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Abstract

Large Language Models (LLMs) have shown
strong potential for recommendation (LLM-
Rec) due to their powerful reasoning and gen-
eralization abilities. However, effectively align-
ing the textual semantics modeled by LLMs
with the collaborative signals remains a key
challenge. Existing methods either translate
collaborative information into textual prompts
or inject pre-trained embeddings into the LLM,
both of which treat structural information as
static input and fail to capture high-order rela-
tional dependencies. To bridge this gap, we pro-
pose GraphLoRA, a novel framework that gen-
eralizes low-rank adaptation from independent
to structure-aware propagation. GraphLoRA
embeds a trainable graph message-passing net-
work within the low-rank adaptation pathway,
enabling structural signals to propagate through
the parameter space. This design allows col-
laborative topology to explicitly guide parame-
ter updates, fostering deep integration between
graph-structured and textual semantic infor-
mation. Extensive experiments on multiple
benchmarks demonstrate that GraphLoRA not
only outperforms state-of-the-art LLM-based
recommendation methods but also achieves
superior generalization, effectively balanc-
ing structural reasoning capability with com-
putational efficiency. Code is available at
https://github.com/wgj15965/GraphLoRA.

1 Introduction

Recommender systems play a central role in per-
sonalized information access, enabling users to
efficiently discover relevant content (Wu et al.,
2022). Recently, large language models (LLMs)
have emerged as powerful recommenders due to
their remarkable capabilities in reasoning, gener-
alization, and contextual understanding (Liu et al.,
2025a; Wu et al., 2024). However, a fundamental
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Figure 1: Comparison of collaborative alignment
paradigms. (a) Input-Space Alignment converts in-
teraction histories into textual prompts for the LLM
input. (b) Parameter-Space Alignment injects static,
externally encoded embeddings into LLM weights (e.g.,
via LoRA). (c) Structure-Aware Alignment (Ours)
integrates a learnable GNN within the LoRA bottleneck
(between A and B) to perform dynamic message pass-
ing directly in the parameter space.

challenge persists: effectively align textual seman-
tics—naturally handled by LLMs—with collabo-
rative information derived from user–item interac-
tions, which is inherently structured. Bridging this
gap is essential for unleashing the full potential of
LLM-based recommendation.

Early efforts in LLM-based recommendation
primarily relied on Input-Space Alignment (see
Figure 1(a)), where collaborative information was
translated into prompts or input tokens. For ex-
ample, TALLRec (Bao et al., 2023) linearized
user-item interaction histories into textual prompts,
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while CoLLM (Zhang et al., 2025) projected user
and item embeddings-obtained from matrix factor-
ization (MF)-into soft tokens. Although these meth-
ods allow LLMs to access collaborative signals,
they force the model to passively “read” structural
information rather than internally reason about re-
lational dependencies. Moreover, linearized or tok-
enized representations struggle to capture the com-
plex, high-order topology of user–item interaction
graphs, leading to a loss of structural inductive
bias (Huang et al., 2024).

To strengthen internal modeling, recent research
has pivoted towards parameter-space alignment, as
illustrated in Figure 1(b) (e.g., CoRA (Liu et al.,
2025b)). Instead of modifying textual input, CoRA
directly injects collaborative signals into LLM’s
parameters (e.g., via LoRA), enabling the model to
internalize user–item relationships within its param-
eter space. This design overcomes the limitations
of input-space alignment by allowing the LLM to
encode collaborative patterns rather than merely
read them. However, CoRA still depends on ex-
ternally pre-trained embeddings (e.g., from matrix
factorization) that are injected as static weights.
Consequently, structural information remains exter-
nal and cannot be jointly refined with the model’s
semantic representations. To address this limita-
tion, we advocate for structure-aware alignment
within the LLM itself. We reinterpret LoRA not
as a passive fine-tuning module, but as a learnable
reasoning pathway capable of propagating collab-
orative signals in the parameter space. This per-
spective generalizes the conventional LoRA for-
mulation—from independent low-rank adaptation
to structure-aware low-rank propagation—thereby
enabling the LLM to internalize collaborative topol-
ogy and jointly refine semantic and structural rep-
resentations.

Building upon this insight, we propose
GraphLoRA, a novel framework that realizes
this structure-aware alignment (Figure 1(c)).
GraphLoRA embeds a differentiable graph
message-passing module within the LoRA bottle-
neck (between A and B), constructing a learn-
able structural pathway directly in the low-rank
latent space. Specifically, collaborative represen-
tations are first projected into the low-rank latent
space, where high-order neighborhood informa-
tion is dynamically aggregated through graph mes-
sage passing, and the enriched structural embed-
dings are then projected back to the parameter
space to update the model. This mechanism al-

lows collaborative information to explicitly guide
parameter updates, fostering deep interaction be-
tween collaborative topology and semantic under-
standing. Through joint optimization of the struc-
tural encoder and the LLM adaptation under a
unified objective, GraphLoRA effectively distills
neighborhood-aware structural signals—achieving
deep structure–semantic synergy while preserving
the LLM’s linguistic competence.

The contributions can be summarized as follows:

• We propose GraphLoRA, which integrates
a graph message-passing module within the
LoRA bottleneck, generalizing independent
adaptation to structure-aware propagation and
enabling LLMs to internalize collaborative
topology.

• We design a joint optimization framework that
couples graph-structured reasoning with se-
mantic adaptation, yielding representations
that are both structure-aware and linguistically
coherent.

• Extensive experiments on multiple benchmark
datasets demonstrate that GraphLoRA con-
sistently outperforms state-of-the-art LLM-
based recommendation methods under com-
pact parameter settings. Additional ablation
and efficiency studies further confirm its ro-
bustness, parameter efficiency, and structural
interpretability across diverse recommenda-
tion scenarios.

2 Related Works

2.1 LLM-based Recommendation

The application of large language models (LLMs)
in recommender systems has evolved rapidly. Early
works primarily utilized in-context learning (Dong
et al., 2024), leveraging the extensive world knowl-
edge of LLMs via carefully crafted prompts to per-
form recommendation tasks without parameter up-
dates (Gao et al., 2023; Dai et al., 2023). While
cost-effective, these methods often struggle to cap-
ture domain-specific collaborative signals.

To address this, subsequent research shifted to-
wards instruction tuning with input-space align-
ment. Foundational frameworks like P5 (Geng
et al., 2022) laid the groundwork by unifying
recommendation tasks into sequence generation.
Following this, a representative method, TALL-
Rec (Bao et al., 2023), reformulated interaction
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data into linear textual instructions. To further in-
corporate dense collaborative signals, methods like
CoLLM (Zhang et al., 2025) and LlaRA (Liao et al.,
2024) embedded user/item ID embeddings from ex-
ternal encoders directly into the input prompt as
soft tokens, while BinLLM (Zhang et al., 2024)
encoded such information into binary sequences.
However, this paradigm often results in a separation
between collaborative modeling and LLM reason-
ing. Mapping complex graph topology into linear
sequences or static tokens can impose an informa-
tion bottleneck, effectively flattening the structural
context before it reaches the LLM.

2.2 Graph-Enhanced LLMs and
Structure-Aware Tuning

Recognizing the importance of structural data, re-
searchers have explored integrating graph neural
networks (GNNs) (Kipf and Welling, 2017) with
LLMs. One line of research adopts a projector-
based approach, where a graph encoder is aligned
with the LLM via a projection layer. For instance,
GraphGPT (Tang et al., 2024a) and HiGPT (Tang
et al., 2024b) employed graph instruction tuning to
align graph structural knowledge with the LLM’s
token space, while GIMLET (Zhao et al., 2023) uni-
fied modalities for molecule tasks. Despite their ef-
fectiveness, tuning the projector or the entire model
can be computationally expensive.

Another emerging direction focuses on
parameter-space alignment via parameter-efficient
fine-tuning (PEFT) (Ding et al., 2023). Al-
though general-purpose PEFT methods like
Adapter (Houlsby et al., 2019) and Prefix-
Tuning (Li and Liang, 2021) have proven effective
in NLP, and recent advancements continue to
optimize the density and efficiency of adaptation
matrices (e.g., DenseLoRA (Mu et al., 2025)),
recommendation works specifically leverage
low-rank adaptation (LoRA) (Hu et al., 2022) to
modify model weights. A representative method,
CoRA (Liu et al., 2025b), injected collaborative
signals directly into these adaptation matrices. To
bridge this gap, our proposed GraphLoRA embeds
a trainable message-passing GNN within the LoRA
bottleneck, thereby enabling dynamic aggregation
of high-order structural signals directly in the
parameter space.

3 Background

3.1 Low-Rank Adaptation (LoRA)
LoRA (Hu et al., 2022) adapt LLMs by freezing
pre-trained weights while injecting trainable rank
decomposition matrices. For a linear layer with pre-
trained weights W0 ∈ Rdmodel×dmodel , the weight
update is parameterized by two low-rank matri-
ces: a down-projection A ∈ Rr×dmodel and an
up-projection B ∈ Rdmodel×r, where r ≪ dmodel

is the intrinsic rank. The forward pass for an input
hidden state x ∈ Rdmodel is computed as:

h = W0x+
α

r
BAx, (1)

where α is a scaling scalar. In GraphLoRA, we
intervene in the latent space between A and B to
inject collaborative signals.

3.2 Message-Passing GNNs
Recommendation data typically forms a user-item
bipartite graph G = (U , I, E). To capture high-
order collaborative signals without conflicting with
LoRA’s notation, we describe GNNs using the
general message passing neural network (MPNN)
paradigm (Gilmer et al., 2017). MPNN defines
structural learning via local aggregation. For a
node u, its representation e

(l)
u at layer l is updated

by aggregating messages from its neighbors Nu:

m(l)
u = AGG

({
ϕ(e(l)v , e

(l)
u ) : v ∈ Nu

})
, (2)

e(l+1)
u = ψ

(
e(l)u ,m

(l)
u

)
, (3)

where ϕ(·) is the message function, AGG(·)
is a permutation-invariant aggregation operator
(e.g., Mean, Sum), and ψ(·) is the update func-
tion. This unified view encompasses both gen-
eral graph encoders (e.g., GraphSAGE (Hamil-
ton et al., 2017), GAT (Veličković et al., 2018))
and recommendation-specific variants (e.g., Light-
GCN (He et al., 2020), NGCF (Wang et al., 2019)).
In this work, we adopt the latter category as the
structural backbone, given their proven effective-
ness in modeling collaborative filtering signals.

4 Methodology

In this section, we present GraphLoRA, a unified
structure-aware framework aligning collaborative
representations with textual semantics. Formally,
let the input sequence be X = {x1, . . . ,xT }, a hy-
brid sequence comprising standard text tokens and
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Figure 2: Overview of GraphLoRA. (Left) The end-to-end recommendation process fusing text prompts and
collaborative signals. (Right) The detailed structure of the GraphLoRA layer, where a GNN-based structural encoder
is injected between the low-rank matrices A and B to realize structure-aware low-rank propagation. Note: “Embs”
refers to “Embeddings”.

collaborative tokens (i.e., users xuserid and items
xitemid). Here, xt ∈ Rdmodel denotes the embed-
ding of the t-th token. GraphLoRA specifically
intervenes in the processing of these collaborative
tokens.

As illustrated in Figure 2, the workflow proceeds
in four stages: (1) Collaborative Initialization,
defining the source embeddings; (2) Dual-View In-
put Construction, mapping these embeddings into
the input sequence X; (3) Graph Structural Encod-
ing, refining the embeddings via message passing;
and (4) Structure-Aware Parameter Injection, fus-
ing structural signals into the processing of xt in
the parameter space.

4.1 Collaborative Initialization

To ground user and item identities, we employ a
set of learnable embeddings rooted in matrix fac-
torization (MF). We approximate the interaction
matrix via latent factors P ∈ R|U|×demb for users
and Q ∈ R|I|×demb for items, where demb denotes
the collaborative embedding dimension. The uni-
fied collaborative embedding matrix is denoted as:

E = [P;Q] ∈ R(|U|+|I|)×demb . (4)

Rationale. Instead of using frozen external fea-
tures, we treat E as a shared, learnable state. It
feeds both the LLM input and the graph encoder,
and is jointly optimized with the LLM. This ensures

collaborative signals remain dynamically aligned
with the model’s semantic reasoning.

4.2 Dual-View Input Construction

Here, we describe how collaborative data is
mapped into the LLM’s input space X. We con-
struct textual prompts using templates (Table 1).
To align the collaborative dimension (demb) with
the LLM’s model dimension (dmodel), we employ
an input projection network F .

For a collaborative placeholder token (e.g.,
<UserID> or <TargetItemID>) at position twithin
sequence b, its representation xt is derived directly
from the current embedding state:

xt = F(en), xt ∈ Rdmodel , (5)

where en corresponds to the embedding of the as-
sociated collaborative node (user or item) in E. We
record the set of collaborative anchor positions as
S = {(b, t)}, where b indexes the sequence (i.e.,
sample) within a mini-batch and t denotes the to-
ken position in that sequence. For each anchor
(b, t) ∈ S, we maintain a deterministic mapping
π(b, t) 7→ n that links the collaborative token to
its corresponding graph node n (user or item), en-
abling structure injection at the correct positions.
At this stage, xt contains identity information but
lacks explicit topological context.
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#Question: A user has given high ratings to
the following books: <ItemTitleList>. Addi-
tionally, we have information about the user’s
preferences encoded in the feature <UserID>.
Using all available information, make a predic-
tion about whether the user would enjoy the
book titled <TargetItemTitle> with the fea-
ture <TargetItemID>? Answer with “Yes” or
“No”.

#Answer: “Yes” or “No”.

Table 1: Example of the prompt template used in
GraphLoRA.

4.3 Graph Structural Encoding
Parallel to the LLM input processing, we generate
high-order structural signals. Given the user-item
subgraph and the shared embeddings E, the graph
encoder performs message passing across L lay-
ers. Following the MPNN paradigm (Section 3.2),
the structural representation for node n evolves by
aggregating messages from neighbors Nn:

e(k+1)
n = ψ

(
e(k)n ,AGG

v∈Nn

(
ϕ(e(k)v , e(k)n )

))
. (6)

After L layers, we obtain the structure-enhanced
representation e

(L)
n ∈ Rdemb .

Bottleneck Alignment. Typically, demb is much
larger than the LoRA intrinsic rank (r). To align
these spaces, we employ a bottleneck projection
Wneck ∈ Rr×demb :

zn = Wnecke
(L)
n , zn ∈ Rr, (7)

where zn represents the compressed, task-specific
structural signal ready for injection.

4.4 Structure-Aware Parameter Injection
Finally, we describe how the graph signal zn is
injected into the processing of xt. We adopt a
sparse single-layer injection strategy targeting a
specific layer l∗.

Recall that standard LoRA computes the up-
date as α

rBAx. We intervene in the low-rank
latent space between the down-projection A and
up-projection B. For a collaborative token xt at
position t (i.e., (b, t) ∈ S), where the associated
node is n = π(b, t) (user or item), the injection
flow is:
1. Semantic Compression: The input state xt is
compressed by matrix A to obtain the semantic

intermediate representation hsem:

hsem = Axt, hsem ∈ Rr. (8)

2. Structural Fusion: We fuse the graph signal
zn with the semantic signal hsem to produce the
structure-enhanced latent state hlatent:

hlatent = λlorahsem + λgnnzn, (9)

where λlora, λgnn are balancing coefficients.
3. Manifold Projection: The fused signal is pro-
jected back to the LLM space by the up-projection
matrix B to yield the structure-aware update, pro-
ducing the final hidden state h:

∆xt = Bhlatent, h = W0xt +
α

r
∆xt. (10)

This formulation ensures that the graph structural
signal explicitly guides the gradient updates.

For non-collaborative tokens ((b, t) /∈ S), the
structural pathway is inactive (i.e., zn is omitted),
and the model follows the standard LoRA compu-
tation. Crucially, the GNN parameters and Wneck

are jointly optimized with the LLM. During back-
propagation, gradients flow through B → zn →
Wneck → GNN, ensuring that zn evolves into a
semantically aligned structural bias that directly
complements the reasoning over xt.

4.5 Complexity Analysis
Parameter Efficiency. GraphLoRA attains struc-
ture awareness with minimal parameter overhead
(e.g., ∼ 1.67% over the LoRA-only baseline) via
Bottleneck Alignment and Sparse Injection. Un-
like input alignment requiring the full hidden space
dmodel, GraphLoRA projects signals into the bot-
tleneck r. This reduces projection complexity from
O(dmodel × demb) to O(r × demb), avoiding high-
dimensional redundancy. Moreover, aligning struc-
ture with the task-relevant low-rank subspace pre-
serves high information density and enables more
effective joint optimization with LoRA parame-
ters. Together, these designs keep GraphLoRA
lightweight while ensuring faithful and effective
structural injection.

Computational Overhead. The graph message
passing is performed on sampled subgraphs, yield-
ing linear complexity O(|Esub|). Structural embed-
dings are computed once per batch and injected
into the target layer, decoupling structural encod-
ing from the LLM’s depth. As a result, GraphLoRA
introduces only minimal training overhead while
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Dataset Train Valid Test #Users #Items

ML-1M 33,891 10,401 7,331 839 3,256
Amazon-Book 727,468 25,747 25,747 22,967 34,154

Table 2: Statistics of the processed datasets.

maintaining an effective trade-off between struc-
tural reasoning performance and computational effi-
ciency, which is empirically validated in Section 5.

5 Experiments

In this section, we evaluate the effectiveness, effi-
ciency, and generalization of GraphLoRA.

5.1 Experimental Setup

Datasets. We conduct experiments on two stan-
dard benchmarks widely used in recommendation
research: ML-1M* (Harper and Konstan, 2015)
and Amazon-Book† (He and McAuley, 2016). To
ensure a fair comparison with baseline methods,
we strictly follow the data preprocessing protocols
established in CoRA (Liu et al., 2025b). The de-
tailed statistics of the processed datasets are listed
in Table 2.

Evaluation Metrics. To comprehensively assess
the recommendation performance, we adopt two
widely recognized metrics: AUC (Area Under the
ROC Curve) and UAUC (User-averaged AUC) (Liu
et al., 2021). AUC evaluates the global ranking
capability of the model across all samples, while
UAUC calculates the AUC for each user individu-
ally and reports the average.

Implementation Details. We employ Vicuna-
7B (Chiang et al., 2023) as the backbone LLM for
our main experiments. The collaborative encoder
uses MF (d = 256) and a 3-layer NGCF (Wang
et al., 2019) to capture structural signals. To bal-
ance high-fidelity collaborative signals with ex-
treme parameter efficiency, we adopt a first-order
(1-hop) neighbor sampling strategy for direct GNN
aggregation. We set the LoRA rank to r = 8
and adapt the query (q) and value (v) projections.
GraphLoRA adopts a sparse single-layer injection
strategy. Based on validation tuning, we inject
structural signals into the 31st layer for ML-1M and
the 15th layer for Amazon-Book, with λlora = 1.0
and λgnn = 0.1.

*https://grouplens.org/datasets/movielens/1m/
†https://jmcauley.ucsd.edu/data/amazon/index_

2014.html

All experiments are conducted on 4 NVIDIA
RTX 3090 (24GB) GPUs. We train end-to-end
with BCE loss, using AdamW (for the LLM) and
Adam (for the GNN). We grid-search learning
rates in {5e−4, 1e−4, 5e−5} and weight decay in
{1e−3, 1e−4}. Unless otherwise specified, we use
a global batch size of 8, learning rate 1e−4, cosine
scheduling with warm-up, and maximum sequence
length 1024.

Baselines. We compare GraphLoRA with base-
lines from four paradigms: (1) Conventional Col-
laborative Filtering: MF (Koren et al., 2009),
NGCF (Wang et al., 2019), LightGCN (He et al.,
2020), and SASRec (Kang and McAuley, 2018).
(2) LLM-based Recommendation: ICL (Dai
et al., 2023), Prompt4NR (Zhang and Wang, 2023),
and TALLRec (Bao et al., 2023). (3) Input-
Space Alignment: PersonPrompt (Li et al., 2023),
CoLLM (Zhang et al., 2025), and BinLLM (Zhang
et al., 2024). (4) Parameter-Space Alignment:
CoRA (Liu et al., 2025b), including CoRA-MF,
CoRA-LightGCN, and CoRA-SAS.

Baseline configurations. We follow the de-
fault settings in the original papers and/or official
implementations, and tune the remaining hyper-
parameters based on validation AUC. Adapter con-
figurations are kept as in the original methods
(e.g., CoRA uses r = 16 on {q, k, v, o}, while
CoLLM/TALLRec/BinLLM use r=8 on {q, v}),
and we report them in tables for transparency.

5.2 Performance Comparison

We compare GraphLoRA with representative base-
lines on ML-1M and Amazon-Book. Table 3 re-
ports overall results, and Figure 3 further decom-
poses performance under warm/cold start regimes.

Overall Results. GraphLoRA consistently
achieves the best performance across both
datasets and all evaluation metrics. Compared
with strong input-space alignment baselines, it
delivers substantial gains, indicating that injecting
collaborative signals directly into the parameter
space enables tighter integration between structural
information and prompt-conditioned semantics
than shallow input augmentation.

Comparison with Parameter-Space Alignment.
We compare GraphLoRA with the parameter-space
alignment baseline CoRA. While CoRA injects
high-capacity adaptations across all Transformer
layers, GraphLoRA uses a sparse, targeted injec-
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Dataset ML-1M Amazon-Book

Methods (Settings) AUC UAUC AUC UAUC

Collab.
MF 0.6486 0.6396 0.7105 0.5543
LightGCN 0.5858 0.6512 0.7026 0.5619
NGCF 0.6248 0.5991 0.7091 0.5411
SASRec 0.7005 0.6734 0.6675 0.5614

LLMRec
ICL 0.5119 0.5178 0.5180 0.5043
Prompt4NR 0.7027 0.6713 0.6527 0.5011
TALLRec 0.7044 0.6741 0.6583 0.4971

Input-Space

PersonPrompt 0.7014 0.6503 0.7113 0.5596
CoLLM-MF (r = 8, {q, v}) 0.7028 0.6714 0.8021 0.5782
CoLLM-LightGCN (r = 8, {q, v}) 0.7164 0.6842 0.7835 0.5663
CoLLM-SAS (r = 8, {q, v}) 0.7059 0.6531 0.7538 0.5874
BinLLM (r = 8, {q, v}) 0.7132 0.6815 0.8157 0.5724

Param-Space
CoRA-MF (r = 16, {q, k, v, o}) 0.7361 0.6884 0.8179 0.6262
CoRA-LightGCN (r = 16, {q, k, v, o}) 0.7128 0.6966 0.7886 0.5689
CoRA-SAS (r = 16, {q, k, v, o}) 0.7019 0.6517 0.7677 0.5961

Ours GraphLoRA (r = 8, {q, v}) 0.7472 0.7102 0.8205 0.6303

Table 3: Performance comparison with state-of-the-arts. The best results are highlighted in bold, and the second-best
results are underlined. Parameter configurations are reported for transparency. Notably, the baselines employ their
optimal reported settings (e.g., r = 16, {q, k, v, o} for CoRA), whereas GraphLoRA achieves SOTA performance
under a strict, parameter-efficient constraint (r = 8, {q, v}).
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Figure 3: Warm/cold evaluation on Amazon-Book and
ML-1M. The left and right y-axes correspond to AUC
and UAUC, respectively.

tion with a small rank(e.g., r=8) at a single-layer.
Despite this compact design, GraphLoRA achieves
comparable or better performance, highlighting a
more favorable performance–efficiency trade-off.

Warm and Cold Start Analysis. We split the
test set into warm and cold subsets based on user
interaction frequency (Figure 3). In warm-start,
GraphLoRA achieves performance comparable to
the strongest baseline, whereas in the cold-start
scenario, it exhibits a more pronounced advantage.
This observation aligns with our design intuition:

the jointly optimized graph encoder aggregates
neighborhood context, providing informative struc-
tural signals that help alleviate data sparsity for
users with limited interaction histories.

Matched-Budget Fairness and Top-K Ranking.
To further validate that GraphLoRA’s superiority
stems from its structure-aware injection mechanism
rather than parameter configuration advantages, we
re-evaluate the strongest baseline, CoRA-MF, un-
der the exact same constrained parameter budget
as GraphLoRA (r = 8, {q, v}). Furthermore, to
provide a comprehensive evaluation beyond binary
prediction, we introduce NDCG@10 to assess top-
K ranking performance.

As shown in Table 4, when the parameter budget
is strictly restricted, the baseline CoRA-MF experi-
ences a severe "perception collapse" (e.g., UAUC
dropping to 0.4995 on Amazon-Book). In contrast,
GraphLoRA remains highly effective under identi-
cal low-rank constraints. Moreover, GraphLoRA
consistently achieves superior NDCG@10 scores,
demonstrating its ability to robustly internalize
collaborative topology and translate it into high-
quality top-list recommendations without relying
on parameter inflation.

5.3 Ablation and Efficiency Analysis

Training Strategy and Components. We exam-
ine progressive settings motivated by the two roles
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Dataset Metric
CoRA-MF

(r = 8, {q, v})
GraphLoRA (Ours)

(r = 8, {q, v})

ML-1M
AUC 0.7227 0.7472
UAUC 0.6794 0.7102
NDCG@10 0.7636 0.7847

Amazon-Book
AUC 0.7562 0.8205
UAUC 0.4995 0.6303
NDCG@10 0.6990 0.7067

Table 4: Matched-budget comparison and Top-K rank-
ing performance. Both methods are evaluated under
identical parameter constraints (r = 8 on {q, v}).

Method Settings ML-1M Amazon-Book

AUC UAUC AUC UAUC

(A) Training Strategy & Components

1. LoRA-only(Frozen MF) 0.6981 0.6548 0.8012 0.6026
2. LoRA-only(Trainable MF) 0.7178 0.6952 0.8136 0.6153
3. GraphLoRA (Ours) 0.7472 0.7102 0.8205 0.6303

(B) Graph Encoder Variants

GraphLoRA (GCN) 0.7417 0.6934 0.8168 0.6277
GraphLoRA (LightGCN) 0.7382 0.7034 0.8132 0.6170
GraphLoRA (NGCF) 0.7472 0.7102 0.8205 0.6303

Table 5: Ablation of (A) training strategy/components
and (B) graph encoder variants on ML-1M and Amazon-
Book (AUC/UAUC).

of MF in GraphLoRA: it anchors user/item iden-
tities in the prompt (via input projection) and pro-
vides initial states for graph aggregation. Specifi-
cally, (1) LoRA-only (Frozen MF) freezes MF em-
beddings and disables the graph-injection path;
(2) LoRA-only (Trainable MF) jointly optimizes
MF with the LLM, and uses the injection path
without graph aggregation (identity mapping); (3)
GraphLoRA is the full model with a graph encoder
integrated into the LoRA bottleneck. As shown in
Table 5(A), freezing MF yields the weakest perfor-
mance. Making MF trainable improves the results,
indicating that updating collaborative representa-
tions under the recommendation objective is ben-
eficial. Building on this stronger starting point,
the full GraphLoRA further boosts performance
by enabling topology-aware aggregation and inject-
ing the refined structural signal inside the LoRA
bottleneck.

Graph Encoder Variants. We vary the graph
encoder inside the same injection mechanism (Ta-
ble 5(B)). Among GCN, LightGCN, and NGCF,
NGCF achieves the best results in our setting, sug-
gesting that richer interaction modeling can be ben-
eficial for producing the injected structural signal.

Method Params Tr. Inf. AUC UAUC

(A) Baselines & Overall
LoRA-only
(r = 8, {q, v}) 1.000 1.000 1.000 0.7178 0.6952
CoRA-MF
(r = 16, {q, k, v, o})7.635 1.086 1.009 0.7361 0.6884
GraphLoRA (Ours)
(r = 8, {q, v}) 1.017 1.029 1.014 0.7472 0.7102

(B) Injection Position Ablation
Pre-A
(GNN before A) 5.224 1.058 1.033 0.7333 0.6941
Middle (Ours)
(A → GNN → B) 1.017 1.029 1.014 0.7472 0.7102

Table 6: Efficiency and injection-position analysis on
ML-1M. Params/Tr./Inf. are overhead ratios (Base =
1.00) for trainable parameters, training time, and infer-
ence time, respectively.

0 3 6 9 12 15 18 21 24 27 31
GNN Insertion Layer Index

0.68

0.70

0.72

0.74

AU
C

Figure 4: Effect of the GNN insertion layer on ML-1M
(validation AUC).

Efficiency and Injection Position. Table 6
reports overheads normalized by the LoRA-
only baseline (with trainable MF). GraphLoRA
achieves superior performance with negligible
costs (1.017× parameters, ∼ 1% latency), signifi-
cantly outperforming the heavy-budget CoRA-MF
(7.635×). Regarding injection position, the Pre-
A strategy operates in the high-dimensional space
(dmodel), causing parameter explosion (5.224×).
In contrast, our Middle strategy targets the low-
rank bottleneck (r ≪ dmodel). This design offers
a highly efficient structure-aware alternative: by
fusing signals within the task-specific bottleneck, it
enables the graph topology to guide semantic adap-
tation compactly, fostering deep structure–semantic
synergy within a constrained manifold.

Injection Layer Depth. We study how injection
depth affects GraphLoRA by inserting the GNN
module at different Transformer layers. On ML-
1M, we sweep the insertion layer index and report
validation AUC (Figure 4). Deeper-layer injection
is generally more effective, with the best perfor-
mance observed near the top layers (e.g., layer

13215



Few-shot SASRec GRU-BERT TALLRec GraphLoRA

16 49.48 50.07 56.36 60.90
64 50.06 49.64 60.39 61.08

256 50.20 49.79 64.38 67.90

Table 7: Few-shot AUC on Book-Crossing under the
TALLRec evaluation protocol

31 for ML-1M and layer 15 for Amazon-Book).
This is consistent with recent interpretability re-
search (Jin et al., 2025; Skean et al., 2024), which
demonstrates that LLMs process information hi-
erarchically: shallower layers primarily handle
surface-level syntax, while deeper intermediate lay-
ers encode more abstract, task-relevant semantics
optimal for aligning topology-aware collaborative
signals.

5.4 Generalization Analysis

Few-Shot Performance and Backbone Robust-
ness. To verify GraphLoRA robustness and gen-
eralization across architectures, we adopt the few-
shot protocol from TALLRec (Bao et al., 2023)
and switch the backbone from Vicuna to LLaMA-
7B. Experiments are conducted on the Book-
Crossing (Ziegler, 2005) dataset with 16, 64, and
256 training samples. As shown in Table 7,
GraphLoRA consistently outperforms baselines
across all regimes. This confirms that our topology-
aware injection is not backbone-specific and ef-
fectively complements LLM reasoning even when
explicit supervision is scarce.

6 Conclusion

In this study, we present GraphLoRA, a structure-
aware framework that bridges collaborative signals
and textual semantics within LLM. By embedding
a graph message-passing module into the LoRA
adaptation pathway, GraphLoRA generalizes tradi-
tional low-rank adaptation to structure-aware prop-
agation, enabling joint reasoning over graph topol-
ogy and textual semantics. Through unified opti-
mization, it distills neighborhood-aware structural
signals without disrupting linguistic competence.
Extensive experiments across multiple datasets and
evaluation settings demonstrate the effectiveness
and efficiency of GraphLoRA, highlighting the po-
tential of structure-aware parameter adaptation for
future LLM-based recommendation research.

7 Limitations

This work provides an initial step towards structure-
aware parameter-efficient adaptation for LLM-
based recommendation. There remain several di-
rections that are not fully explored in this paper.
First, while we evaluate on representative bench-
marks and backbones, validating GraphLoRA on a
broader range of LLMs, domains, and recommen-
dation tasks would further strengthen the generality
of our conclusions. Second, our current study fo-
cuses on a targeted injection design; more system-
atic analysis of architectural choices (e.g., injection
depth and module variants) across settings is left for
future work. Finally, incorporating additional eval-
uation dimensions (e.g., robustness under different
data distributions or efficiency under larger-scale
deployments) would provide a more comprehen-
sive understanding of the method’s behavior.
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focuses on structural alignment, LLM-based rec-
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“Green AI.” By freezing the LLM backbone and
tuning only a minimal parameter set, our approach
significantly reduces energy consumption and car-
bon footprint compared to full-model fine-tuning,
supporting sustainable research.
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