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Abstract001

The cold-start problem remains a critical chal-002
lenge in real-world recommender systems, as003
new items with limited interaction data or insuf-004
ficient information are frequently introduced.005
Despite recent advances leveraging external006
knowledge such as knowledge graphs (KGs)007
and large language models (LLMs), recom-008
mender systems still face challenges in prac-009
tical environments: (1) static KGs are costly to010
construct and maintain and quickly become out-011
dated as catalogs evolve; and (2) LLM-based012
methods are constrained by limited context win-013
dows, forcing reliance on pre-filtered candi-014
date lists. To address these limitations, we pro-015
pose ColdRAG, a retrieval-augmented frame-016
work that dynamically constructs a knowl-017
edge graph from raw metadata, extracts en-018
tities and relations to construct an updatable019
structure, and introduces LLM-guided multi-020
hop reasoning at inference time to retrieve021
and rank candidates without relying on pre-022
filtered lists. Experiments across multiple023
benchmarks show that ColdRAG consistently024
outperforms seven strong baselines. Our imple-025
mentation is available at https://anonymous.026
4open.science/r/ColdRAG.027

1 Introduction028

In real-world recommender systems, newly intro-029

duced items often arrive with few or no interaction030

records and incomplete metadata. This lack of031

information prevents models from accurately esti-032

mating user preferences, resulting in poor recom-033

mendation quality, reduced user satisfaction, and034

ultimately revenue loss (Huang et al., 2023; Zhang035

et al., 2025). To tackle this challenge, recent works036

have explored two main directions: (i) KG–based037

methods that construct structured representations038

of the item catalog (Wang et al., 2019b; Guo et al.,039

2020), and (ii) LLM-based methods that leverage040

LLMs as recommenders, typically prompting on041

user histories with a small set of candidate items042

(Sanner et al., 2023; Hou et al., 2024). 043

However, both directions face critical limita- 044

tions in practical deployment (Lin et al., 2025). 045

First, knowledge graphs used in prior work are typ- 046

ically constructed offline and treated as static struc- 047

tures(Wang et al., 2019a; Jiang et al., 2024). Build- 048

ing such graphs requires substantial manual engi- 049

neering to extract and curate relations among items 050

and attributes, making them costly to construct 051

and maintain. Moreover, real-world item catalogs 052

evolve continuously as new items, attributes, and 053

relations appear. Maintaining these static graphs 054

requires periodic offline updates and recalibration, 055

which limits real-time adaptability and prevents 056

end-to-end integration with dynamic recommenda- 057

tion pipelines (Guo et al., 2020). 058

Second, LLM-based approaches are usually for- 059

mulated as re-rankers over a pre-filtered candidate 060

set rather than as end-to-end retrieval systems (Hou 061

et al., 2024; Wu et al., 2024). Because LLMs 062

operate under bounded context windows and to- 063

ken budgets, only a curated subset of items and 064

a truncated user history can be included in the 065

prompt, necessitating a separate task-specific re- 066

trieval pipeline. While recent work introduces 067

retrieval-aware prompting, its retrieval remains 068

shallow, limited to keyword matching or single-hop 069

similarity search, which still limits performance 070

and reduces adaptability in dynamic cold-start set- 071

tings (Liang et al., 2025; Kieu et al., 2025). 072

To address the above limitations, we introduce 073

ColdRAG, a retrieval-augmented framework built 074

around two key modules. The first module, Dy- 075

namic Knowledge Graph Construction, automati- 076

cally builds and incrementally updates a domain 077

graph from catalog fields (e.g., titles, descriptions, 078

attributes, reviews), allowing the structure to evolve 079

naturally as the catalog changes. The second mod- 080

ule, Adaptive Candidate Retrieval over Knowledge 081

Graph, removes the need for pre-filtered candi- 082

date lists by treating candidate generation as LLM- 083
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guided, goal-directed traversal over the graph, as-084

sembling a compact, high-utility candidate set to-085

gether with evidence paths that justify each rec-086

ommendation. Empirically, ColdRAG consistently087

surpasses strong training-based and training-free088

baselines across diverse product domains with large089

performance gains.090

Our contributions are threefold:091

• To the best of our knowledge, we are the first092

to introduce a dynamic KG evolving mecha-093

nism for recommender systems that adapts to094

an ever-changing item catalog, reducing static095

KG maintenance and engineering overhead.096

• We eliminate the unrealistic assumption that a097

curated candidate list is already in the LLM’s098

context window by integrating candidate re-099

trieval with LLM-guided multi-hop reasoning.100

• We demonstrate strong cold-start performance101

on multiple benchmarks and provide extensive102

analyses on component effectiveness, stability,103

and robustness.104

2 Related Works105

2.1 Cold-Start Recommendation106

The item cold-start problem arises when newly in-107

troduced items lack sufficient interaction history,108

making it difficult for traditional recommender sys-109

tems to estimate user preferences (Zhang et al.,110

2025). Early works focused on content-based or111

hybrid methods that leverage auxiliary informa-112

tion such as item descriptions or attributes to com-113

pensate for missing collaborative signals (Javed114

et al., 2021; Widayanti et al., 2023). More re-115

cent training-based approaches explicitly target116

cold-start-scenarios by designing specialized ob-117

jectives or robustness mechanisms. For example,118

CLCRec (Wei et al., 2021) strengthens cold-start119

representations through contrastive alignment be-120

tween collaborative and content-derived embed-121

dings, while TDRO (Lin et al., 2024) improves gen-122

eralization and robustness by accounting for tem-123

poral distribution shifts. Although effective, these124

methods depend on task-specific training pipelines125

and require retraining or adaptation as new items126

continuously appear, which limits their flexibility127

in dynamic real-world settings.128

2.2 LLM-based Recommendation129

Building on this perspective, a line of work has130

framed cold-start recommendation as a zero-shot131

learning problem, requiring generalization to cold 132

items that lack historical interactions (Li et al., 133

2019; Alshehri and Zhang, 2022). This fram- 134

ing naturally motivates the use of LLMs, as their 135

pretrained semantic knowledge and instruction- 136

following ability allow them to operate in training- 137

free, zero-shot settings using only textual descrip- 138

tions of items and user histories (Sanner et al., 139

2023). Following this direction, several zero-shot 140

LLM recommenders have been proposed. LLM- 141

Rank formulates recommendation as an instruction- 142

following task, prompting an LLM to rank candi- 143

date items based on a user’s interaction history 144

and item descriptions without any additional train- 145

ing (Hou et al., 2024). TaxRec extends this ap- 146

proach by augmenting prompts with taxonomy to- 147

kens, enabling the model to reason over hierarchi- 148

cal item spaces (Liang et al., 2025). KALM4Rec 149

further incorporates a lightweight keyword-driven 150

retrieval module that supplies salient terms be- 151

fore prompt-based LLM re-ranking, while still 152

avoiding finetuning (Kieu et al., 2025). Despite 153

their improvements, these methods primarily rely 154

on prompt design and typically operate over pre- 155

filtered candidate lists or shallow retrieval signals, 156

as they are constrained by static knowledge and the 157

limited context window budget of LLMs. 158

3 Proposed Method 159

We present ColdRAG, a retrieval-augmented gen- 160

eration framework for cold-start recommendation. 161

ColdRAG equips an LLM with a dynamically con- 162

structed KG that enables semantic reasoning and 163

adaptively builds candidate items for context-aware 164

and controllable recommendation. The overall 165

framework is illustrated in Figure 1. For the prob- 166

lem setting, we follow the sequential recommen- 167

dation task, where each user u has an interaction 168

history Hu = [i1, i2, . . . , in−1] and the goal is to 169

recommend the next item in. 170

3.1 Dynamic Knowledge Graph Construction 171

3.1.1 Item Profile Generation 172

Item metadata is a key source for constructing the 173

knowledge graph, but it is often sparse, noisy, or 174

inconsistently structured, making it difficult to ex- 175

tract meaningful semantics directly. To address 176

this, ColdRAG leverages a LLM to denoise and 177

enrich this information by using the model’s pre- 178

trained knowledge to fill informational gaps, pro- 179

ducing concise, knowledge-grounded item pro- 180
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Item Profile 𝑃
<Tomb Raider>
Embark on an iconic adventure with 
Tomb Raider, a groundbreaking action-
adventure game that introduced players 
to the fearless archaeologist Lara Croft.
Set against stunningly diverse 
landscapes, from treacherous tombs to 
magnificent ruins, ... This game redefined 
the action genre and laid the foundation 
for cinematic storytelling in video 
games, ...

Metadata 𝐦
Title: Tomb Raider
Description: …
Attributes: …
Reviews …

⋯

Item Profile Generation
‘𝑒!"#$’: ‘Tomb Raider’,
‘𝑒%&'$’: ‘item’,
‘𝑒($)*’: ‘groundbreaking action-adve …’,
‘𝑒$#+’: …

Query
I’ve purchased the following items in the past:
{“Tomb Raider”, “Fallout 3”, “Dead or Alive 
Ultimate”, “Saints Row 2 – Xbox 360”, … }.
There are candidate items that I can consider 
purchasing next: {    }.

Please recommend the top-10 items among the 
candidate items that I would most likely interact 
with next, based on the past interactions.

Recommendations
“1. Lord of the Rings 2,
2. Devil May Cry 2,
3. Uncharted 1,
4. Resident Evil 4,
5. Pokemon:Yellow,
6. Far Cry 3,
…
10. Kingdom Hearts 2”

System
Prompt

Adaptive Candidate Retrieval over Knowledge Graph

User
PromptMatch

Dataset
Knowledge Graph 𝒢

Keywords 𝐻!
“Tomb Raider”,
“Fallout 3”,
“Dead or Alive …”,
“Saints Row 2 …”, …

Candidates 𝒞𝒖
“Uncharted 1”,
“Lord of the Rings 2”,
“Final Fantasy”, …

Contextual Text 𝒯𝒖
{“Uncharted 1”:“The first game in the Uncharted series that follows tre …”},
{(“Uncharted 1”, “action-adventure”):“The game offers a unique action …”,…

Parse

Retrieval-augmented
Recommendation

‘𝑒!"#$’: ‘cinematic storytelling’,
‘𝑒%&'$’: ‘feature’,
‘𝑒($)*’: ‘Cinematic Storytelling is a n…’,
‘𝑒$#+’: …

‘𝑒!"#$’: ‘diverse landscapes’,
‘𝑒%&'$’: ‘feature’,
‘𝑒($)*’: “The game features a variety …”,
‘𝑒$#+’: …

⋯

‘𝑒!"#$’: ‘action-adventure’,
‘𝑒%&'$’: ‘genre’,
‘𝑒($)*’: ‘A genre blending elements of…’,
‘𝑒$#+’: …

‘𝑒!"#$’: ‘Lara Croft’,
‘𝑒%&'$’: ‘etc’,
‘𝑒($)*’: ‘An iconic game character of …’,
‘𝑒$#+’: …

‘𝑟!"#$’: (‘Tomb Raider’,‘Lara Croft’),
‘𝑟($)*’: ‘ Lara Croft is the main character 
driving the player’s experience in Tomb…’,
‘𝑟$#+’: …

𝑦"!

Dynamic Knowledge Graph Construction

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-181

tics. For each item i, we define its metadata182

as mi = (title, description, attributes, review) and183

obtain the profile via the inline mapping Pi =184

LLM(prompt(mi)). This process curates raw, un-185

structured metadata into fluent summaries that186

highlight key concepts such as genre, features, or187

notable entities (e.g., “action-adventure,” “Lara188

Croft”), forming a clean and standardized foun-189

dation for knowledge graph construction and down-190

stream reasoning. The prompt used for this step is191

provided in Appendix A.1.192

3.1.2 Knowledge Graph Generation193

With enriched item profiles in place, ColdRAG or-194

ganizes this information into a structured semantic195

graph by prompting the LLM to extract entities and196

relations, which creates a foundation for reasoning197

and retrieval. Given an item profile Pi, the LLM198

extracts entities, relations, and textual statements199

describing them, constructing a knowledge graph200

G = (E ,R), where E denotes entities and R the201

relations linking them.202

To be specific, for each item, the LLM extracts203

entities and relations, each paired with a natural-204

language description and an embedding for se-205

mantic retrieval. An entity e ∈ E is represented206

as (ename, etype, edesc, eemb), where ename is the en-207

tity title, etype identifies its category (e.g., item, 208

genre, feature), edesc provides its textual explana- 209

tion, and eemb is its vector embedding. A relation 210

r ∈ R is represented as (rname, rdesc, remb), where 211

rname = (esrc, etgt) denotes the source-target entity 212

pair, rdesc describes their connection, and remb is 213

its embedding used for scoring. For instance, as 214

shown in Figure 1, the entity Tomb Raider is of type 215

’item’ and the description “groundbreaking action- 216

adventure game . . . ”. A corresponding relation con- 217

nects Tomb Raider to Lara Croft with the descrip- 218

tion “Lara Croft is the main character driving the 219

player’s experience in Tomb Raider.”. This trans- 220

formation organizes free-form text into an entity- 221

centric graph structure, enabling fine-grained multi- 222

hop reasoning over attribute-level connections. The 223

prompt used is shown in Appendix A.2. 224

The constructed graph is stored in a hybrid 225

knowledge base: the graph topology (nodes and 226

edges) and their textual descriptions are stored as 227

structured files, while embeddings are indexed in 228

a vector database (e.g., FAISS1) for efficient simi- 229

larity search. Each textual description is encoded 230

using the same pretrained embedding model, en- 231

suring consistent semantic representations across 232

all entities and relations; additional details are 233

1https://github.com/facebookresearch/faiss
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provided in Appendix B. This combination of234

structural traversal and semantic retrieval provides235

ColdRAG with evidence-grounded access to item236

knowledge during recommendation.237

3.2 Adaptive Candidate Retrieval over238

Knowledge Graph239

Once the knowledge graph G has been constructed,240

ColdRAG uses it to adaptively identify candidate241

items aligned with a user’s current interests. Given242

a user query that includes both task instructions243

and the interaction history Hu, the system begins244

by locating the parts of the graph most relevant245

to the user. The titles of items in Hu are used as246

keyword anchors and embedded with the same pre-247

trained embedding model from graph construction.248

These embeddings are then matched against stored249

entity embeddings using cosine similarity to locate250

the most semantically similar nodes. The matched251

entities initialize the frontier F0, representing the252

user’s current semantic context in the graph. Col-253

dRAG then performs iterative query-aware multi-254

hop reasoning guided by the LLM. At each step t,255

all outgoing edges from the current frontier Ft are256

scored by the LLM according to their relevance to257

the user history, where sr = LLM(rdesc, Hu) and258

sr ∈ [0, 10] measures the semantic alignment be-259

tween the relation description rdesc and the user’s260

interests. Edges with sr ≥ λ are retained, and their261

target nodes form the next frontier:262

Ft+1 = {e′ | (e, e′, rdesc)∈R, sr≥λ}.263

When a target node corresponds to an item, it is264

added to a temporary candidate pool C̃u along with265

its associated descriptions T̃u. Traversal continues266

until |C̃u| reaches the predefined maximum pool267

size θpool. Finally, the LLM aggregates edge scores268

to rank the retrieved items and selects the top θtop269

as the final candidate set Cu, with their textual ev-270

idence forming the final contextual input Tu. The271

example prompt is shown in Appendix A.3.272

3.3 Retrieval-augmented Recommendation273

In the final stage, ColdRAG generates recommen-274

dations using the candidate item set Cu and contex-275

tual text block Tu. The contextual text, composed276

of natural-language descriptions of relevant entities277

and relations from the knowledge graph, serves as278

the system prompt that provides semantic ground-279

ing. The candidate set is integrated into the user280

query to form the user prompt Qu, which expresses281

user preferences and specifies the desired top-k rec- 282

ommendations within the retrieved candidates. 283

The LLM then generates ranked outputs condi- 284

tioned on both prompts: 285

Ŷu = ParseTopK(LLM(Tu, Qu, k)). 286

Here, LLM(Tu, Qu, k) denotes generation with top- 287

k instruction (e.g., “Recommend the top-k items 288

among the given candidate list, based on the user’s 289

history and retrieved context”), and ParseTopK ex- 290

tracts top-k ranked item titles from the output. Col- 291

dRAG’s ability to accommodate new items is fur- 292

ther discussed in Section 5.1. 293

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 294

We conduct comprehensive experiments to evaluate 295

the effectiveness of ColdRAG in item cold-start 296

recommendation. Our analysis is organized around 297

the following research questions: 298

• RQ1: Does ColdRAG effectively address the 299

item cold-start recommendation problem? 300

• RQ2: How effective is the Dynamic Knowledge 301

Graph Construction? 302

• RQ3: How does Adaptive Candidate Retrieval 303

enhance recommendation performance? 304

• RQ4: Does ColdRAG exhibit stable and consis- 305

tent generation across runs? 306

• RQ5: Does ColdRAG reduce hallucination and 307

avoid out-of-domain recommendations? 308

4.1 Experimental Setup 309

4.1.1 Datasets 310

We evaluate ColdRAG on three domains from the 311

Amazon Review dataset (Ni et al., 2019): Games, 312

Toys, and Office, which represent diverse product 313

types and interaction patterns. We apply core fil- 314

tering with a threshold of 15 for Games and 10 315

for Toys and Office, retaining users and items that 316

meet the minimum interaction count. To simulate 317

item cold-start scenarios, the least frequent 10% of 318

items in each dataset are designated as cold items. 319

Following the sequential recommendation setting, 320

each user’s interactions are treated as a sequence, 321
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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.

LLM Model
Games Toys Office

Recall@10 NDCG@10 Recall@10 NDCG@10 Recall@10 NDCG@10

GPT

LLM 3.48 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 2.23
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 3.43 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%

Qwen

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
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.

LLM Model
Games Toys Office

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 2.75 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 the322

leave-one-out protocol (Sun et al., 2019; Hou et al.,323

2022). From each domain, we sample 500 user324

sequences that end with a cold item; the preceding325

n−1 items serve as input and the final item as the326

test target. For training-based baselines, these 500327

cold-item sequences are used for testing, and all328

remaining sequences form the training set, ensur-329

ing consistent evaluation between training-based330

and training-free settings. Dataset and knowledge331

graph statistics are summarized in Table 1.332

4.1.2 Baselines333

We compare ColdRAG with representative base-334

lines spanning both training-based and training-335

free paradigms. Among training-based models,336

UniSRec (Hou et al., 2022) fine-tunes a univer-337

sal sequence encoder with contrastive objectives,338

CLCRec (Wei et al., 2021) trains a contrastive339

framework to preserve collaborative signals for340

cold items, and TDRO (Lin et al., 2024) ap- 341

plies distributionally robust optimization to han- 342

dle temporal shifts. For training-free methods, we 343

include a plain LLM that ranks randomly sam- 344

pled candidates without retrieval grounding; LLM- 345

Rank (Hou et al., 2024), which provides sequential 346

(S), recency (R), and in-context (I) prompting vari- 347

ants for zero-shot re-ranking; TaxRec (Liang et al., 348

2025), which injects taxonomy cues to guide LLM 349

reasoning; and KALM4Rec (Kieu et al., 2025), 350

which uses keyword-level retrieval to support cold- 351

start recommendation. Among the training-based 352

baselines, UniSRec fine-tunes a pretrained model, 353

whereas CLCRec and TDRO are trained from 354

scratch. The remaining methods are training-free 355

methods that operate entirely without parameter 356

updates, relying on LLM inference for reasoning 357

and retrieval. Together, they provide a broad com- 358

parison across representation learning, fine-tuning, 359

and retrieval-augmented LLM paradigms. 360
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4.1.3 Evaluation Metrics361

We evaluate recommendation performance using362

two standard metrics widely adopted in cold-start363

tasks: Recall@k and NDCG@k, following prior364

work (Hou et al., 2022; Wei et al., 2021; Liang365

et al., 2025). All results are reported at k = 10.366

4.1.4 Implementation Details367

ColdRAG and all training-free baselines are imple-368

mented using two LLM backbones: gpt-4o-mini2369

and Qwen2.5-32b-instruct3 (“GPT” and “Qwen”370

in Table 2 and Table 3). Using two distinct LLM371

backbones verifies that ColdRAG’s effectiveness372

generalizes beyond a single architecture. We set373

the edge scoring threshold to λ = 7, the candidate374

pool size to θpool = 300, and the final candidate set375

size to θtop = 100, consistent with Section 3. All376

experiments are repeated five times, and average377

results are reported for stability and reproducibil-378

ity. Additional implementation details appear in379

Appendix B.380

4.2 Overall Performance (RQ1)381

Table 2 reports the performance of ColdRAG382

against training-free baselines on the Games, Toys,383

and Office datasets using two LLM backbones. Col-384

dRAG consistently achieves the best results across385

all metrics and domains. ColdRAG improves386

Recall@10 by 39.73%, 26.76%, and 104.76%387

with GPT, and by 78.22%, 24.62%, and 130.99%388

with Qwen on Games, Toys, and Office, respec-389

tively. The larger gains in Recall@10 compared to390

NDCG@10 indicate that ColdRAG is particularly391

effective at retrieving relevant candidates into the392

top set while maintaining strong ranking quality.393

Among training-free baselines, LLM and LLM-394

Rank variants perform moderately but rely on pre-395

defined candidate lists, which restrict contextual ex-396

ploration. KALM4Rec partially alleviates this limi-397

tation through keyword-based retrieval, yet remains398

constrained to shallow matching. In contrast, Col-399

dRAG enables adaptive, multi-hop traversal over400

semantically linked concepts in a dynamically con-401

structed knowledge graph, allowing it to retrieve402

more candidates and achieve higher accuracy.403

Table 3 further compares ColdRAG with404

training-based cold-start models. ColdRAG con-405

sistently outperforms all dedicated training-based406

2https://platform.openai.com/docs/models/
gpt-4o-mini

3https://huggingface.co/Qwen/Qwen2.
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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 407

strongest model optimized through supervised 408

learning objectives. This result holds across all 409

domains and for both backbones, indicating that 410

even carefully trained models struggle to general- 411

ize under item sparsity and distribution shift. In 412

contrast, ColdRAG achieves superior performance 413

without domain-specific parameter training, rely- 414

ing instead on retrieval-augmented generation with 415

dynamically constructed knowledge graph. 416

Overall, results across both tables show that Col- 417

dRAG not only surpasses existing training-free ap- 418

proaches, but also outperforms established training- 419

based cold-start models, highlighting the effective- 420

ness of dynamic knowledge graph retrieval com- 421

bined with LLM reasoning for robust item cold- 422

start recommendation. 423

4.3 Ablation Study (RQ2 & RQ3) 424

To examine the impact of ColdRAG’s core com- 425

ponents, we compare three settings: w/o G,R, a 426

plain LLM without dynamic knowledge graph con- 427

struction (G) or adaptive candidate retrieval (R); 428

w/o R, a variant that includes G but replaces R 429

with embedding-similarity top-k matching; and the 430

full ColdRAG model combining both modules. As 431

shown in Figure 2, performance improves steadily 432

from w/o G,R to ColdRAG across most domains. 433

These results indicate that dynamic knowledge 434

graph construction (G) provides structured seman- 435

tic grounding, while adaptive candidate retrieval 436

(R) introduces goal-directed exploration over re- 437

lated entities, together yielding consistent gains as 438

each module is added. In the Office domain, w/o R 439

performs slightly worse than w/o G,R, indicating 440

that unfiltered knowledge can introduce noise when 441

metadata is sparse. However, the full model re- 442

stores performance by selectively refining relevant 443

information through reasoning. Overall, the two 444

modules are complementary: knowledge ground- 445

ing provides semantic depth, and retrieval ensures 446
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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’s447

superior cold-start recommendation performance.448

4.4 Analysis on Stability and Hallucination449

(RQ4 & RQ5)450

LLM-based recommenders often suffer from gen-451

eration inconsistency and hallucination, producing452

unstable or out-of-domain outputs. We evaluate453

ColdRAG on these aspects using five independent454

runs on the Games dataset. As shown in Figure 3455

(a), ColdRAG achieves high average performance456

and low variance in Recall@10, demonstrating457

stable, reproducible generation compared to other458

training-free baselines. This robustness stems from459

structured retrieval and reasoning, providing con-460

sistent semantic grounding rather than relying on461

prompt randomness. We also measure hallucina-462

tion rates, shown in Figure 3 (b), defined as the463

proportion of generated items not present in the464

dataset. While other LLM-based models, including465

LLM and LLMRank variants, exhibit 5–10% out-466

of-domain outputs even with predefined candidate467

lists, ColdRAG reduces this rate to 3.15%. This468

improvement shows that knowledge-grounded re-469

trieval helps the model construct and reason over470

a semantic graph, enabling it to retrieve contextu-471

ally valid items and constrain generation within the472

domain. In summary, beyond achieving superior473

recommendation performance, ColdRAG also ex-474

hibits robust stability and minimal hallucination,475

which are essential for practical and trustworthy476

recommender systems.477

4.5 Hyperparameter Analysis 478

We analyze the impact of the edge scoring thresh- 479

old λ, which controls how strictly ColdRAG filters 480

edges during Query-aware Multi-hop Reasoning. 481

As shown in Figure 4, ColdRAG achieves the best 482

performance when λ = 7. A smaller threshold 483

allows irrelevant edges to remain, while an exces- 484

sively large threshold overly constrains traversal 485

and misses useful nodes. This result indicates that 486

a moderate threshold effectively balances relevance 487

and diversity in the retrieved candidates, yielding 488

the most robust overall performance. 489
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Figure 4: Effect of the edge scoring threshold λ on
ColdRAG’s Recall@10 and NDCG@10 on the Games
dataset.

5 Discussion 490

To provide deeper insight into ColdRAG’s practi- 491

cal behavior beyond aggregate performance, we 492

further discuss its adaptability to cold-start sce- 493

narios, its position among recommender system 494

paradigms, and the structural properties of the con- 495

structed knowledge graph. 496

5.1 Cold-start Adaptability 497

ColdRAG is inherently suitable for item cold-start 498

scenarios, as illustrated in Figure 5. When a new 499

item appears with only metadata, the framework 500

immediately generates its item profile, extracts en- 501

tities and relations, and integrates them into the ex- 502

isting knowledge graph through the same pipeline 503

used for prior items. This enables the new item to 504

connect with semantically related concepts, such as 505

genres, features, or characters, and to participate in 506

the graph’s reasoning and retrieval processes with- 507

out requiring historical interactions or retraining. 508

Importantly, this integration is performed on- 509

line and does not depend on periodic model up- 510

dates or offline graph reconstruction, allowing Col- 511

dRAG to adapt continuously as the item catalog 512

evolves. As a result, newly introduced items can 513

be recommended as soon as their metadata be- 514

comes available, while still benefiting from the 515

structured semantic context accumulated from ex- 516

isting items. Such seamless and incremental in- 517

corporation makes ColdRAG particularly robust in 518
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dynamic environments where new items are fre-519

quently introduced.520

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

diverse 
landscapes

Knowledge Graph

Item Profile
<Super Mario Land>
Super Mario Land brings the iconic 
plumber ... Players are transported 
through diverse landscapes featuring 
creative mechanics like submarine … 
The catchy music and engaging 
gameplay keep audiences entertained 
as they face off against the …

catchy music

Super Mario 
Land

engaging 
gameplay

New 
Item

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

5.2 Comparison of Recommender Paradigms521

Table 4 situates ColdRAG within the broader land-522

scape of recommender system paradigms. Tra-523

ditional collaborative filtering (CF) and content-524

based (CB) methods address cold-start only par-525

tially and lack zero-shot capability, while hybrid526

models (CF+CB) still depend on interaction data527

to function effectively. Prompt-only LLM rec-528

ommenders enable zero-shot inference but suffer529

from hallucination and weak grounding, as they530

rely solely on parametric knowledge. RAG-based531

LLMs improve factual grounding through external532

retrieval, yet typically operate over shallow or un-533

structured evidence and do not support relational,534

multi-hop reasoning.535

ColdRAG uniquely combines dynamic external536

grounding, zero-shot usability, and multi-hop rea-537

soning over structured knowledge, allowing it to538

handle item cold-start scenarios without retrain-539

ing or predefined candidate lists. As summarized540

in Table 4, ColdRAG is the only framework that541

simultaneously satisfies all four key capabilities,542

highlighting its distinct position among existing543

recommender system categories.544

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 ✗ ✗ ✗ ✗

CB ✓ ✓* ✗ ✗

CF + CB ✓ ✓ ✗ ✗

Prompt-only LLM ✓ ✗ ✓ ✗

RAG-based LLM ✓ ✓ ✓ ✗

ColdRAG (ours) ✓ ✓ ✓ ✓

5.3 Structure of Knowledge Graph 545

We analyze the structure of the KG constructed us- 546

ing the Games dataset with gpt-4o-mini, focusing 547

on the distribution of entity types and their rela- 548

tions, as shown in Figure 6 (a). The KG is primarily 549

composed of item nodes (50%) and feature nodes 550

(26%), while other entities such as target user (9%), 551

etc (6%), setting (5%), and genre (4%) provide 552

complementary semantic context. This distribu- 553

tion shows that the KG is centered around items, 554

with non-item entities describing and explaining 555

their properties. The heatmap in Figure 6 (b) re- 556

veals dense connections between items and features 557

(15,102 edges) and between items and target users 558

(4,928 edges), indicating that the graph effectively 559

captures item attributes and user-related semantics. 560

Additional links to genre and setting nodes further 561

enrich contextual diversity, enabling nuanced multi- 562

hop reasoning. Overall, the KG exhibits a dense 563

yet interpretable structure that supports ColdRAG’s 564

retrieval and reasoning processes. 565
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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 566

We presented ColdRAG, a retrieval-augmented gen- 567

eration framework for item cold-start recommen- 568

dation. ColdRAG dynamically builds a knowledge 569

graph from sparse metadata and performs LLM- 570

guided multi-hop reasoning to adaptively retrieve 571

candidate items aligned with user preferences, with- 572

out relying on pre-built candidate lists. This de- 573

sign enables accurate and stable recommendations, 574

making ColdRAG a step toward practical cold-start 575

recommendation for real-world scenarios. Experi- 576

ments across multiple domains show that ColdRAG 577

consistently outperforms both training-based and 578

training-free baselines. Moreover, its dynamic re- 579

trieval and reasoning pipeline improves robustness 580

and reliability under evolving item catalogs. 581
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Limitations582

While ColdRAG demonstrates superior perfor-583

mance, it faces several practical constraints. First,584

its reliance on repeated LLM queries during knowl-585

edge graph construction and multi-hop reasoning586

introduces notable computational cost and latency,587

posing challenges for large-scale or real-time de-588

ployment. Moreover, although ColdRAG can op-589

erate with both open- and closed-source LLMs,590

reliance on closed-sourced models such as the GPT591

series can make reproduction costly and less con-592

sistent across environments. Another limitation593

lies in ColdRAG’s limited adaptability. Several594

key hyperparameters, such as edge scoring thresh-595

olds and candidate pool sizes, are manually set596

and static across domains. This rigidity may con-597

strain performance under varying data distributions598

or interaction sparsity. A more adaptive, agentic599

framework could dynamically adjust these parame-600

ters and query strategies, improving both efficiency601

and generalization in diverse real-world settings.602
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A Prompt Templates723

We present the prompt templates used in the four724

core modules of ColdRAG. Each prompt is de-725

signed to guide the LLM through a distinct stage of726

the pipeline, ensuring consistent and interpretable727

behavior.728

A.1 Item Profile Generation729

This prompt directs the LLM to create a concise,730

fluent item profile using the title, metadata, and731

reviews, enriching sparse information with its pre-732

trained knowledge when necessary.733

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:
“### 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 734

This prompt instructs the LLM to extract entities 735

and relations from the generated item profile, pro- 736

ducing a structured and interpretable knowledge 737

graph centered around the item. 738

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.

2. 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 739

This prompt enables the LLM to evaluate graph 740

edges using the user’s interaction history and it- 741

eratively expand the reasoning frontier to identify 742

semantically relevant candidate items. 743

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.

A.4 Retrieval-augmented Generation 744

This prompt guides the LLM to rank the retrieved 745

candidate items and produce the final top-k recom- 746

mendations in a dataset-consistent format. 747
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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 Details748

For the GPT setting, we use gpt-4o-mini accessed749

through the Azure OpenAI API. Entity and re-750

lation embeddings are encoded using OpenAI’s751

text-embedding-3-small model, with all embed-752

dings indexed in FAISS for approximate nearest-753

neighbor retrieval. For the Qwen setting, we em-754

ploy qwen2.5-32b-instruct served via the vLLM4755

backend, paired with the bge-m35 embedding756

model for semantic representation. Both configura-757

tions follow identical hyperparameters and retrieval758

settings to ensure a fair comparison across LLM759

backbones. These results confirm that ColdRAG’s760

performance is consistent across different LLM ar-761

chitectures, demonstrating its architecture-agnostic762

robustness.763

4https://github.com/vllm-project/vllm
5https://huggingface.co/BAAI/bge-m3
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