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Abstract

Cold-start item recommendation remains chal-
lenging as new items lack interaction signals
beyond textual descriptions. Existing methods
either fine-tune large language models (LLMs)
on descriptions or map item content into col-
laborative spaces learned from user-warm item
interactions. However, text-only prompts strug-
gle to capture higher-order graph structures,
while distributional differences between behav-
ior and content embeddings weaken alignment
based solely on predicted probabilities. To ad-
dress these issues, we propose Graph Struc-
ture Serialization for Embedding Alignment
(GraphSEA), an LLM-based framework in-
spired by the observation that graphs contain se-
quential structures similar to language and can
be serialized as inputs for LLMs. GraphSEA
first serializes interaction graphs into structured
token sequences for an LLM to learn behavior
embeddings that encode collaborative patterns,
while the LLM separately generates content
embeddings from item descriptions. An em-
bedding alignment module then aligns behavior
and content embeddings across multiple facets,
including interaction probability, preference
order, and item distinction. Extensive exper-
iments demonstrate that GraphSEA improves
recommendation performance across warm and
cold recommendation tasks, while achieving
higher efficiency than LLM-based methods.

1 Introduction

In real-world recommender systems, a large num-
ber of newly listed products are introduced to plat-
forms every day (Luo et al., 2025; Zhang et al.,
2025b). Cold-start item recommendation refers to
the task of effectively recommending these items,
which is crucial for ensuring both the quality and
freshness of recommendation systems (Zhang et al.,
2025b; Sethi and Mehrotra, 2021). While cold
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Figure 1: Comparison between (a) Existing Paradigm
and (b) Our GraphSEA. Unlike existing methods that
only leverage first-order interactions through textual
prompts, GraphSEA transforms the graph into token se-
quences to model higher-order interactions while learn-
ing content information from textual descriptions.

items lack user interactions, the rich collaborative
information from user-warm item interactions pro-
vides valuable guidance for cold item recommen-
dation (Wang et al., 2024c).

Traditional approaches (Xu et al., 2022; Shi et al.,
2019) address this problem by learning a mapping
function. They first generate content embeddings
from item features, e.g., textual descriptions, and
then map content embeddings into the behavior em-
bedding space learned from warm items with inter-
actions (Chae et al., 2019; Sun et al., 2020). How-
ever, these methods are often constrained by the
limited reasoning capacity of their mapping mod-
ules. Recent methods (Liu et al., 2026; Wang et al.,
2024a) leverage large language models (LLMs) to
model user-item interactions. ColdLLM (Huang
et al., 2025) fine-tunes LLMs to extract behav-
ior embeddings from user-interacted item descrip-
tions, which are then concatenated with content
embeddings to predict user-item interactions. Fil-
terLLM (Liu et al., 2025) first extends the LLM
vocabulary with user behavior and then maximizes
the mutual information between behavior and con-
tent embeddings via extensive training.
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Figure 2: Visualization of Content Embeddings and
Behavior Embeddings on Two Datasets. Content em-
beddings are derived from textual descriptions, while
behavior embeddings emerge from collaborative inter-
actions, showing clear distributional divergence.

Despite these advances, existing LLM-based
methods still face two major issues: (i) Input con-
straints of LLMs. As shown in Figure 1, existing
methods mainly rely on textual prompts and thus
capture only first-order interactions, overlooking
higher-order graph structures that encode richer
behavioral similarities. Moreover, converting com-
plex user-item interactions into plain text sequences
may lose critical topological information (Liu et al.,
2023a). (ii) Distributional difference in embed-
ding alignment. Existing methods primarily align
the interaction probabilities predicted by content
and behavior embeddings. However, behavior em-
beddings are learned from historical interactions,
whereas cold-item content embeddings are derived
from textual descriptions, making them difficult
to align in a unified space (Li and Kong, 2025;
Zhu et al., 2026). As shown in Figure 2, behavior
embeddings form compact clusters, while content
embeddings are more scattered due to the diverse
and noisy nature of textual descriptions.

These limitations suggest that cold-start recom-
mendation requires a representation form that en-
codes collaborative graph structures for LLMs. Al-
though graphs are not natural language (Feng et al.,
2026; Zhang et al., 2025a), user-item interaction
graphs naturally contain sequential structures sim-
ilar to language: connected users and items form
paths, and these paths can be organized as token
sequences. Through structure serialization, the col-
laborative signals hidden in graphs can be exposed
to LLMs as structured inputs. Moreover, deriving
both behavior embeddings from serialized graph
structures and content embeddings from item de-
scriptions with LLMs can make the two representa-
tions more compatible, thereby facilitating embed-
ding alignment. Motivated by these insights, we
propose GraphSEA, an LLM-based framework for

cold-start item recommendation.
GraphSEA first introduces an LLM-based em-

bedding generation module that serializes user-item
interaction graphs into structured token sequences.
This graph structure serialization preserves the con-
nectivity between users and items, enabling LLMs
to model complex topological structures and higher-
order interactions through fine-tuning. In this mod-
ule, we also leverage pre-trained LLMs to generate
content embeddings from item descriptions. Fi-
nally, we design an embedding alignment module
that compares behavior and content embedding dis-
tributions and aligns them through three facets: in-
teraction probability, preference order, and item
distinction. Our main contributions are as follows:

• We propose GraphSEA, a novel LLM-based
framework for cold-start item recommen-
dation via graph structure serialization and
behavior-content embedding alignment.

• We introduce a graph structure serialization
that converts interaction graphs into structured
token sequences, capturing rich collaborative
information essential for cold item learning.

• We design a cold embedding alignment mod-
ule that aligns behavior and content embed-
ding distributions by considering three facets.

• Extensive experiments on two datasets demon-
strate that GraphSEA achieves significant im-
provements in effectiveness and efficiency.

2 Related Work

Cold-Start Recommendation. The Cold-Start
Problem refers to the challenge of providing rec-
ommendations when no historical interaction data
is available (Jangid and Kumar, 2025; Li et al.,
2025; Chen et al., 2026). While this challenge ap-
pears in various scenarios (Fu et al., 2019; Wang
et al., 2020; Van den Oord et al., 2013), it is most
commonly encountered in cold items (Bai et al.,
2023; Wei et al., 2017). Traditional methods can be
broadly divided into two categories. Dropout-based
models (Volkovs et al., 2017; Du et al., 2020) intro-
duce the absence or substitution of behavior embed-
dings during training, allowing the model to effec-
tively learn embeddings for cold items under lim-
ited collaborative information. Generative-based
models (Pan et al., 2019; Zhu et al., 2021b; Chang
et al., 2026) learn the mapping between content
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Figure 3: The framework of GraphSEA. (i) LLM-Based Embedding Generation (left) transforms the user-item
interaction graph into structured token sequences to generate behavior embeddings, while leveraging LLMs to
generate content embeddings from textual descriptions; (ii) Cold Embedding Alignment (right) aligns behavior and
content embeddings through multiple facets, including interaction probability, preference order, and item distinction.

embeddings derived from cold item descriptions
and behavior embeddings based on warm items.
LLMs for recommendation. The integration of
LLMs into recommender systems has emerged
as a transformative paradigm (Zhang et al., 2024;
Chang et al., 2024). Addressing the specific chal-
lenges of cold-start scenarios, researchers have de-
veloped targeted approaches that leverage LLMs’
sophisticated reasoning capabilities (Sakurai et al.,
2025; Rong et al., 2024; Uruqi et al., 2025). Wang
et al. (Wang et al., 2024a) utilize LLMs as data aug-
menters to bridge knowledge gaps for cold items by
inferring user preferences based on textual descrip-
tions of behaviors and items. ColdLLM (Huang
et al., 2025) introduces an LLM simulator frame-
work that simulates user interactions for cold items
while managing computational complexity through
a coupled funnel approach that filters billions of
users to hundreds for efficient LLM processing.
FilterLLM (Liu et al., 2025) proposes a “Text-
to-Distribution” paradigm that predicts interac-
tion probability distributions for entire user sets
in a single inference, incorporating efficient user-
vocabulary structures for billion-scale deployment.

3 Preliminaries

Notations. Let U = {u1, . . . , uN} denote the set
of N users and I = {i1, . . . , iM} denote the set of
M items, where I is partitioned into warm items
Iw = {i1, . . . , iK}, which have interaction history,
and cold items Ic = {iK+1, . . . , iM}, which have
no interaction history. The user-item interaction

graph is represented as G = (V, E ,D), where V =
U ∪ Iw denotes the node set consisting of the user
set U and the warm-item set Iw, E represents the
interactions between users and warm items, and D
contains the textual descriptions used for content
embedding, including descriptions for all items in
I . The interaction information can also be encoded
as a matrix R ∈ RN×K , where |R| is the total
number of interactions. Each element rui ∈ R
indicates the existence of an interaction between
user u and warm item i.
Problem Definition. In this paper, we focus on
the cold item recommendation task based on col-
laborative filtering, aiming to predict the prefer-
ence score ŷui of user u ∈ U for item i ∈ I.
Traditional methods learn user preferences from
historical interaction data by decomposing the user-
item interaction matrix R ∈ RN×K to obtain user
embeddings E(B)

U ∈ RN×d and item embeddings
E

(B)
Iw

∈ RK×d, where d is the embedding dimen-
sion. For all items i ∈ I, their textual descrip-
tions are utilized to construct content embeddings
E

(C)
I ∈ RM×d. The prediction score is defined as:

ŷui = f
(
E

(B)
U , E

(B)
Iw

, E
(C)
I

)
, (1)

where f (·) generates user-item interaction proba-
bility based on the input embeddings.

4 Methodology

In this section, we propose a novel framework
called GraphSEA. As shown in Figure 3, Graph-
SEA consists of two modules: (i) LLM-Based
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Embedding Generation: Use LLMs to generate
behavior embeddings based on interaction data and
content embeddings from textual descriptions. Be-
havior embeddings are derived through a graph
structure serialization that encodes user-item in-
teraction graphs as sequential tokens, preserving
node relationships and higher-order interactions.
Content embeddings are generated by utilizing pre-
trained LLMs to process item descriptions and ex-
tract meaningful representations. (ii) Cold Embed-
ding Alignment: A customized alignment learn-
ing mechanism aligns behavior and content em-
beddings in multiple facets, including interaction
probability, preference order, and item distinction,
through tailored loss functions. The whole process
of our GraphSEA can be seen in Appendix A.1.1.

4.1 LLM-Based Embedding Generation
Behavior Embedding Construction. To enable
the LLM to understand the structural information
within the user-item graph, we design a graph struc-
ture serialization where each node is represented as
a token, and connecting paths between nodes are
transformed into token sequences. We employ a
random walk strategy to sample paths on the graph
G = (V, E ,D). Specifically, given the current node
vi ∈ V with neighbor set Γ (vi), the probability P
of selecting the next node vi+1 is:

P (vi+1|vi) =
1

|Γ (vi) |
. (2)

This sampling process generates a structured
sequence corpus S = {s1, . . . , sk} that encodes
collaborative information. For instance, in Fig-
ure 3, u1 is represented as a token, and the path
si = {u1, i4, u4, i2} forms a sequence. Since the
empirical transition probabilities estimated from
sampled walks converge to the true graph transi-
tion probabilities as the number of walks increases,
graph structure serialization can retain high-order
behavioral relationships in the user-item interac-
tion graph. The formal statement and proof are
provided in Appendix A.1.2.

Based on the generated graph corpus, we fine-
tune the LLM by maximizing the likelihood of
next token prediction over the sequence corpus.
Formally, the fine-tuning objective is defined as:

Lpre = −
|S|∑

i=1

|si|∑

j=1

logP (si,j | si,<j) , (3)

where si,j represents the j-th token of the i-th
sequence, si,<j represents its preceding context.

Through this objective, the LLM learns to encode
the collaborative information that is inherently em-
bedded within the sequences.

After fine-tuning, the hidden representations
from the fine-tuned model are aggregated to gen-
erate behavior embeddings. Specifically, for each
serialized graph sequence si = (si,1, . . . , si,|si|),
we obtain the final-layer hidden states:

Hi = LLMθ(si) = [hi,1,hi,2, . . . ,hi,|si|], (4)

where hi,j denotes the hidden representation at
the j-th position of sequence si. Under the causal
attention mask, hi,j is computed from the prefix
{si,1, . . . , si,j}, thereby encoding both the current
token and its preceding structural context.

To comprehensively encode higher-order collab-
orative information, we aggregate the contextual-
ized representations of each token over the entire
serialized corpus:

hv =
∑

si∈S

|si|∑

j=1

I(si,j = v)hi,j , (5)

where I(·) is an indicator function that equals 1
if the condition holds and 0 otherwise. This ag-
gregation collects all contextualized occurrences
of token v in the corpus S. Therefore, the behav-
ior embeddings of users and warm items can be
expressed as:

E
(B)
U = {hv | v ∈ U} , E(B)

Iw
= {hv | v ∈ Iw} . (6)

Content Embedding Generation. Traditional
word embedding methods (Johnson et al., 2024;
Qiu et al., 2024) are limited by their model capacity
and struggle to capture deep semantic relationships
in textual data. Thus, we employ LLMs to generate
high-quality content embeddings through designed
prompt templates.

As illustrated in Figure 3, we convert struc-
tured user and item information into natural lan-
guage descriptions using domain-specific prompts.
This approach creates a unified textual format
for LLM processing, resulting in a corpus D =
{Tu1 , . . . , TuN , Ti1 , . . . , TiM } that encapsulates
structured representations of users and items. We
then perform domain-adaptive fine-tuning on this
corpus to enable the pre-trained LLM to acquire
deep understanding of recommendation-specific
semantic information and domain knowledge.

Following this fine-tuning phase, the adapted
model generates dense embeddings by aggregating
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the token-level hidden states from the final Trans-
former layer using mean pooling. Specifically, the
representation of each prompt is computed as the
arithmetic mean of its constituent hidden states:

hk =
1

|xk|

|xk|∑

t=1

hk,t, (7)

where hk,t ∈ Rd denotes the d-dimensional hidden
state at position t in sequence k. Therefore, user
and item content embeddings are expressed as:

E
(C)
U = {hk|k ∈ U} , E(C)

I = {hk|k ∈ I} . (8)

The resulting representations encode local seman-
tic details via hidden states and capture global rela-
tional patterns through mean aggregation.

4.2 Cold Embedding Alignment
Concatenation and Masking. We concatenate be-
havior embeddings and content embeddings along
the feature dimension, which can be formulated as:

EU = E
(B)
U ⊕ E

(C)
U , EIw = E

(B)
Iw

⊕ E
(C)
Iw

, (9)

where EU and EIw denote the concatenated em-
beddings of users and warm items, respectively.
Compared to more complex feature fusion meth-
ods, such as attention mechanisms (Vaswani et al.,
2017), this simple concatenation operation offers
extremely high computational efficiency.

To simulate the cold item scenario in recom-
mender systems, we propose an innovative random
masking strategy that constructs cold item scenar-
ios by selectively masking a portion of the behavior
embeddings. This process can be formulated as:

E
(B̄)
Iw

= Mij ⊙ E
(B)
Iw

, (10)

where ⊙ denotes the Hadamard product. Each
mask variable Mi follows a Bernoulli distribution
with parameter (1 − r) and is replicated across
dimensions j ∈ 1, 2, . . . , d to form Mij . When
Mi = 1, the corresponding embedding vector (row
i of E(B)

Iw
) is retained; when Mi = 0, it is masked.

After the masking operation, the resulting con-
catenated embeddings of items are expressed as:

EĪw = E
(B̄)
Iw

⊕ E
(C)
Iw

. (11)

It is worth emphasizing that the masking opera-
tion is dynamically applied to warm items during
training. Specifically, for each warm item, whether

to apply masking is randomly determined in each
training batch, preventing the model from overfit-
ting to specific instances and improving its gener-
alization and robustness. For cold items Ic, be-
havior embeddings E(B)Ic are not constructed and
are therefore treated as fully masked, while only
the corresponding content embeddings E

(C)
Ic

are
retained for representation learning.
Alignment Objectives. In the alignment process,
we design several alignment objectives to guide
the model in learning effective representations of
cold items from behavior embeddings by compar-
ing differences between behavior embeddings and
concatenated embeddings.

Firstly, we employ a Score Reconstruction Loss
based on mean squared error (MSE) to directly
measure the difference between the predicted
scores and the target scores. This loss encourages
the predicted scores to closely approximate the
target interactions, providing a stable numerical
foundation for subsequent optimization. The loss
function is defined as follows:

Lrec =
1

|N |

|N |∑

i=1

(rt − rp)
2 , (12)

where N denotes the set of training instances used
to compute the corresponding loss in the current
batch, rt = E

(B)
U · E(B)

Iw
is the target score de-

rived from behavior embeddings of user-warm item
interactions, and rp = fU (EU ) · fI(EĪw) is the
predicted score derived from concatenated embed-
dings. Here, fU (·) and fI(·) are the mapping func-
tions for user and item embeddings, respectively.

Secondly, we propose a Preference Gap Loss
to align the preference gap between positive and
negative samples in the target and predicted score
spaces. By comparing the score differences be-
tween positive and negative samples, the model
learns to preserve the essential relative preference
structure, rather than merely matching absolute
score values. This design is particularly suitable
for recommendation scenarios, where users usually
care more about the relative order of items than
their absolute scores. Specifically, the Preference
Gap Loss is defined as follows:

Lgap = − 1
|N |

|N |∑

i=1

(g
(i)
t ln g(i)p + (1− g

(i)
t ) ln(1− g(i)p )),

(13)
where gt = σ (rt,+ − rt,−) denotes the sigmoid-
normalized gap between positive and negative tar-
get scores, and gp = σ (rp,+ − rp,−) denotes the
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sigmoid-normalized gap between positive and neg-
ative predicted scores.

Finally, the Discriminative Consistency Loss
maintains the discriminative structure of the embed-
ding space by comparing the semantic relationships
between positive and negative samples. This loss
ensures that, even when concatenated embeddings
are masked, the semantic distances between posi-
tive and negative samples remain reasonably dis-
tributed, thereby preserving their distinction. The
loss function is defined as:

Ldisc = − 1
|N |

|N |∑

i=1

(d
(i)
t ln d(i)p + (1− d

(i)
t ) ln(1− d(i)p )),

(14)
where dt and dp represent sigmoid-normalized dif-
ferences between positive and negative embeddings
in the target and predicted spaces, respectively. For-
mally, they are defined as:

dt = σ
(
(E

(B)
I,+)

T · (E(B)
I,+ − E

(B)
I,−)

)
,

dp = σ
(
(EĪ,+)

T · (EĪ,+ − EĪ,−)
)
.

(15)

To balance different optimization objectives, we
introduce two manually adjustable weight param-
eters to control the contribution of each auxiliary
loss. The overall loss function is defined as:

Ltotal = Lrec + α · Lgap + β · Ldisc, (16)

where α controls the contribution of Lgap and β
controls the strength of Ldisc. This weighted strat-
egy enables the model to balance multiple objec-
tives, maintaining accuracy while preserving the
preference gap and discriminative consistency.

5 Experiments

In this section, we present a comprehensive evalu-
ation of our proposed method using two datasets,
aiming to address the following research questions.
RQ1: Does GraphSEA outperform contemporary
state-of-the-art cold-start recommendation mod-
els in both warm-item and cold-item scenarios?
RQ2: How does GraphSEA perform in terms of ef-
ficiency compared to other LLM-based baselines?
RQ3: How do different design choices affect the
performance of GraphSEA, particularly regarding
graph serialization and two custom losses in the
alignment module? RQ4: How sensitive is Graph-
SEA to key hyperparameters, including the weight-
ing factors α and β? RQ5: How does the choice of
LLM backbone affect the performance of Graph-
SEA? Additional experiments on sampling lengths,

sampling strategy, masking ratios, and embedding
alignment differences are detailed in Appendix A.3.

5.1 Experiment Setup
Datasets. We conduct experiments on two datasets:
MovieLens-1M (Harper and Konstan, 2015) with
6,040 users and 3,706 movies, and Steam (Sifa
et al., 2015) with 43,727 users and 8,204 games.
Following prior settings, we randomly designate
20% of items as cold items. The remaining 80%
warm items are split into training, validation, and
test sets with a ratio of 8:1:1. More dataset details
are provided in Appendix A.2.1.
Baselines. We compare GraphSEA with represen-
tative baselines from three paradigms: (i) Dropout-
based models: DropoutNet (Volkovs et al., 2017),
MTPR (Du et al., 2020), Heater (Zhu et al., 2020),
and CLCRec (Wei et al., 2021). (ii) Generative-
based models: DeepMusic (Van den Oord et al.,
2013), MetaEmb (Pan et al., 2019), GAR (Chen
et al., 2022), and ALDI (Huang et al., 2023). (iii)
LLM-based models: ColdLLM (Huang et al., 2025)
and FilterLLM (Liu et al., 2025). More details of
the baselines are provided in Appendix A.2.2.
Evaluation Metrics. We evaluate our proposed
method and baselines on both warm and cold sce-
narios, adopting Precision@K and NDCG@K as
primary metrics, where k = 5, 10. Precision@K
evaluates the accuracy of the top-K recommenda-
tion set, while NDCG@K additionally accounts for
ranking positions.
Implementation Setting. In our GraphSEA, the
random walk sampling length is set to 4, and the
masking ratio is fixed at 0.5. To ensure a fair com-
parison, we adopt LLaMA3.2-1B as the base LLM.
Additional details regarding the implementation
settings can be found in Appendix A.2.3.

5.2 Main Comparison (RQ1)
In the performance comparison experiments, we
evaluated our GraphSEA against ten baselines un-
der both warm and cold item scenarios. The exper-
imental results are presented in Table 1.

As shown in the results, our method achieves
the strongest overall performance across the two
datasets and two evaluation scenarios. In partic-
ular, GraphSEA consistently delivers substantial
improvements on cold item tasks, demonstrating its
effectiveness in alleviating the cold-start problem.
The improvement ranges from 0.49% to 9.37% on
warm item tasks, and is even more significant on
cold item tasks, reaching 7.17% to 42.49%. This
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Model ML-1M Steam
PRE@5 PRE@10 NDCG@5 NDCG@10 PRE@5 PRE@10 NDCG@5 NDCG@10

Warm Item Task

DropoutNet 0.2325 0.2130 0.2482 0.2347 0.1610 0.1142 0.3002 0.2993
MTPR 0.2108 0.1861 0.2207 0.2042 0.1610 0.1140 0.2873 0.2890
Heater 0.2369 0.2165 0.2544 0.2402 0.1623 0.1150 0.3015 0.3006

CLCRec 0.2431 0.2215 0.2543 0.2418 0.1477 0.1097 0.2794 0.2954

DeepMusic 0.2382 0.2179 0.2562 0.2427 0.1617 0.1133 0.3013 0.2991
MetaEmb 0.2357 0.2161 0.2551 0.2417 0.1623 0.1141 0.3032 0.2917

GAR 0.2392 0.2143 0.2521 0.2357 0.1590 0.1131 0.2967 0.2960
ALDI 0.2371 0.2179 0.2552 0.2426 0.1616 0.1123 0.3042 0.2973

ColdLLM 0.2088 0.1918 0.2210 0.2129 0.1477 0.1076 0.3063 0.3208
FilterLLM 0.1986 0.1830 0.2105 0.2027 0.1534 0.1131 0.3006 0.3190

Ours 0.2539 0.2229 0.2675 0.2459 0.1775 0.1255 0.3078 0.3067
%Improv. ↑4.44% ↑0.63% ↑4.41% ↑1.32% ↑9.37% ↑9.13% ↑0.49% ↓4.40%

Cold Item Task

DropoutNet 0.0458 0.0493 0.0442 0.0491 0.0144 0.0112 0.0218 0.0221
MTPR 0.0510 0.0494 0.0519 0.0519 0.0078 0.0077 0.0093 0.0118
Heater 0.0654 0.0622 0.0667 0.0666 0.0090 0.0113 0.0101 0.0147

CLCRec 0.0414 0.0377 0.0435 0.0419 0.0159 0.0150 0.0206 0.0258

DeepMusic 0.0783 0.0828 0.0773 0.0836 0.0111 0.0151 0.0138 0.0206
MetaEmb 0.0176 0.0123 0.0225 0.0175 0.0175 0.0164 0.0182 0.0226

GAR 0.0723 0.0772 0.0701 0.0765 0.0024 0.0022 0.0036 0.0040
ALDI 0.0574 0.0491 0.0646 0.0592 0.0130 0.0132 0.0184 0.0228

ColdLLM 0.0867 0.0756 0.0873 0.0766 0.0245 0.0160 0.0233 0.0236
FilterLLM 0.0934 0.0837 0.0928 0.0847 0.0281 0.0204 0.0273 0.0296

Ours 0.1095 0.0897 0.1137 0.1022 0.0357 0.0250 0.0389 0.0398
%Improv. ↑17.24% ↑7.17% ↑22.52% ↑20.66% ↑27.05% ↑22.55% ↑42.49% ↑34.46%

Table 1: Comparison of recommendation performance for different baselines on warm and cold item tasks.
“%Improv.” denotes the relative performance improvement compared to the best existing baseline method. The best
result for each dataset is highlighted in bold, while the second-best result is indicated with an underline.

demonstrates that our method successfully com-
bines the text understanding capabilities of LLMs
with the collaborative filtering advantages of rec-
ommender systems, effectively balancing the per-
formance for both warm and cold items. The larger
gains in cold scenarios further indicate that the
alignment effectively narrows the discrepancy be-
tween warm and cold item representations.

The results also show that LLM-based baselines
achieve better performance than traditional meth-
ods in cold scenarios. For example, on the ML-1M
dataset, FilterLLM achieves a PRE@5 score of
0.0934, exceeding most non-LLM baselines whose
scores mainly fall between 0.04 and 0.07. This
suggests that LLMs can better exploit textual de-
scriptions to compensate for the lack of interac-
tion signals in cold-start recommendation. Nev-
ertheless, GraphSEA further improves upon these
LLM-based baselines, indicating that incorporating
serialized graph structures provides additional col-
laborative information beyond text-only modeling.

Dataset Method Training Time Testing Time Total

ML-1M
ColdLLM 8.70h 0.40min 8.70h
FilterLLM 3.40h 0.47min 3.40h

Ours 1.48h 0.10min 1.48h

Steam
ColdLLM 32.07h 13.43min 32.30h
FilterLLM 10.95h 6.30min 11.05h

Ours 3.43h 0.22min 3.43h

Table 2: Comparison of efficiency across LLM-based
baselines of all datasets in our study. The highest effi-
ciency for each dataset is highlighted in bold.

5.3 Efficiency Comparison (RQ2)

To evaluate the efficiency of GraphSEA, we com-
pare it with two LLM-based baselines. As shown
in Table 2, GraphSEA demonstrates substantially
higher training efficiency than the two baselines.
Specifically, GraphSEA trains 5.9 and 9.4 times
faster than ColdLLM on the ML-1M and Steam
datasets, respectively, and 2.3 and 3.2 times faster
than FilterLLM. This efficiency gain is mainly at-
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Figure 4: Ablation study on key modules of Graph-
SEA under warm and cold tasks. The x-axis represents
PRE@5 and NDCG@5, while the y-axis denotes the
corresponding performance scores on ML-1M.

tributed to our graph structure serialization strategy,
which treats graph nodes directly as tokens and
avoids the complex joint modeling of textual and
interaction information.

GraphSEA also achieves higher inference effi-
ciency. During inference, GraphSEA predicts user-
item scores through dot-product computations be-
tween embeddings. This lightweight calculation
avoids the item-by-item inference process required
by ColdLLM and the complex probability distribu-
tion estimation used by FilterLLM, thereby substan-
tially reducing inference time. This advantage is
important for large-scale recommendation, where
repeated LLM inference over a large candidate set
can incur substantial computational overhead.

5.4 Ablation Study (RQ3)

We conduct an ablation study to examine the contri-
bution of each component in the GraphSEA frame-
work, as shown in Figure 4.

The results show that Graph Structure Serializa-
tion plays a crucial role in the model. Its removal
leads to a significant drop in performance on the
cold item task from 0.1095 to 0.0432. This substan-
tial degradation suggests that textual content alone
is insufficient to recover collaborative preference
signals when direct interactions are unavailable.
By encoding higher-order user-item relations into
structured sequences, Graph Structure Serializa-
tion provides transferable structural cues for repre-
senting cold items. Consequently, it improves the
representation quality for cold item feature align-
ment and substantially enhances the model’s per-
formance on cold item tasks.

In addition to Graph Structure Serialization, the
alignment losses also contribute substantially to
model performance. Removing the Preference Gap
Loss results in a 42.9% performance drop, while re-
moving the Discriminative Consistency Loss leads

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
α

0.245

0.250

0.255

0.260

0.265

0.270

Sc
or
e

0.257

0.270

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
α

0.04

0.06

0.08

0.10

0.12
0.110

0.115

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
β

0.245

0.250

0.255

0.260

0.265

0.270

Sc
or
e

(a) Warm Task

0.254

0.268

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
β

0.04

0.06

0.08

0.10

0.12

(b) Cold Task

0.110

0.126

PRE@5 NDCG@5

Figure 5: Parameter analysis of GraphSEA perfor-
mance on the ML-1M dataset. PRE@5 and NDCG@5
under varying α (top row) and β (bottom row) for (a)
the warm task and (b) the cold task.

to a 47.2% decline. This indicates that the Prefer-
ence Gap Loss preserves the relative order of items,
whereas the Discriminative Consistency Loss plays
a crucial role in maintaining the discriminative
structure within the embedding space. These two
objectives therefore provide complementary super-
vision by preserving both relative preference order-
ing and inter-item separability during alignment.

5.5 Hyper-parameter Sensitivity (RQ4)

The hyperparameters in GraphSEA significantly
impact the final model performance. We conducted
sensitivity experiments on two representative hy-
perparameters: the weight α for Preference Gap
Loss and the weight β for Discriminative Consis-
tency Loss, with results shown in Figure 5.

Overall, GraphSEA achieves a balanced perfor-
mance across warm and cold tasks with a relatively
large α and a small β. A larger α strengthens the
model’s ability to preserve preference ordering and
generally improves ranking quality, while exces-
sively large values may slightly affect representa-
tion learning. In contrast, a small β helps balance
semantic consistency and discriminative learning,
whereas increasing β tends to cause larger perfor-
mance fluctuations, particularly on the cold task.

Notably, the warm task remains relatively stable
across different values of both hyperparameters,
whereas the cold task exhibits substantially larger
variations. This indicates that cold-item represen-
tations are more sensitive to the weighting of the
alignment objectives, as they rely more heavily on
collaborative supervision transferred from warm
items. In particular, the stronger variation with β
suggests that excessive discriminative constraints
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Figure 6: Comparison of different LLM backbones.
LLaMA variants with different generations and parame-
ter scales are evaluated as the backbone of GraphSEA
on both warm and cold item tasks, with performance
measured by PRE@5 and NDCG@5.

may perturb the alignment of cold-item representa-
tions. These observations highlight the importance
of appropriately balancing the two alignment ob-
jectives to achieve stable performance.

5.6 LLM Backbone Comparison (RQ5)

To thoroughly evaluate the impact of different ar-
chitectures, we use LLaMA3.2-1B as the default
LLM backbone and conduct controlled compar-
isons across multiple variants, including LLaMA2-
7B, LLaMA3.2-3B, and LLaMA3.1-8B, to as-
sess the generalization performance of GraphSEA.
These backbones span different LLaMA genera-
tions and parameter scales, ranging from compact
1B and 3B models to larger 7B and 8B variants.
All models are evaluated under identical prompt
templates to isolate architecture effects. The exper-
imental results are presented in Figure 6.

The experimental results demonstrate that
LLaMA3.2-1B offers the best balance between per-
formance and efficiency. Although LLaMA3.2-
3B achieves the highest scores in both warm and
cold item tasks, LLaMA3.2-1B maintains compa-
rable performance with differences consistently be-
low 5% across all metrics while requiring signifi-
cantly fewer computational resources. When com-
paring with LLaMA3.1-8B, the 1B model shows
only marginally lower performance on warm items
but delivers superior results on cold items. More
importantly, it accomplishes this while using just
one-eighth of the computational resources required
by the 8B model. This combination of strong per-
formance across both task types and excellent op-
erational efficiency makes LLaMA3.2-1B the most
practical choice for real-world applications, espe-
cially in environments where resource constraints
and response times are critical factors.

6 Conclusion

LLM-based cold item recommendation faces two
main challenges: (i) difficulty in modeling high-
order interactions and preserving the topological
structure of interaction graphs, and (ii) the differ-
ence between content embeddings derived from tex-
tual descriptions and behavior embeddings trained
on user interactions, which hinders effective align-
ment. To address these issues, we propose the
GraphSEA framework, which introduces: (i) a
graph structure serialization that converts inter-
action graphs into a structured corpus, enabling
LLMs to capture richer collaborative information,
and (ii) a cold embedding alignment module with
tailored objectives to reduce the discrepancy be-
tween content and behavior embeddings, facili-
tating effective embedding learning. Comprehen-
sive experiments validate the effectiveness and effi-
ciency of GraphSEA in both warm-item and cold-
item scenarios, offering a new perspective on using
language modeling to encode graph-structured col-
laborative signals for cold-start recommendation.

Limitations

While GraphSEA shows significant improvements
in cold-start recommendation, it still relies on
item content. Its performance might significantly
degrade for items with sparse, noisy, or low-
quality content, as limited content information may
weaken the model’s ability to construct reliable
item representations. Additionally, the current ap-
proach does not fully address the complete cold-
start scenario where both users and items are en-
tirely new to the system, which remains a more
challenging setting due to the absence of historical
interaction signals on both sides.

Ethics Statement

We confirm that we have strictly adhered to the
ACL Ethics Policy throughout this study. Our re-
search employs publicly available recommendation
datasets, in which user-item interactions and textual
descriptions are anonymized, and no personally
identifiable information (PII) or private user data is
collected or exposed. We do not attempt to identify
or re-identify any individual user, and all available
information is used solely for academic research
purposes. The study does not involve any direct
interaction with human participants or real-world
deployment. All experiments were conducted en-
tirely in a controlled research environment.
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A Appendix

A.1 Algorithm and Theoretical Analysis

This section provides supplementary algorithmic
and theoretical details of GraphSEA. Specifically,
we first present the complete pseudocode of the
proposed framework and then provide a theoret-
ical analysis to justify the preservation of graph
structural information during graph serialization.

A.1.1 Pseudocode of GraphSEA

The overall pipeline of the proposed GraphSEA
framework consists of two main modules: (i) LLM-
Based Embedding Generation, which systemati-
cally transforms the user-item interaction graph
into a structured corpus to generate behavior em-
beddings, while leveraging pre-trained LLMs to
produce high-quality content embeddings from tex-
tual descriptions; and (ii) Cold Embedding Align-
ment, which effectively aligns behavior and con-
tent embeddings across multiple facets, including
interaction probability, preference order, and item
distinction.

Specifically, the two modules are executed as fol-
lows. Given the user-item interaction graph, Graph-
SEA first performs random walks from each node
to construct a serialized sequence corpus, which is
then used to optimize the behavior LoRA adapter
on the shared frozen LLM backbone and derive
behavior embeddings for users and warm items. In
parallel, a separate content LoRA adapter is opti-
mized on the textual description corpus to obtain
content embeddings for users and items. During
cold embedding alignment, the behavior embed-
dings of warm items are partially masked and con-
catenated with their content embeddings to sim-
ulate the absence of behavioral information for
cold items. The alignment module is optimized
by jointly considering recommendation accuracy,
preference-order consistency, and item distinction.
At inference time, the unavailable behavior embed-
ding of each cold item is fully masked, and its con-
tent embedding is used with the learned alignment
functions to predict user-item preference scores.
The complete procedure is summarized in Algo-
rithm 1.

A.1.2 Theorems and Proof

Theorem 1 ensures that graph structure faithfully
preserves the high-order behavioral relationships
present in the original user-item interaction graph.

Algorithm 1 The Overall Workflow of GraphSEA.
Input: User-item interaction graph G = (V, E ,D); User set
U ; Cold-item set Ic; Warm-item set Iw; Textual descriptions
D.
Parameter: Frozen LLM backbone θLLM; Behavior and con-
tent LoRA parameters θ(B)

LoRA and θ
(C)
LoRA; α, β, r.

Output: User and item representations for cold-item recom-
mendation.
1: # LLM-Based Embedding Generation
2: S ← ∅ //Initialize sequence corpus
3: for v ∈ V do
4: sv ← RandomWalk(v) //Eq. (2)
5: S ← S ∪ sv
6: end for
7: θ

(B)
LoRA ← θ

(B)
LoRA − λ∇

θ
(B)
LoRA
Lpre(S) //Eq. (3)

8: E
(B)
U , E

(B)
Iw
← f

θLLM,θ
(B)
LoRA

(S) //Eqs. (4)–(6)

9: E
(C)
U , E

(C)
I ← f

θLLM,θ
(C)
LoRA

(D) //Eqs. (7)–(8)

10: # Cold Embedding Alignment
11: while not converged do
12: # Concatenation and Masking
13: EU ← E

(B)
U ⊕ E

(C)
U //Eq. (9)

14: E
(B̄)
Iw
←M⊙E(B)

Iw
//M ∼ Bernoulli(1−r), Eq. (10)

15: EĪw ← E
(B̄)
Iw
⊕ E

(C)
Iw

//Eq. (11)
16: # Compute alignment losses
17: Lrec ← {rt, rp} //Eq. (12)
18: Lgap ← {σ(rt,+ − rt,−), σ(rp,+ − rp,−)} //Eq. (13)

19: Ldisc ← {dt, dp} //Eqs. (14)–(15)
20: # Total loss
21: Ltotal ← Lrec + α · Lgap + β · Ldisc //Eq. (16)
22: Update parameters by minimizing Ltotal

23: end while
24: for i ∈ Ic do
25: Eī ← 0 ⊕ E

(C)
i //Fully mask the missing behavior

embedding
26: Predict user-item preference scores with the learned

alignment functions.
27: end for

Theorem 1. Let Ps (vi+1|vi;n) denote the em-
pirical conditional probability computed from n
sampled random walks, and let Pg (vi+1|vi) repre-
sent the true transition probability in the original
graph. As the number of sampled random walks
approaches infinity, we have:

lim
n→∞

Ps (vi+1|vi;n) = Pg (vi+1|vi) . (17)

This theorem ensures that graph structure faithfully
preserves the high-order behavioral relationships
present in the original user-item interaction graph.

Proof. The empirical conditional probability
Ps(vj |vi) is derived from random walks and repre-
sents the probability of the co-occurrence of node
vi followed by node vj . It is defined as:

Ps (vj | vi) =
Cs (vi → vj)∑

k∈N(vi)
Cs (vi → vk)

, (18)
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where Cs (vi → vj) counts the co-occurrences of
vi followed by vj in sampled walk sequences, and
N (vi) represents the set of neighboring nodes of
vi considered during random-walk transitions.

For the co-occurrences count Cs (vi → vj) from
vi to vj , its expected value is:

E[Cs (vi → vj)] = di · l · Pg (vj | vi) , (19)

where di is the node degree, l denotes the walk
length, and Pg (vj | vi) denotes the transition prob-
ability in the graph.

According to the Law of Large Numbers, when
either the number of samples n → ∞ or di → ∞,
the co-occurrence count Cs (vi → vj) converges to
its expected value:

Cs (vi → vj)

di · l
a.s.−→ Pg (vj | vi) . (20)

The total number of transitions originating from
node vi is

∑
k∈N(vi)

Cs (vi → vk), and its ex-
pected value is:

E[
∑

k∈N(vi)

Cs(vi → vk)] =
∑

k∈N(vi)

E[Cs(vi → vk)]

= di · l.
(21)

By substituting the expected values into the def-
inition of the empirical conditional probability,
where both the numerator and denominator prov-
ably converge to their respective true expectations,
we obtain:

Ps (vj | vi) a.s.−→ E[Cs (vi → vj)]

E[
∑

k∈N(vi)
Cs (vi → vk)]

= Pg (vj | vi) .
(22)

The theorem guarantees the mathematical sound-
ness of the graph structure serialization process.
When sufficient sampling is performed, the node
co-occurrence frequencies within the sequence cor-
pus precisely capture the topological characteristics
of the original graph structure. As a result, the be-
havior embeddings acquired by the LLM through
next-token prediction effectively encode authentic
higher-order behavioral patterns. This fundamental
property accounts for GraphSEA’s superior perfor-
mance compared to conventional approaches lim-
ited to first-order interaction modeling in cold-start
recommendation scenarios.

A.2 Experimental Details

A.2.1 Dataset Process
We evaluate GraphSEA on both warm and cold
items using the ML-1M and Steam datasets.

• MovieLens-1M is a movie dataset released
by GroupLens Research that contains approxi-
mately 1 million ratings on a 5-star scale from
6,040 users on 3,706 movies, along with user
information and movie metadata.

• Steam is a gaming interaction dataset sourced
from the Steam platform that captures user
behaviors including purchases, playtime, and
reviews, while providing rich game metadata
such as genres and developers.

For each dataset, following the setup in prior re-
search, 20% of the items are designated as cold
items, and their interaction data is split into a cold-
start validation set and a test set in a 1:1 ratio. The
interaction records of the remaining 80% regular
items are divided into a training set, validation set,
and test set in an 8:1:1 ratio.

A.2.2 Baseline Details
To evaluate the effectiveness of our GraphSEA,
we conducted a comparative analysis of 10 state-
of-the-art models in the field of cold-start recom-
mendation. The comparison was carried out on
two different datasets. The models we compared
can be categorized into the following three groups:
(i) Dropout-based models: DropoutNet (Volkovs
et al., 2017), MTPR (Du et al., 2020), Heater (Zhu
et al., 2020), and CLCRec (Wei et al., 2021). (ii)
Generative-based models: DeepMusic (Van den
Oord et al., 2013), MetaEmb (Pan et al., 2019),
GAR (Chen et al., 2022), and ALDI (Huang et al.,
2023). (iii) LLM-based models: ColdLLM (Huang
et al., 2025) and FilterLLM (Liu et al., 2025).

• DropoutNet uses input dropout during train-
ing to combine content features and latent rep-
resentations for robust recommendations.

• MTPR employs dual item representations and
a multi-task pairwise ranking loss to model
relationships between warm and cold items.

• Heater maps auxiliary information to collab-
orative representation space using combined
training, randomized training, and mixture-of-
experts transformation.

33656



• CLCRec maximizes mutual information be-
tween collaborative embeddings and content
features through contrastive learning.

• DeepMusic utilizes deep convolutional neural
networks to predict latent factors from audio
signals for music recommendation.

• MetaEmb uses meta-learning to generate ini-
tial ID embeddings for new ads by simulating
cold start and warm up phases with gradient-
based optimization.

• GAR employs adversarial training between
the generator and the recommender to gener-
ate cold item embeddings with a distribution
similar to warm embeddings.

• ALDI leverages aligning distillation to trans-
fer collaborative information from warm items
to cold items by modeling and reducing their
differences in rating distribution, ranking, and
identification.

• ColdLLM uses a coupled funnel framework
to filter users, enabling LLMs to simulate in-
teractions efficiently for cold-start recommen-
dations.

• FilterLLM adopts a "Text-to-Distribution"
paradigm to predict user interaction distribu-
tions for cold items in a single inference.

A.2.3 Implementation Details
We adopt the official implementations of each base-
line model for reproduction. For all baseline meth-
ods not based on large language models, the embed-
ding dimension is consistently set to 200. The ex-
tensive experiments are conducted on an NVIDIA
Tesla V100-SXM2 GPU with 32GB of memory.
For a fair comparison, we measure the running time
on a single GPU, distinguishing between training
and testing phases. All experiments are repeated
five times, and the reported results are averaged
over the five runs.

The maximum number of training epochs for our
GraphSEA model is set to 20, with the learning rate
fixed at 0.001. The hyperparameters are dynami-
cally adjusted based on the dataset: for the ML-1M
dataset, the values of α and β are set to 0.8 and 0.1,
respectively, while for the Steam dataset, the values
of α and β are set to 0.4 and 0.1, respectively.

For embedding generation, we use the same pre-
trained LLM backbone with two independently op-
timized LoRA adapters for behavior and content
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Figure 7: Analysis on random walk length. The x-axis
denotes the length ranging from 2 to 6, where length 4
corresponds to a random walk path with four nodes.

representation learning. Specifically, the behav-
ior adapter is trained on the serialized user-item
interaction sequences to generate behavior embed-
dings, while the content adapter is trained on the
natural-language metadata corpus to generate con-
tent embeddings. The underlying LLM backbone
is shared and kept frozen during LoRA fine-tuning.
Accordingly, references to LLM fine-tuning in the
main text denote parameter-efficient LoRA fine-
tuning rather than full-parameter fine-tuning of the
backbone.

For prompts, we design dataset-specific tem-
plates to structure the available information in a nat-
ural language format. These templates are crafted
to maximize the utility of available metadata while
maintaining a conversational tone. For MovieLens-
1M, we leverage rich user demographic informa-
tion such as age, gender, occupation, location and
movie characteristics like title, genres, while for
Steam, we incorporate comprehensive game at-
tributes including pricing, publisher information,
and technical specifications:

• ML-1M: “This is user {User_ID}, who is a
{Age}-year-old {Gender} working as a {Occu-
pation} and living in the {Zip-code} area. The
item with ID {Item_ID} is titled {Title} and
belongs to the following genres: {Genres}.”

• Steam: “This is user {User_ID}. The Steam
game with ID {Item_ID} is titled {Title} and
belongs to the {Genres}. It is published by
{Publisher} and priced at {Price}. The game
specifications include: {Specs}.”

A.3 Supplementary Results

Beyond the ablation studies of three core modules
and the sensitivity analysis of two loss weights, we
further investigate three additional critical factors
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Strategy ML-1M Warm ML-1M Cold

PRE@5 NDCG@5 PRE@5 NDCG@5

BFS 0.251 0.265 0.092 0.095
DFS 0.252 0.266 0.105 0.112
Ours 0.254 0.268 0.110 0.114

Table 3: Comparison of different sampling strategies
on both warm and cold item tasks.

that influence model performance. Additionally,
in Appendix A.3.5, we investigate the embedding
differences before and after alignment.

A.3.1 Random Walk Length Analysis
The random walk length l is a predefined sam-
pling hyperparameter in graph structure serializa-
tion, which denotes the number of node tokens
sampled in each random-walk sequence. We exam-
ined random walk lengths l ∈ {2, 3, 4, 5, 6}, with
experimental results presented in Figure 7.

The results show that random walk length signif-
icantly impacts recommendation performance. In
both warm-item and cold-item tasks, performance
exhibits an initial increase followed by a decline
as the random walk length increases, reaching op-
timal performance at length 4. This indicates that
sequences that are too short cannot adequately cap-
ture user-item interaction information, while ex-
cessively long sequences may introduce noise and
dilute key information, leading to suboptimal re-
sults. Based on these empirical findings, we set
the random walk length as 4 in our framework to
achieve optimal recommendation performance.

This indicates that overly short walks provide
limited structural context, making it difficult to cap-
ture higher-order user-item collaborative patterns.
In contrast, overly long walks may include weakly
related nodes and introduce noisy collaborative sig-
nals, thereby diluting the useful local structural
information. Based on these empirical findings, we
set the random-walk length to 4 in GraphSEA.

A.3.2 Sampling Strategy Analysis
The choice of graph sampling strategy significantly
impacts the quality of the generated sequence cor-
pus and, consequently, the model’s ability to cap-
ture collaborative information. To thoroughly eval-
uate different sampling approaches, we compare
our adopted random walk strategy against two clas-
sical graph traversal methods: Breadth-First Search
(BFS) and Depth-First Search (DFS). The experi-
mental results are presented in Table 3.
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Figure 8: Analysis on Masking Ratio. The x-axis
shows masking ratio r, which is the Bernoulli distribu-
tion parameter for token masking, where r=0.5 means
each token has a 50% chance of being masked.

Random walk consistently outperforms both
BFS and DFS across all metrics. The key reason
lies in how each method samples paths from the
graph. BFS and DFS follow fixed rules where BFS
always explores neighbors layer by layer, while
DFS always goes as deep as possible before back-
tracking. These rigid strategies mean that certain
types of paths are sampled much more frequently
than others, regardless of their actual importance
in the graph. In contrast, random walk samples
paths based on the graph’s natural structure where
frequently connected nodes appear more often in
the corpus, while rare connections appear less of-
ten. This produces a training corpus where path
frequencies match the actual interaction patterns,
allowing the LLM to learn embeddings that accu-
rately reflect real user-item relationships.

A.3.3 Masking Ratio Sensitivity
The input masking ratio r controls the robustness
of feature learning. As shown in Figure 8, we
systematically vary r from 0.1 to 1.0 to analyze its
effect on recommendation performance.

For warm items, both PRE@5 and NDCG@5
metrics remain relatively stable across different
masking ratios, fluctuating within the narrow
ranges of 0.26 to 0.27 and 0.25 to 0.253, respec-
tively. This stability suggests that the masking
strategy has minimal impact on items with abun-
dant historical interaction data, as the model can
learn robust representations from rich behavioral
patterns.

For cold items, the performance exhibits a dis-
tinct inverted U-shaped curve, with both PRE@5
and NDCG@5 peaking at 0.5. Performance de-
grades significantly when the masking ratio is ei-
ther too low or too high. This is because insuffi-
cient masking fails to encourage effective content
feature learning, while excessive masking removes
too much critical information and compromises
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Figure 9: Visualization of Content Embeddings and
Behavior Embeddings on Two Datasets. (a) shows
the distinct distributions before alignment, while (b)
demonstrates increased overlap between embeddings
after alignment.

representation quality.

A.3.4 Embedding alignment differences

Figure 9 (a), which corresponds to Figure 2 in
the main text, illustrates the visualization of con-
tent embeddings and behavior embeddings on two
datasets: ML-1M and Steam. The embeddings are
reduced to two dimensions using t-SNE to analyze
their distributional patterns. The clear separation
between the two embedding types highlights their
distinct nature.

To further validate the effectiveness of our align-
ment module, we visualize the embedding distri-
butions after applying our three-faceted alignment
objectives. Figure 9 (b) shows the t-SNE visual-
ization of content and behavior embeddings after
alignment. Notably, the two embedding types ex-
hibit significantly more overlap compared to their
distributions before alignment, demonstrating the
effectiveness of our alignment strategy.

This improved alignment can be attributed to our
multi-faceted optimization approach. The Score
Reconstruction Loss Lrec directly minimizes the
MSE between target scores derived from behavior
embeddings and predicted scores from concate-
nated embeddings, effectively forcing the model to
learn compatible representations. The Preference
Gap Loss Lgap ensures that the relative ordering
between positive and negative samples is preserved
across both embedding spaces, maintaining the col-
laborative filtering principles essential for recom-
mendation quality. Most importantly, the Discrimi-

native Consistency Loss Ldisc preserves the seman-
tic relationships and discriminative structure within
the embedding space, ensuring that while the dis-
tributions become more aligned, the meaningful
distinctions between different items are retained.

The increased overlap indicates that our align-
ment module successfully bridges the gap between
content and behavior embeddings, enabling effec-
tive knowledge transfer from warm items with rich
interactions to cold items. This distributional align-
ment is crucial for cold-start recommendation, as
it enables the model to generate effective repre-
sentations for cold items even in the absence of
interactions, thereby supporting accurate and reli-
able recommendations.

A.4 Frequently Asked Questions (FAQs)

A.4.1 How does the graph structure
serialization preserve collaborative
information?

Theorem 1 proves that random walk sampling on
the user-item interaction graph in GraphSEA con-
verges to true transition probabilities as sample
size increases, with a detailed proof provided in
Appendix A.1.2. This theoretical guarantee en-
sures the converted token sequences retain high-
order collaborative information while maintaining
computational tractability. The LLM then learns
these patterns via next-token prediction, effectively
capturing both direct user-item interactions and
higher-order neighborhood structures. Crucially,
this approach overcomes the limitation of tradi-
tional prompt-based methods that only consider
first-order interactions, enabling more comprehen-
sive representation learning for cold items.

A.4.2 Does the sampling time of GraphSEA
on the raw data count as part of the
training time?

In the GraphSEA framework, the time for random
walk sampling is indeed included in the training
time, but the sampling process itself is not time-
consuming. This is due to the inherent sparsity of
the user-item interaction graph in recommendation
scenarios, combined with GraphSEA’s design of
short-path random walks with a fixed length of 4.
As a result, the sampling process only requires a
constant number of lightweight neighbor-selection
operations, which can be further optimized through
parallelization. Thus, even on large-scale datasets,
the time spent on the sampling phase is negligible
compared to the subsequent LLM training process
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and does not become a bottleneck for system effi-
ciency. Therefore, the sampling time is included in
the overall training time in the paper without being
separately reported.

A.4.3 Why was random walk chosen as the
sequence sampling method for
user-item interaction graphs, and were
other sampling methods attempted?

Random walks offer theoretically guaranteed con-
vergence and effectively capture higher-order col-
laborative relationships in user-item interaction
graphs. With linear time complexity, random walks
preserve the local stochastic characteristics of user
behavior sequences while capturing crucial higher-
order interactions through multi-step transitions.
These properties make them particularly suitable
for sequence prediction tasks in the GraphSEA
framework, which is based on LLMs.

In addition, we conducted comparative experi-
ments with other graph traversal strategies, includ-
ing DFS and BFS, and the detailed results are re-
ported in Appendix A.3.2. The experimental results
show that, compared with DFS and BFS, random
walks better preserve the probabilistic characteris-
tics of the original graph while generating more
diverse sequences. This makes them more suitable
for meeting the sequence modeling requirements
of LLMs, leading to superior overall performance.

A.4.4 How are cold items handled differently
during training and inference?

During training, the behavior embeddings of warm
items are randomly masked to simulate the absence
of collaborative information in cold-start scenarios.
Specifically, a subset of warm-item behavior em-
beddings is replaced by zero vectors and concate-
nated with their corresponding content embeddings.
This allows the alignment module to learn how to
reconstruct effective recommendation representa-
tions when behavioral information is unavailable.

During inference, cold items do not have behav-
ior embeddings because no historical interactions
are available. Therefore, their missing behavior
component is fully masked. The learned item map-
ping function then transforms this representation
into the aligned recommendation space, where user-
item preference scores can be computed together
with the learned user representations. In this way,
the masking mechanism used during training ex-
plicitly simulates the representation form encoun-
tered by cold items at inference time.

A.4.5 Why are separate LoRA adapters used
for behavior and content embedding
generation?

Behavior and content embeddings originate from
substantially different information sources. Be-
havior embeddings are learned from serialized
user-item interaction sequences and are expected
to capture collaborative and structural patterns,
whereas content embeddings are derived from
natural-language descriptions and primarily encode
semantic information. Directly optimizing a sin-
gle adapter for both objectives may couple these
heterogeneous learning signals and reduce the spe-
cialization of the resulting representations.

Therefore, GraphSEA employs two indepen-
dently optimized LoRA adapters while sharing the
same frozen LLM backbone. The behavior adapter
is trained on serialized graph sequences, whereas
the content adapter is trained on textual metadata.
This design preserves a common underlying repre-
sentation space provided by the shared backbone
while allowing each adapter to specialize in its
corresponding information modality. The result-
ing representations are subsequently integrated and
aligned by the Embedding Alignment module.

A.5 Future Research Directions
The significant performance improvements on both
movie and game datasets demonstrate our method’s
adaptation to different recommendation scenarios.
These successes open up promising research direc-
tions, such as extending the framework to handle
more complex scenarios like complete cold-start
cases where both users and items are new. Beyond
recommendations, our graph structure serialization
shows great potential for broader applications in
various graph-based tasks, where complex graph
structures can be effectively transformed into struc-
tured node-token sequences for LLMs to process.
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