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Abstract

The cold-start problem remains a critical chal-
lenge in real-world recommender systems, as
new items with limited interaction data or insuf-
ficient information are frequently introduced.
Despite recent advances leveraging external
knowledge such as knowledge graphs (KGs)
and large language models (LLMs), recom-
mender systems still face challenges in prac-
tical environments: (1) static KGs are costly to
construct and maintain and quickly become out-
dated as catalogs evolve; and (2) LLM-based
methods are constrained by limited context win-
dows, forcing reliance on pre-filtered candi-
date lists. To address these limitations, we pro-
pose ColdRAG, a retrieval-augmented frame-
work that dynamically constructs a knowl-
edge graph from raw metadata, extracts en-
tities and relations to construct an updatable
structure, and introduces LL.M-guided multi-
hop reasoning at inference time to retrieve
and rank candidates without relying on pre-
filtered lists. Experiments across multiple
benchmarks show that ColdRAG consistently
outperforms seven strong baselines. Our imple-
mentation is available at https://anonymous.
4open.science/r/ColdRAG.

1 Introduction

In real-world recommender systems, newly intro-
duced items often arrive with few or no interaction
records and incomplete metadata. This lack of
information prevents models from accurately esti-
mating user preferences, resulting in poor recom-
mendation quality, reduced user satisfaction, and
ultimately revenue loss (Huang et al., 2023; Zhang
et al., 2025). To tackle this challenge, recent works
have explored two main directions: (i) KG-based
methods that construct structured representations
of the item catalog (Wang et al., 2019b; Guo et al.,
2020), and (ii) LLM-based methods that leverage
LLMs as recommenders, typically prompting on
user histories with a small set of candidate items

(Sanner et al., 2023; Hou et al., 2024).

However, both directions face critical limita-
tions in practical deployment (Lin et al., 2025).
First, knowledge graphs used in prior work are typ-
ically constructed offline and treated as static struc-
tures(Wang et al., 2019a; Jiang et al., 2024). Build-
ing such graphs requires substantial manual engi-
neering to extract and curate relations among items
and attributes, making them costly to construct
and maintain. Moreover, real-world item catalogs
evolve continuously as new items, attributes, and
relations appear. Maintaining these static graphs
requires periodic offline updates and recalibration,
which limits real-time adaptability and prevents
end-to-end integration with dynamic recommenda-
tion pipelines (Guo et al., 2020).

Second, LLLM-based approaches are usually for-
mulated as re-rankers over a pre-filtered candidate
set rather than as end-to-end retrieval systems (Hou
et al., 2024; Wu et al., 2024). Because LLMs
operate under bounded context windows and to-
ken budgets, only a curated subset of items and
a truncated user history can be included in the
prompt, necessitating a separate task-specific re-
trieval pipeline. While recent work introduces
retrieval-aware prompting, its retrieval remains
shallow, limited to keyword matching or single-hop
similarity search, which still limits performance
and reduces adaptability in dynamic cold-start set-
tings (Liang et al., 2025; Kieu et al., 2025).

To address the above limitations, we introduce
ColdRAG, a retrieval-augmented framework built
around two key modules. The first module, Dy-
namic Knowledge Graph Construction, automati-
cally builds and incrementally updates a domain
graph from catalog fields (e.g., titles, descriptions,
attributes, reviews), allowing the structure to evolve
naturally as the catalog changes. The second mod-
ule, Adaptive Candidate Retrieval over Knowledge
Graph, removes the need for pre-filtered candi-
date lists by treating candidate generation as LLM-
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guided, goal-directed traversal over the graph, as-
sembling a compact, high-utility candidate set to-
gether with evidence paths that justify each rec-
ommendation. Empirically, ColdRAG consistently
surpasses strong training-based and training-free
baselines across diverse product domains with large
performance gains.
Our contributions are threefold:

* To the best of our knowledge, we are the first
to introduce a dynamic KG evolving mecha-
nism for recommender systems that adapts to
an ever-changing item catalog, reducing static
KG maintenance and engineering overhead.

* We eliminate the unrealistic assumption that a
curated candidate list is already in the LLM’s
context window by integrating candidate re-
trieval with LLM-guided multi-hop reasoning.

* We demonstrate strong cold-start performance
on multiple benchmarks and provide extensive
analyses on component effectiveness, stability,
and robustness.

2 Related Works

2.1 Cold-Start Recommendation

The item cold-start problem arises when newly in-
troduced items lack sufficient interaction history,
making it difficult for traditional recommender sys-
tems to estimate user preferences (Zhang et al.,
2025). Early works focused on content-based or
hybrid methods that leverage auxiliary informa-
tion such as item descriptions or attributes to com-
pensate for missing collaborative signals (Javed
et al.,, 2021; Widayanti et al., 2023). More re-
cent training-based approaches explicitly target
cold-start-scenarios by designing specialized ob-
jectives or robustness mechanisms. For example,
CLCRec (Wei et al., 2021) strengthens cold-start
representations through contrastive alignment be-
tween collaborative and content-derived embed-
dings, while TDRO (Lin et al., 2024) improves gen-
eralization and robustness by accounting for tem-
poral distribution shifts. Although effective, these
methods depend on task-specific training pipelines
and require retraining or adaptation as new items
continuously appear, which limits their flexibility
in dynamic real-world settings.

2.2 LLM-based Recommendation

Building on this perspective, a line of work has
framed cold-start recommendation as a zero-shot

learning problem, requiring generalization to cold
items that lack historical interactions (Li et al.,
2019; Alshehri and Zhang, 2022). This fram-
ing naturally motivates the use of LLMs, as their
pretrained semantic knowledge and instruction-
following ability allow them to operate in training-
free, zero-shot settings using only textual descrip-
tions of items and user histories (Sanner et al.,
2023). Following this direction, several zero-shot
LLM recommenders have been proposed. LLM-
Rank formulates recommendation as an instruction-
following task, prompting an LL.M to rank candi-
date items based on a user’s interaction history
and item descriptions without any additional train-
ing (Hou et al., 2024). TaxRec extends this ap-
proach by augmenting prompts with taxonomy to-
kens, enabling the model to reason over hierarchi-
cal item spaces (Liang et al., 2025). KALM4Rec
further incorporates a lightweight keyword-driven
retrieval module that supplies salient terms be-
fore prompt-based LLM re-ranking, while still
avoiding finetuning (Kieu et al., 2025). Despite
their improvements, these methods primarily rely
on prompt design and typically operate over pre-
filtered candidate lists or shallow retrieval signals,
as they are constrained by static knowledge and the
limited context window budget of LLMs.

3 Proposed Method

We present ColdRAG, a retrieval-augmented gen-
eration framework for cold-start recommendation.
ColdRAG equips an LLM with a dynamically con-
structed KG that enables semantic reasoning and
adaptively builds candidate items for context-aware
and controllable recommendation. The overall
framework is illustrated in Figure 1. For the prob-
lem setting, we follow the sequential recommen-
dation task, where each user v has an interaction
history H,, = [i1,42,...,i,—1] and the goal is to
recommend the next item i,,.

3.1 Dynamic Knowledge Graph Construction
3.1.1 Item Profile Generation

Item metadata is a key source for constructing the
knowledge graph, but it is often sparse, noisy, or
inconsistently structured, making it difficult to ex-
tract meaningful semantics directly. To address
this, ColdRAG leverages a LLM to denoise and
enrich this information by using the model’s pre-
trained knowledge to fill informational gaps, pro-
ducing concise, knowledge-grounded item pro-
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Figure 1: Overview of the proposed ColdRAG framework. Given item metadata, an LLM generates item profiles,
from which structured entities and relations form a knowledge graph dynamically. During inference, ColdRAG
performs query-aware multi-hop reasoning over KG to adaptively retrieve candidate items and context, then

composes prompts to generate recommendations.

files that capture each item’s essential seman-
tics. For each item ¢, we define its metadata
as m; = (title, description, attributes, review) and
obtain the profile via the inline mapping P; =
LLM(prompt(m;)). This process curates raw, un-
structured metadata into fluent summaries that
highlight key concepts such as genre, features, or
notable entities (e.g., “action-adventure,” “Lara
Croft”), forming a clean and standardized foun-
dation for knowledge graph construction and down-
stream reasoning. The prompt used for this step is
provided in Appendix A.1.

3.1.2 Knowledge Graph Generation

With enriched item profiles in place, ColdRAG or-
ganizes this information into a structured semantic
graph by prompting the LLM to extract entities and
relations, which creates a foundation for reasoning
and retrieval. Given an item profile P;, the LLM
extracts entities, relations, and textual statements
describing them, constructing a knowledge graph
G = (£, R), where £ denotes entities and R the
relations linking them.

To be specific, for each item, the LLM extracts
entities and relations, each paired with a natural-
language description and an embedding for se-
mantic retrieval. An entity e € £ is represented
as (ename, €type; Edescs Eemb ), Where €pame is the en-

tity title, eype identifies its category (e.g., item,
genre, feature), egesc provides its textual explana-
tion, and ecpyp is its vector embedding. A relation
r € R is represented as (7name, T'desc, "emb ), Where
Tname = (Esre, €rgt) denotes the source-target entity
pair, 74esc describes their connection, and 7epp 1S
its embedding used for scoring. For instance, as
shown in Figure 1, the entity Tomb Raider is of type
’item’ and the description “groundbreaking action-
adventure game ...”. A corresponding relation con-
nects Tomb Raider to Lara Croft with the descrip-
tion “Lara Croft is the main character driving the
player’s experience in Tomb Raider.”. This trans-
formation organizes free-form text into an entity-
centric graph structure, enabling fine-grained multi-
hop reasoning over attribute-level connections. The
prompt used is shown in Appendix A.2.

The constructed graph is stored in a hybrid
knowledge base: the graph topology (nodes and
edges) and their textual descriptions are stored as
structured files, while embeddings are indexed in
a vector database (e.g., FAISS 1) for efficient simi-
larity search. Each textual description is encoded
using the same pretrained embedding model, en-
suring consistent semantic representations across
all entities and relations; additional details are

"https://github.com/facebookresearch/faiss
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provided in Appendix B. This combination of
structural traversal and semantic retrieval provides
ColdRAG with evidence-grounded access to item
knowledge during recommendation.

3.2 Adaptive Candidate Retrieval over
Knowledge Graph

Once the knowledge graph G has been constructed,
ColdRAG uses it to adaptively identify candidate
items aligned with a user’s current interests. Given
a user query that includes both task instructions
and the interaction history H,,, the system begins
by locating the parts of the graph most relevant
to the user. The titles of items in H,, are used as
keyword anchors and embedded with the same pre-
trained embedding model from graph construction.
These embeddings are then matched against stored
entity embeddings using cosine similarity to locate
the most semantically similar nodes. The matched
entities initialize the frontier Fy, representing the
user’s current semantic context in the graph. Col-
dRAG then performs iterative query-aware multi-
hop reasoning guided by the LLM. At each step ¢,
all outgoing edges from the current frontier F; are
scored by the LLM according to their relevance to
the user history, where s, = LLM(7gesc, H,,) and
sy € [0,10] measures the semantic alignment be-
tween the relation description 74esc and the user’s
interests. Edges with s, > A are retained, and their
target nodes form the next frontier:

‘FtJrl = {6/ | (87 elyrdesc) ERa 57“2)\}-

When a target node corresponds to an item, it is
added to a temporary candidate pool C,, along with
its assoNCiated descriptions 7,. Traversal continues
until |C,| reaches the predefined maximum pool
size 0po01. Finally, the LLM aggregates edge scores
to rank the retrieved items and selects the top 6y
as the final candidate set C,,, with their textual ev-
idence forming the final contextual input 7,,. The
example prompt is shown in Appendix A.3.

3.3 Retrieval-augmented Recommendation

In the final stage, ColdRAG generates recommen-
dations using the candidate item set C,, and contex-
tual text block 7. The contextual text, composed
of natural-language descriptions of relevant entities
and relations from the knowledge graph, serves as
the system prompt that provides semantic ground-
ing. The candidate set is integrated into the user
query to form the user prompt ., which expresses

user preferences and specifies the desired top-k£ rec-
ommendations within the retrieved candidates.

The LLM then generates ranked outputs condi-
tioned on both prompts:

Vu = ParseTopK(LLM(Ty, Qu, k)).

Here, LLM(T,, Qu, k) denotes generation with top-
k instruction (e.g., “Recommend the top-k items
among the given candidate list, based on the user’s
history and retrieved context”), and ParseTopK ex-
tracts top-k ranked item titles from the output. Col-
dRAG’s ability to accommodate new items is fur-
ther discussed in Section 5.1.

Table 1: Summary of dataset and constructed knowledge
graph statistics.

Dataset #Interactions #Items #Users #Nodes #Edges
Games 45,106 2,027 2,096 15,048 29,023
Toys 332,055 12,342 20,390 58,096 132,229
Office 233,738 6,107 15,302 42,769 75,053

4 Experiments

We conduct comprehensive experiments to evaluate

the effectiveness of ColdRAG in item cold-start

recommendation. Our analysis is organized around

the following research questions:

* RQ1: Does ColdRAG effectively address the
item cold-start recommendation problem?

* RQ2: How effective is the Dynamic Knowledge
Graph Construction?

* RQ3: How does Adaptive Candidate Retrieval
enhance recommendation performance?

¢ RQ4: Does ColdRAG exhibit stable and consis-
tent generation across runs?

¢ RQ5: Does ColdRAG reduce hallucination and
avoid out-of-domain recommendations?

4.1 Experimental Setup

4.1.1 Datasets

We evaluate ColdRAG on three domains from the
Amazon Review dataset (Ni et al., 2019): Games,
Toys, and Office, which represent diverse product
types and interaction patterns. We apply core fil-
tering with a threshold of 15 for Games and 10
for Toys and Office, retaining users and items that
meet the minimum interaction count. To simulate
item cold-start scenarios, the least frequent 10% of
items in each dataset are designated as cold items.
Following the sequential recommendation setting,
each user’s interactions are treated as a sequence,



Table 2: Comparison of Recall@10 and NDCG@ 10 (%) with training-free baselines and ColdRAG (GPT/Qwen)
across three datasets. Best results are in bold and second-best baseline is underlined for each LLM. The reported
improvement reflects the relative gain of ColdRAG over the strongest competing baseline. All results are averaged

over 5 runs and values are shown as percentages.

Games Toys Office
LLM Model
Recall@10 NDCG@10 Recall@10 NDCG@10 Recall@10 NDCG@10

LLM 348 1.52 1.32 0.60 3.16 1.34
LLMRank (S) (Hou et al., 2024) 4.62 1.94 1.36 0.58 3.80 1.63
LLMRank (R) (Hou et al., 2024) 8.86 4.25 1.13 0.72 4.20 223

GPT LLMRank (I) (Hou et al., 2024) 6.20 3.78 1.20 0.70 4.02 1.90
TaxRec (Liang et al., 2025) 3.75 1.78 0.60 0.34 2.20 0.96
KALM4Rec (Kieu et al., 2025) 8.50 4.14 4.26 2.13 343 1.71
ColdRAG 12.38 4.37 5.40 2.29 8.60 3.26
Improvement 39.73% 2.82% 26.76% 7.51% 104.76% 46.18%
LLM 9.24 3.89 0.56 0.33 3.30 1.63
LLMRank(S) (Hou et al., 2024) 10.92 5.14 1.01 0.65 3.67 1.87
LLMRank(R) (Hou et al., 2024) 10.98 5.39 1.20 0.71 2.27 1.42

Qwen LLMRank(I) (Hou et al., 2024) 9.08 4.88 1.24 0.87 4.07 2.39
TaxRec (Liang et al., 2025) 7.61 4.63 0.80 0.59 3.81 2.12
KALM4Rec (Kieu et al., 2025) 7.27 2.62 3.29 1.90 2.07 0.58
ColdRAG 19.57 6.50 4.10 1.98 9.40 3.92
Improvement 78.22% 20.59% 24.62% 4.21% 130.99% 64.02%

Table 3: Comparison of Recall@10 and NDCG@ 10 (%) with training-based baselines and ColdRAG (GPT/Qwen)
across three datasets. Best results are in bold. All results are averaged over 5 runs and reported as percentages.

Games Toys Office
LLM Model
Recall@10 NDCG@10 Recall@10 NDCG@10 Recall@10 NDCG@10

- UniSRec (Hou et al., 2024) 1.14 0.48 1.48 0.71 1.41 0.66
- CLCRec (Wei et al., 2021) 5.71 2.98 2.5 1.36 3.36 1.98
- TDRO (Lin et al., 2024) 6.61 4.21 2.64 1.31 3.79 2.14
GPT ColdRAG 12.38 4.37 5.40 2.29 8.60 3.26
Qwen ColdRAG 19.57 6.50 4.10 1.98 9.40 3.92

where the last item is held out for testing under the
leave-one-out protocol (Sun et al., 2019; Hou et al.,
2022). From each domain, we sample 500 user
sequences that end with a cold item; the preceding
n—1 items serve as input and the final item as the
test target. For training-based baselines, these 500
cold-item sequences are used for testing, and all
remaining sequences form the training set, ensur-
ing consistent evaluation between training-based
and training-free settings. Dataset and knowledge
graph statistics are summarized in Table 1.

4.1.2 Baselines

We compare ColdRAG with representative base-
lines spanning both training-based and training-
free paradigms. Among training-based models,
UniSRec (Hou et al., 2022) fine-tunes a univer-
sal sequence encoder with contrastive objectives,
CLCRec (Wei et al., 2021) trains a contrastive
framework to preserve collaborative signals for

cold items, and TDRO (Lin et al., 2024) ap-
plies distributionally robust optimization to han-
dle temporal shifts. For training-free methods, we
include a plain LLM that ranks randomly sam-
pled candidates without retrieval grounding; LLM-
Rank (Hou et al., 2024), which provides sequential
(S), recency (R), and in-context (I) prompting vari-
ants for zero-shot re-ranking; TaxRec (Liang et al.,
2025), which injects taxonomy cues to guide LLM
reasoning; and KALM4Rec (Kieu et al., 2025),
which uses keyword-level retrieval to support cold-
start recommendation. Among the fraining-based
baselines, UniSRec fine-tunes a pretrained model,
whereas CLCRec and TDRO are trained from
scratch. The remaining methods are training-free
methods that operate entirely without parameter
updates, relying on LLM inference for reasoning
and retrieval. Together, they provide a broad com-
parison across representation learning, fine-tuning,
and retrieval-augmented LLM paradigms.



4.1.3 Evaluation Metrics

We evaluate recommendation performance using
two standard metrics widely adopted in cold-start
tasks: Recall@k and NDCG@E, following prior
work (Hou et al., 2022; Wei et al., 2021; Liang
et al., 2025). All results are reported at k£ = 10.

4.1.4 Implementation Details

ColdRAG and all training-free baselines are imple-
mented using two LLM backbones: gpt-4o-mini’
and Qwen2.5-32b-instruct® (“GPT” and “Qwen”
in Table 2 and Table 3). Using two distinct LLM
backbones verifies that ColdRAG’s effectiveness
generalizes beyond a single architecture. We set
the edge scoring threshold to A = 7, the candidate
pool size to Opoo1 = 300, and the final candidate set
size to Bp = 100, consistent with Section 3. All
experiments are repeated five times, and average
results are reported for stability and reproducibil-
ity. Additional implementation details appear in
Appendix B.

4.2 Overall Performance (RQ1)

Table 2 reports the performance of ColdRAG
against training-free baselines on the Games, Toys,
and Office datasets using two LLM backbones. Col-
dRAG consistently achieves the best results across
all metrics and domains. ColdRAG improves
Recall@10 by 39.73%, 26.76%, and 104.76%
with GPT, and by 78.22%, 24.62%, and 130.99%
with Qwen on Games, Toys, and Office, respec-
tively. The larger gains in Recall@ 10 compared to
NDCG@10 indicate that ColdRAG is particularly
effective at retrieving relevant candidates into the
top set while maintaining strong ranking quality.
Among training-free baselines, LLM and LLM-
Rank variants perform moderately but rely on pre-
defined candidate lists, which restrict contextual ex-
ploration. KALM4Rec partially alleviates this limi-
tation through keyword-based retrieval, yet remains
constrained to shallow matching. In contrast, Col-
dRAG enables adaptive, multi-hop traversal over
semantically linked concepts in a dynamically con-
structed knowledge graph, allowing it to retrieve
more candidates and achieve higher accuracy.
Table 3 further compares ColdRAG with
training-based cold-start models. ColdRAG con-
sistently outperforms all dedicated training-based

2https://platform.openai.com/docs/models/
gpt-40-mini

3https://huggingface.co/Qwen/QwenZ.
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Figure 2: Performance comparison of ColdRAG vari-
ants across three domains using GPT, showing that both
core modules (G and R) add performance gains.

baselines, including TDRO, which represents the
strongest model optimized through supervised
learning objectives. This result holds across all
domains and for both backbones, indicating that
even carefully trained models struggle to general-
ize under item sparsity and distribution shift. In
contrast, ColdRAG achieves superior performance
without domain-specific parameter training, rely-
ing instead on retrieval-augmented generation with
dynamically constructed knowledge graph.

Overall, results across both tables show that Col-
dRAG not only surpasses existing training-free ap-
proaches, but also outperforms established training-
based cold-start models, highlighting the effective-
ness of dynamic knowledge graph retrieval com-
bined with LLM reasoning for robust item cold-
start recommendation.

4.3 Ablation Study (RQ2 & RQ3)

To examine the impact of ColdRAG’s core com-
ponents, we compare three settings: w/o G,R, a
plain LLM without dynamic knowledge graph con-
struction (G) or adaptive candidate retrieval (R);
w/o R, a variant that includes G but replaces R
with embedding-similarity top-k matching; and the
full ColdRAG model combining both modules. As
shown in Figure 2, performance improves steadily
from w/o G,R to ColdRAG across most domains.
These results indicate that dynamic knowledge
graph construction (G) provides structured seman-
tic grounding, while adaptive candidate retrieval
(R) introduces goal-directed exploration over re-
lated entities, together yielding consistent gains as
each module is added. In the Office domain, w/o R
performs slightly worse than w/o G,R, indicating
that unfiltered knowledge can introduce noise when
metadata is sparse. However, the full model re-
stores performance by selectively refining relevant
information through reasoning. Overall, the two
modules are complementary: knowledge ground-
ing provides semantic depth, and retrieval ensures
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Figure 3: (a) Recall@10 box plots over five runs for
training-free baselines. (b) Out-of-domain generation
rates, both evaluated on the Games dataset with GPT.

relevance. Their combination drives ColdRAG’s
superior cold-start recommendation performance.

4.4 Analysis on Stability and Hallucination
(RQ4 & RQ5)

LLM-based recommenders often suffer from gen-
eration inconsistency and hallucination, producing
unstable or out-of-domain outputs. We evaluate
ColdRAG on these aspects using five independent
runs on the Games dataset. As shown in Figure 3
(a), ColdRAG achieves high average performance
and low variance in Recall@10, demonstrating
stable, reproducible generation compared to other
training-free baselines. This robustness stems from
structured retrieval and reasoning, providing con-
sistent semantic grounding rather than relying on
prompt randomness. We also measure hallucina-
tion rates, shown in Figure 3 (b), defined as the
proportion of generated items not present in the
dataset. While other LLM-based models, including
LLM and LLMRank variants, exhibit 5-10% out-
of-domain outputs even with predefined candidate
lists, ColdRAG reduces this rate to 3.15%. This
improvement shows that knowledge-grounded re-
trieval helps the model construct and reason over
a semantic graph, enabling it to retrieve contextu-
ally valid items and constrain generation within the
domain. In summary, beyond achieving superior
recommendation performance, ColdRAG also ex-
hibits robust stability and minimal hallucination,
which are essential for practical and trustworthy
recommender systems.

4.5 Hyperparameter Analysis

We analyze the impact of the edge scoring thresh-
old A, which controls how strictly ColdRAG filters
edges during Query-aware Multi-hop Reasoning.
As shown in Figure 4, ColdRAG achieves the best
performance when A = 7. A smaller threshold
allows irrelevant edges to remain, while an exces-
sively large threshold overly constrains traversal
and misses useful nodes. This result indicates that
a moderate threshold effectively balances relevance
and diversity in the retrieved candidates, yielding
the most robust overall performance.
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Figure 4: Effect of the edge scoring threshold A on
ColdRAG’s Recall@10 and NDCG @10 on the Games
dataset.

5 Discussion

To provide deeper insight into ColdRAG’s practi-
cal behavior beyond aggregate performance, we
further discuss its adaptability to cold-start sce-
narios, its position among recommender system
paradigms, and the structural properties of the con-
structed knowledge graph.

5.1 Cold-start Adaptability

ColdRAG is inherently suitable for item cold-start
scenarios, as illustrated in Figure 5. When a new
item appears with only metadata, the framework
immediately generates its item profile, extracts en-
tities and relations, and integrates them into the ex-
isting knowledge graph through the same pipeline
used for prior items. This enables the new item to
connect with semantically related concepts, such as
genres, features, or characters, and to participate in
the graph’s reasoning and retrieval processes with-
out requiring historical interactions or retraining.
Importantly, this integration is performed on-
line and does not depend on periodic model up-
dates or offline graph reconstruction, allowing Col-
dRAG to adapt continuously as the item catalog
evolves. As a result, newly introduced items can
be recommended as soon as their metadata be-
comes available, while still benefiting from the
structured semantic context accumulated from ex-
isting items. Such seamless and incremental in-
corporation makes ColdRAG particularly robust in



dynamic environments where new items are fre-
quently introduced.

K ledge Graph

Uncharted

engaging catchy music

gameplay

Metadata
Title: Super Mario Land
Description: ...
Attributes: ...

Item Profile

Super Mario Land brings the iconic
plumber ... Players are transported
through/diverse landscapes featuring
creative mechanics like submarine ...
The catchy musicland engaging
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as they face off against the ...

diverse
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Super Mario
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franchise adventure
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cinematic .

storytelling

Figure 5: Illustration of ColdRAG’s adaptability to item
cold-start scenario.

5.2 Comparison of Recommender Paradigms

Table 4 situates ColdRAG within the broader land-
scape of recommender system paradigms. Tra-
ditional collaborative filtering (CF) and content-
based (CB) methods address cold-start only par-
tially and lack zero-shot capability, while hybrid
models (CF+CB) still depend on interaction data
to function effectively. Prompt-only LLM rec-
ommenders enable zero-shot inference but suffer
from hallucination and weak grounding, as they
rely solely on parametric knowledge. RAG-based
LLMs improve factual grounding through external
retrieval, yet typically operate over shallow or un-
structured evidence and do not support relational,
multi-hop reasoning.

ColdRAG uniquely combines dynamic external
grounding, zero-shot usability, and multi-hop rea-
soning over structured knowledge, allowing it to
handle item cold-start scenarios without retrain-
ing or predefined candidate lists. As summarized
in Table 4, ColdRAG is the only framework that
simultaneously satisfies all four key capabilities,
highlighting its distinct position among existing
recommender system categories.

Table 4: Comparison of recommender paradigms across
four key capabilities: handling cold-start, grounding in
external evidence, zero-shot usability, and multi-hop
reasoning over structured knowledge. (* denotes static
metadata rather than retrieved evidence.)

Cold-start Grounding Zero-shot Multi-hop
CF X X X X
CB v e X X
CF+CB v v X X
Prompt-only LLM v X v X
RAG-based LLM v v 4 X
ColdRAG (ours) v v v v

5.3 Structure of Knowledge Graph

We analyze the structure of the KG constructed us-
ing the Games dataset with gpt-4o-mini, focusing
on the distribution of entity types and their rela-
tions, as shown in Figure 6 (a). The KG is primarily
composed of item nodes (50%) and feature nodes
(26%), while other entities such as target user (9%),
etc (6%), setting (5%), and genre (4%) provide
complementary semantic context. This distribu-
tion shows that the KG is centered around items,
with non-item entities describing and explaining
their properties. The heatmap in Figure 6 (b) re-
veals dense connections between items and features
(15,102 edges) and between items and target users
(4,928 edges), indicating that the graph effectively
captures item attributes and user-related semantics.
Additional links to genre and setting nodes further
enrich contextual diversity, enabling nuanced multi-
hop reasoning. Overall, the KG exhibits a dense
yet interpretable structure that supports ColdRAG’s
retrieval and reasoning processes.
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Figure 6: (a) Pie chart of the distribution of entity (node)
types in the KG. (b) Heatmap of the number of relations
(edges) between the entity types.

6 Conclusion

We presented ColdRAG, a retrieval-augmented gen-
eration framework for item cold-start recommen-
dation. ColdRAG dynamically builds a knowledge
graph from sparse metadata and performs LLM-
guided multi-hop reasoning to adaptively retrieve
candidate items aligned with user preferences, with-
out relying on pre-built candidate lists. This de-
sign enables accurate and stable recommendations,
making ColdRAG a step toward practical cold-start
recommendation for real-world scenarios. Experi-
ments across multiple domains show that ColdRAG
consistently outperforms both training-based and
training-free baselines. Moreover, its dynamic re-
trieval and reasoning pipeline improves robustness
and reliability under evolving item catalogs.



Limitations

While ColdRAG demonstrates superior perfor-
mance, it faces several practical constraints. First,
its reliance on repeated LLM queries during knowl-
edge graph construction and multi-hop reasoning
introduces notable computational cost and latency,
posing challenges for large-scale or real-time de-
ployment. Moreover, although ColdRAG can op-
erate with both open- and closed-source LLMs,
reliance on closed-sourced models such as the GPT
series can make reproduction costly and less con-
sistent across environments. Another limitation
lies in ColdRAG’s limited adaptability. Several
key hyperparameters, such as edge scoring thresh-
olds and candidate pool sizes, are manually set
and static across domains. This rigidity may con-
strain performance under varying data distributions
or interaction sparsity. A more adaptive, agentic
framework could dynamically adjust these parame-
ters and query strategies, improving both efficiency
and generalization in diverse real-world settings.
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A Prompt Templates

We present the prompt templates used in the four
core modules of ColdRAG. Each prompt is de-
signed to guide the LLM through a distinct stage of
the pipeline, ensuring consistent and interpretable
behavior.

A.1 TItem Profile Generation

This prompt directs the LLM to create a concise,
fluent item profile using the title, metadata, and
reviews, enriching sparse information with its pre-
trained knowledge when necessary.
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You are an expert in gaming and consumer electronics.

For each product, write a short, engaging, and informative description.
If the given information is insufficient to describe the item,
enrich the description using your own knowledge about the product or its context.

Example:
“##t# Item Title: The Legend of Zelda: Breath of the Wild (Nintendo Switch) ###
One of the most acclaimed open-world games ever made ... ”

Now, follow the given example format and write a description for the following item:
“Item Title: {item title},

Category: {categories},

Description: {item description},

Reviews: {item reviews}”

Figure 7: Example prompt for Item Profile Generation.

A.2 Dynamic Knowledge Graph Construction

This prompt instructs the LLM to extract entities
and relations from the generated item profile, pro-
ducing a structured and interpretable knowledge
graph centered around the item.

You are an entity and relationship extraction specialist.
Given a product description and reviews,
identify entities and relations that describe the item.

1. Extract entities with:
- entity_name: If "item", use exact full title from the line " ### Item Title: ... ### .
For other types (genre, setting, feature, target user, etc.), extract distinct phrases.
- entity_type: ["item", "genre", "setting", "feature", "target user", "etc"].
- entity_description: A concise explanation of its meaning or role.

N

. Extract relationships:
- Every non-item entity must connect to item entity.
- Include: source_entity, target_entity, relationship_description.

Input text: {text}

Figure 8: Example prompt for Entity and Relation Ex-
traction.

A.3 Adaptive Candidate Retrieval over KG

This prompt enables the LLM to evaluate graph
edges using the user’s interaction history and it-
eratively expand the reasoning frontier to identify
semantically relevant candidate items.

You are helping with multi-hop reasoning over a knowledge graph.
The following is the user's past interaction history: {history}

Below are edges from the current reasoning frontier, each connecting two entities.
For each edge, assess how strongly it relates to the user's past interests.

Score each edge from 0 (completely irrelevant) to 10 (highly relevant) based on
semantic similarity to the user's interaction history.

Here are the edges: {edges}

Figure 9: Example prompt for Adaptive Candidate Re-
trieval.

A4 Retrieval-augmented Generation

This prompt guides the LLM to rank the retrieved
candidate items and produce the final top-k recom-
mendations in a dataset-consistent format.



You are a recommendation assistant.
Given the following item interactions: {history}
And the following candidate item list: {candidate_list}

Recommend the top {k} items that the user would most likely interact with next,
based on the user's past interactions.

Only output the final ranked list in this strict format:
"1. <item title>\n2. <item title>\n...\n(up to {k} items)\n\n"

Figure 10: Example prompt for Retrieval-augmented
Generation.

B Additional Implementation Details

For the GPT setting, we use gpt-4o-mini accessed
through the Azure OpenAl API. Entity and re-
lation embeddings are encoded using OpenAl’s
text-embedding-3-small model, with all embed-
dings indexed in FAISS for approximate nearest-
neighbor retrieval. For the Qwen setting, we em-
ploy gwen2.5-32b-instruct served via the vLLM*
backend, paired with the bge-m3> embedding
model for semantic representation. Both configura-
tions follow identical hyperparameters and retrieval
settings to ensure a fair comparison across LLM
backbones. These results confirm that ColdRAG’s
performance is consistent across different LLM ar-
chitectures, demonstrating its architecture-agnostic
robustness.

4https ://github.com/v11lm-project/vllm
Shttps://huggingface.co/BAAL/bge-m3
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