GRED achieves competitive performance
while significantly reducing the number of tuning parameters
compared to other approaches.
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