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Abstract001

Conversational Recommender Systems engage002
users in interactive dialogues to gather pref-003
erences and provide personalized recommen-004
dations. While existing studies have advanced005
conversational strategies, they often rely on pre-006
defined attributes or expensive, domain-specific007
annotated datasets, which limits their flexibility008
in handling diverse user preferences and adapt-009
ability across domains. We propose SNIPREC,010
a novel resource-efficient approach that lever-011
ages user-generated content, such as customer012
reviews, to capture a broader range of user ex-013
pressions. By employing large language mod-014
els to map reviews and user responses into con-015
cise snippets, SNIPREC represents user prefer-016
ences and retrieves relevant items without the017
need for intensive manual data collection or018
fine-tuning. Experiments across the restaurant,019
book, and clothing domains show that snippet-020
based representations outperform document-021
and sentence-based representations, achieving022
Hits@10 of 0.25-0.55 with 3,000 to 10,000023
candidate items while successfully handling024
free-form user responses.025

1 Introduction026

Conversational Recommender Systems (CRS) aim027

to gather user preferences through conversation028

and provide personalized recommendations based029

on user responses. To achieve this, a CRS must030

effectively: a) organize information about target031

items, b) interpret user responses to identify rele-032

vant items, and c) pinpoint significant aspects to fur-033

ther solicit user preferences. This paper focuses on034

tasks (a) and (b), which have received less attention035

than (c) but are especially important for handling036

vague preference descriptions like “I’m looking037

for local restaurants.” We propose a method that038

uses large language models (LLMs) to discover and039

leverage the wide variety of domain-specific topics040

naturally arising in conversations.041

“The Frozen Spoon”
“... unique to the area.”
“... from local farms …”

“The Frozen Spoon”
Category: ice-cream
Price: $$
Parking: Yes
….

Nice! There are a few good 
spots around here. Do you 
have a preference?

Hi! What kind of food are 
you in the mood for?

Hmm, maybe some ice 
cream or frozen yogurt.

I’d love to check out some 
local places if possible!

CRS Item Attributes

Reviews

User

unique experience

local ingredients

Figure 1: Example interactions with a conversational
recommender system (CRS) driven by customer reviews.
CRS informed by customer reviews can manage diverse
user expressions that cannot be handled solely by item
attributes and more effectively retrieve relevant items.

Data-driven strategies for (c) conversation strate- 042

gies have seen significant progress through exten- 043

sive research (Sun and Zhang, 2018; Lei et al., 044

2020a,b; Deng et al., 2021). The majority of these 045

studies depend on predefined item attributes, such 046

as restaurant categories or movie genres, assum- 047

ing that (a) all items fall into these categories and 048

(b) user responses can be mapped onto these at- 049

tributes and their values. Another major line of 050

work has developed CRS systems that mimic hu- 051

man conversation strategies (Li et al., 2018; Kang 052

et al., 2019). In this approach, flexible conversa- 053

tions result from learning implicit representations 054

of (a) items and (b) user responses based on large 055

conversation datasets. 056

Yet, collecting conversation data that covers a 057

wide variety of items and user preferences remains 058

challenging, and adapting to new domains is dif- 059

ficult. In this paper, we aim to advance retrieval- 060

based CRS (Gupta et al., 2023) by embracing a 061

wide range of user expressions and preferences and 062

enabling easy adaptation to new domains without 063

additional in-domain data collection or fine-tuning. 064

We focus on the comprehensive acquisition of item 065

information and the flexible interpretation of user 066

utterances, a direction orthogonal to conversation 067

strategies. Specifically, we utilize user-generated 068
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content (UGC) like customer reviews to capture069

domain-specific and diverse user expressions and070

preferences. Systems supported by rich UGC data071

can potentially manage any information users men-072

tion and connect them to relevant items more effec-073

tively (illustrated in Figure 1). We leverage LLMs074

for their strengths in language understanding and075

information extraction (Wei et al., 2024; Li et al.,076

2023b) to derive high-quality insights from UGC,077

improving conversational recommendations in a078

resource-efficient and adaptable manner.079

We introduce SNIPREC, a system that mines080

and uses snippets from UGC (§3). A snippet081

is an atomic unit of information that conveys ei-082

ther an objective fact or a subjective opinion and083

serves to represent items and capture user prefer-084

ences. The translation to snippets is executed by085

LLMs in a few-shot manner without the need for086

domain-specific data annotation or fine-tuning. In087

this study, we offload the conversation strategy to088

LLMs, which have proven effective in eliciting in-089

formation from users (Li et al., 2023a; He et al.,090

2023).1091

We evaluate SNIPREC by an LLM-based user092

simulation–an emerging paradigm for CRS evalua-093

tion (Yoon et al., 2024; Wang et al., 2023). The sim-094

ulator emulates diverse users based on customer re-095

views, supporting dialogues on a wide range of top-096

ics. Experiments on three datasets from distinct do-097

mains (restaurants, books, and clothing) show that098

snippet-based representations consistently improve099

item retrieval performance compared to document100

and sentence-based representations in CRS (§4).101

In particular, SNIPREC using both GPT-4o-mini102

and LLaMA-3.3-70B models improved Hits@10103

by 0.1-0.25. We also observed that the LLM-based104

snippet extraction methods performed reliably in105

most cases (>97% of faithfulness to the context)106

through automatic and manual evaluations.107

This study advances previous CRS work in sev-108

eral ways. (1) We leverage UGC to capture a wider109

range of diverse expressions and long-tail informa-110

tion beyond predefined attributes. (2) We introduce111

SNIPREC, an LLM-driven CRS approach that rep-112

resents item information and user preferences using113

snippets. While enabling rich representations, our114

method reduces the need for domain-specific anno-115

tation or training, allowing straightforward domain116

adaptation. (3) We empirically demonstrate the117

1The conversation module can be replaced with other ad-
vanced methods, but that is beyond the scope of this paper.

benefits of snippet-based item representations for 118

retrieval-based CRS. 119

2 Task and Problem Setting 120

Given a set of candidate items (e.g., restaurants, 121

hotels) with user-generated content (e.g., reviews), 122

the goal is to recommend the most suitable item 123

through a multi-turn conversation between a seeker 124

(user) and a recommender (system). The recom- 125

mender focuses on two primary tasks: search and 126

conversation strategy. 127

• Search aims to retrieve relevant items based on 128

the implicit and explicit preferences of the seeker. 129

At each turn, the seeker responds to a question 130

from the recommender. The recommender then 131

uses this information to retrieve candidate items. 132

• Conversation strategy aims to ask clarifying 133

questions for multiple turns to elicit specific pref- 134

erence information from the seeker, which helps 135

to refine the search space effectively. 136

These two tasks work together, with the search 137

refining the recommendation pool and the conver- 138

sation strategy uncovering valuable preferences. 139

This iterative approach ensures a dynamic and user- 140

centric dialogue experience that adapts to the user’s 141

needs. We assume that the seeker has a specific 142

target item in mind and only provides relevant infor- 143

mation to the open questions asked by the system 144

without offering extraneous information. The over- 145

all objective is to minimize the number of turns 146

needed to identify the seeker’s target item. 147

3 Methodology 148

Figure 2 illustrates the workflow for the search step. 149

First, item snippets are extracted from reviews to 150

represent item knowledge (§3.1). During the con- 151

versation, the seeker’s responses are parsed into 152

query snippets (§3.2). The recommender leverages 153

these query snippets to retrieve relevant item snip- 154

pets and rank items (§3.3). Separately, we delegate 155

the conversation strategy to an LLM (§3.4), as this 156

aspect is beyond the main scope of our work. 157

3.1 Snippets from Item Reviews 158

People often express their needs in various 159

ways (Lyu et al., 2021), such as “I am looking 160

for a restaurant for a family gathering.” and “I’d 161

prefer a place with a good view.” These free-form 162

expressions can go beyond few predetermined item 163

attributes which many existing CRS studies rely on. 164
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I’d love to check out some local 
places if possible!

User

Item Snippet
Extraction (§3.1)

Reviews

Preprocessing

Query Snippet Extraction (§3.2)

Query Snippet Expansion (§3.2)

👍the shop is a local place.

Snippets

Item Retrieval and Reranking 
(§3.3)

👎the shop is a well-known franchise.

👍the shop uses local ingredients.

…

Figure 2: The search workflow of SNIPREC.

In contrast, UGC like customer reviews captures165

any information that matters to users. Reviews166

offer opinions and facts about various aspects of167

items, making them a rich source for mining item168

knowledge.169

Reviews may be used as a complete docu-170

ment (Wang et al., 2023) or segmented by sen-171

tence (Lu et al., 2021), but its nature poses chal-172

lenges. Reviews can be verbose or omit details,173

which calls for more flexible information extrac-174

tion. To obtain useful insights, we propose decom-175

posing reviews into short snippets, each conveying176

atomic meaning (Nenkova and Passonneau, 2004),177

inspired by recent advances in fact-checking (Wan-178

ner et al., 2024; Min et al., 2023).179

Motivated by the strong language understanding180

and information extraction capabilities of LLMs,181

we use LLMs with a few-shot learning method to182

decompose item reviews into item snippets, focus-183

ing on factual descriptions or subjective opinions184

related to a specific aspect of the item (Prompt in-185

cluded in Appendix C.1). Given an item i and its186

associated reviews Ri, we extract item snippets187

from each review and merge them into a snippet188

set, i.e., Si =
⋃

r∈Ri

DECOMP(r), as shown below:189

• item i: The Kebab Kitchen (restaurant)190

⇒ reviews Ri = {“Perfect for a family gather-191

ing party...”, “We ordered classic hummus,192

chicken kebab.”, ...}193

⇒ snippets Si = {“This restaurant is perfect194

for a family gathering party.”, “This restau-195

rant serves classic hummus.”, “This restaurant196

serves chicken kebabs.”, ...}197

This process often necessitates flexible filtering,198

completion, and rephrasing, a task at which LLMs 199

excel.2 Additionally, we transform the predefined 200

attributes in the dataset for i into snippets using an 201

LLM as described in Appendix A.1.1. 202

3.2 Snippets from Seeker Responses 203

At each turn t, the seeker articulates preferences 204

in their response at. We apply a similar process to 205

extract snippets from at (details in Appendix C.2). 206

Specifically, we decompose each user response at 207

into several query snippets by DECOMP(at), us- 208

ing a weakly canonicalized format similar to item 209

snippets. For example, the utterance “I’m looking 210

for a cozy cafe” is converted to “this cafe has a 211

cozy atmosphere.” The conversion reduces seman- 212

tic differences between query and item snippets to 213

support accurate retrieval. 214

Every query snippet also includes a sentiment 215

indicator. This indicator denotes the user’s pref- 216

erences or dislikes for a particular aspect. For in- 217

stance, if the user says “I’d love some pizza, but 218

I want to avoid noisy places,” the decomposition 219

yields two snippets: “this restaurant serves pizza” 220

and “this restaurant is noisy.” These snippets are 221

labeled as “prefer” and “dislike”, respectively. 222

Snippet Expansion Query snippets often express 223

indirect, long-tail subjective preferences with di- 224

verse lexical choices. To alleviate retrieval inaccu- 225

racies caused by this, we use LLMs (Appendix C.3) 226

and expand the query snippets through three trans- 227

formations: paraphrase, support, and opposite in- 228

spired by prior work (Xu and Xu, 2024; Lyu et al., 229

2024). After expansion, the query snippets at turn 230

t are defined as: 231

Su
t = {s, paraphrase(s), support(s), 232

opposite(s) : ∀s ∈ DECOMP(at)} 233

These transformations are exemplified below: 234

(1) paraphrase(“...warm service...”)
expand−−−−→ 235

“...friendly server...” 236

(2) support(“...comfortable seating...”)
expand−−−−→ 237

“...cozy atmosphere...” 238

(3) opposite(“service is prompt” (prefer)) 239
expand−−−−→ “wait time is long” (dislike) 240

2While LLMs may introduce hallucination (instances
where extracted snippets contain non-existent information
from the original review text), our evaluation shows that such
errors are quite rare (§4.4). In general, the snippets are finer-
grained than the original text.
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3.3 Item Retrieval and Reranking241

Given the query snippets at each turn Su
t , we use242

dense retrieval (Karpukhin et al., 2020) to identify243

relevant item snippets from the entire set SI (=244

∪i∈IS
i). To ensure the retrieved snippets contain245

supporting information for each query snippet, we246

re-rank them using a natural language inference247

(NLI) model. Then, we score items based on the248

retrieved and re-ranked snippets.249

Retrieval of Item Snippets Concretely, we use250

an off-the-shelf pretrained encoder to embed item251

snippets SI and query snippets Su
t . For each query252

snippet in Su
t , we retrieve top-k similar item snip-253

pets based on cosine similarity, denoted as:254

SI,u
t =

⋃
sut ∈Su

t

arg top k
si∈SI

(
similarity(ε(si), ε(sut ))

)
,255

where ε is an embedding function and |SI,u
t | =256

|Su
t | × k.3257

Next, we rank the item snippets within each258

group, where the groups are organized based on the259

query snippets used as the retrieval keys. Since vec-260

tor search returns semantically similar content but261

does not guarantee relevance of retrieved item snip-262

pets, we use an NLI model to ensure these snippets263

truly satisfy the query snippets.264

The ranking of a specific item snippet is based265

on the entailment score between each item snippet266

and its corresponding query snippet, as provided267

by the NLI model, and is performed independently268

within each set of item snippets retrieved by each269

query snippets, rather than across all retrieved item270

snippets in one turn. The higher entailment score,271

the higher their rank is (thus lower value in ranking272

position). We discard item snippets with scores be-273

low a threshold tentailment. To summarize, for each274

query snippet sut,k ∈ Su
t (the query snippets ex-275

tracted from the utterance in the turn t), we obtain276

the rank of an item snippet si ∈ SI,u
t as follows:277

ranksut,k(s
i) ∝ 1/NLI(si

entail−−−→ sut,k)278

s.t. NLI(si
entail−−−→ sut,k) ≥ tentailment279

This process results in a smaller set of item snippets280

for each query snippet, which we denote as S′I,u
t .281

Item Re-ranking For each item i, we now up-282

date its score using the retrieved item snippets as-283

sociated with it. Their within-group ranks are ag-284

gregated to calculate the item score. We employ285

3k is a hyperparameter.

Reciprocal Rank Fusion (Cormack et al., 2009), 286

weighing each item snippet by 1/(κ + rank).4 If 287

multiple snippets for item i are included in the same 288

ranking, we only consider the one with the highest 289

rank, ignoring lower-ranked snippets. The score 290

for item i is calculated as follows: 291

SCOREt(i) = SCOREt−1(i) 292

+
∑

sut,k∈S
u
t

∑
si∈S′I,u

t ∩Si

sgn(sut,k)

κ+ ranksut,k(s
i)

, 293

where sgn indicates the sentiment polarity that each 294

query snippet sut ∈ Su
t,k has: 295

sgn(sut,k) =

{
1, if sentiment is prefer
−1, if sentiment is dislike

296

This determines whether the item snippets it 297

retrieves contribute positively or negatively to 298

SCOREt(i). A higher positive score results in a 299

higher ranking for the item. Items that do not have 300

any retrieved item snippets are disregarded in the 301

item reranking process. 302

3.4 Clarification Questions 303

At each step, the recommender asks a clarification 304

question to capture the seeker’s preferences and 305

narrow the search space. As the primary focus 306

of this study is not on conversation strategies, we 307

delegate this step to an LLM, which has shown 308

effectiveness in generating context-specific ques- 309

tions in dialogue settings in recent studies (Li et al., 310

2023a; He et al., 2023). Although other conversa- 311

tion strategies exist (Lei et al., 2020a,b; Xu et al., 312

2021; inter alia), this LLM-based approach meets 313

our need to elicit free-form utterances from users 314

in a resource-efficient way. 315

We prompt the LLM to produce a relevant 316

question based on the conversation history (Ap- 317

pendix C.4). This approach avoids extensive data 318

annotation and fine-tuning, facilitating domain 319

adaptation. Note that, similar to existing work 320

(Wang et al., 2023), our question generator depends 321

solely on the LLM’s internal knowledge without in- 322

corporating signals from snippet extraction or item 323

retrieval. Nevertheless, linking snippet retrieval 324

and question generation is an interesting direction 325

for future research. 326

4κ is a hyperparameter. Following common practices, we
set κ = 60.
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Dataset Items Users Reviews Snippets

Restaurant 3,007 129,503 170,996 986,819
Book 10,000 232,379 249,596 999,931
Clothing 10,000 417,501 442,295 1,725,964

Table 1: Dataset statistics.

4 Experiments327

To validate the effectiveness of snippet-level repre-328

sentations for conversational recommendation, we329

evaluate SNIPREC on three datasets. We also val-330

idate the role of LLMs as conversation managers,331

evaluate the quality of extracted snippets, and test332

the reliability of our LLM-based user simulator via333

manual and automatic analyses.334

4.1 Experimental Setup335

Dataset We use the Yelp dataset (restaurant) and336

Amazon Reviews dataset (book and clothing) (Hou337

et al., 2024) which includes reviews and corre-338

sponding item information.5 For Yelp dataset, we339

extract businesses located in Philadelphia, the city340

with the most registered businesses in the dataset,341

and retain only those with “food” in their Yelp342

categories and at least 10 reviews. For Amazon Re-343

views dataset, we picked the Books and Clothing344

categories and sampled 10,000 items with at least345

10 reviews, each of which is a verified purchase346

and has at least 1 helpful vote. Table 1 shows the347

statistics of our datasets.348

Baselines To test the effectiveness of the snippet-349

based representation and the proposed techniques,350

we compare SNIPREC with LLM-based sys-351

tems without query snippet extraction or expan-352

sion (§3.2), using three different representations of353

UGC: (1) a document-based baseline that directly354

uses raw reviews without decomposition,6 (2) a355

sentence-based baseline that splits review docu-356

ments into individual sentences using spaCy (Hon-357

nibal et al., 2020)7, and (3) a snippet-based base-358

line that uses the extracted item snippets (§3.1).359

While sentences are similar to snippets, they tend360

to be more diverse in content and expression.361

Implementation Details We used GPT-4o-mini8362

for snippet extraction (§3.1) and experimented with363

5See Appendix A.3 for details about the data use.
6Like our baseline, some studies use review documents

without decomposition as part of retrieval targets (Gupta et al.,
2023; Wang et al., 2023; Kook et al., 2025)

7en_core_web_sm was used.
8We use gpt-4o-mini-2024-07-18 for all experiments

involving GPT-4o-mini.

two LLMs as the recommender system (§3.2, 3.4): 364

GPT-4o-mini and LLaMa-3.3 (70B parameters). 365

We tuned the hyperparameters and prompts of 366

SNIPREC and baselines based on Hits@10 scores 367

from the validation set. We tuned the number of 368

retrieved snippets k ∈ {100, 500, 1000} on valida- 369

tion set to find the best performing k for different 370

experiment setting. We used BGE (Xiao et al., 371

2024)9 for dense retrieval and NLI model by (Nie 372

et al., 2020) with tentailment = 0.2 for post-checking. 373

These components were not fine-tuned during the 374

experiments and are interchangeable with similar 375

models. Experiments were run on a machine with 376

8 NVIDIA A100 GPUs, mainly for the NLI model 377

and vector search engine. Each turn took around 378

5–10 seconds with a single GPU, using approx- 379

imately 10GB of GPU memory. Appendix B.3 380

provides a detailed breakdown of runtime. 381

Evaluation Protocol We conduct simulated con- 382

versations up to five turns with an LLM-based 383

user simulator (§4.2). To ensure that the user 384

has an initial prompt and that the first step ef- 385

fectively narrows down the scope of reranking, 386

the recommender starts with a fixed question: 387

“Hello, what category of restaurant are 388

you looking for?”, or “Hello, what category 389

of books/clothing items are you looking 390

for?”. The seeker is limited to responding to the 391

provided questions. Based on the seeker’s response, 392

the recommender evaluates candidate items and cal- 393

culates ranking metrics. At each subsequent turn, 394

the recommender asks a brief clarification question. 395

We compute Hits@k (k = 1, 5, and 10) and Mean 396

Reciprocal Rank (MRR) at each turn. In cases of 397

tied ranking, a random rank is assigned within the 398

tied group, following (Sun et al., 2020). 399

4.2 User Simulator 400

A user simulator for CRS mimics real user be- 401

havior and preferences during interactions, en- 402

abling testing and evaluation without actual user 403

involvement. Recently, LLM-based user simula- 404

tors have emerged as a promising approach for CRS 405

evaluation (Yoon et al., 2024; Liang et al., 2024; 406

Kim et al., 2024), allowing scalable simulation of 407

human-like interactions. 408

Following existing work, we provide the simu- 409

lator with the following information: a) Yelp cate- 410

gories and attributes of the target item, or Amazon 411

dataset’s features, description, authors, categories 412

9https://huggingface.co/BAAI/bge-base-en-v1.5
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GPT-4o-mini LLaMA-3.3 70B

Dataset Method Hits@10 MRR Hits@10 MRR

Yelp

Baseline Document 0.283 [0.26−0.31] 0.148 [0.13−0.17] 0.257 [0.23−0.28] 0.131 [0.11−0.15]

Sentence 0.386 [0.36−0.42] 0.231 [0.21−0.25] 0.396 [0.37−0.43] 0.227 [0.21−0.25]

Snippet 0.414 [0.38−0.44] 0.257 [0.23−0.28] 0.415 [0.38−0.45] 0.255 [0.23−0.28]

SNIPREC Snippet 0.454 [0.42−0.48] 0.277 [0.25−0.30] 0.438 [0.41−0.47] 0.263 [0.25−0.30]

+ Expansion (§3.2) 0.464 [0.43−0.49] 0.277 [0.25−0.30] 0.459 [0.43−0.49] 0.278 [0.24−0.29]

Books

Baseline Document 0.422 [0.39−0.45] 0.227 [0.21−0.25] 0.360 [0.33−0.39] 0.209 [0.19−0.23]

Sentence 0.479 [0.45−0.51] 0.364 [0.34−0.39] 0.422 [0.39−0.45] 0.325 [0.30−0.35]

Snippet 0.504 [0.47−0.54] 0.385 [0.36−0.41] 0.453 [0.42−0.48] 0.349 [0.32−0.38]

SNIPREC Snippet 0.552 [0.52−0.58] 0.429 [0.39−0.44] 0.495 [0.46−0.53] 0.376 [0.40−0.46]

+ Expansion (§3.2) 0.545 [0.51−0.58] 0.414 [0.36−0.42] 0.513 [0.48−0.54] 0.389 [0.35−0.40]

Clothing

Baseline Document 0.167 [0.14−0.19] 0.098 [0.08−0.11] 0.170 [0.15−0.19] 0.099 [0.08−0.11]

Sentence 0.192 [0.17−0.22] 0.125 [0.11−0.14] 0.191 [0.17−0.22] 0.123 [0.10−0.14]

Snippet 0.212 [0.19−0.24] 0.142 [0.12−0.16] 0.208 [0.18−0.23] 0.141 [0.12−0.16]

SNIPREC Snippet 0.253 [0.23−0.28] 0.146 [0.13−0.16] 0.249 [0.22−0.28] 0.143 [0.12−0.16]

+ Expansion (§3.2) 0.232 [0.21−0.26] 0.152 [0.13−0.17] 0.254 [0.23−0.28] 0.154 [0.14−0.17]

Table 2: Main results. Hits@10 and MRR after 5 turns are reported with 95% confidence intervals in brackets.

and prices; b) a summary of positive reviews about413

the target and c) a review representing seeker’s414

preference, along with general instructions and415

conversation history. GPT-4o-mini serve as the416

simulator’s backbone throughout all experiments.417

We use positive reviews as seed data, selecting418

reliable users and high-quality reviews based on419

the following criteria: a) review ratings of four or420

five, b) at least one useful (Yelp) / helpful (Ama-421

zon) vote for the review, and c) users who have422

written between 10 and 99 reviews. We then iden-423

tify (user, item) pairs through maximum bipartite424

matching (Hopcroft and Karp, 1971) to maximize425

pair extraction without overlap, sampling 500 pairs426

for validation and 1,000 for testing for each dataset.427

We refer to these selected users as seed users. Next,428

we use GPT-4o-mini for post-processing. Follow-429

ing (Kim et al., 2024), we summarize general opin-430

ions from non-seed users. For each item, we pro-431

vide GPT with Yelp/Amazon categories, Yelp at-432

tributes or Amazon features & descriptions, and433

five positive and five negative reviews (prioritizing434

those with higher usefulness scores) to generate435

summaries of five sentences each for positive and436

negative aspects. Finally, we anonymize proper437

nouns in both seed reviews and summaries to pre-438

vent answer leakage. Note that the seed users’ re-439

views are not used by recommender systems for440

preventing shortcuts in item retrieval.441

The simulator is prompted to generate natural442

utterances by answering the questions from the443

recommender based on the information of the target444

item and the review text. The prompt is designed to445

provide responses that are relevant, on-topic, and446

faithful to the context. Section 4.5 presents our447

1 2 3 4 5
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0.6

.212

.337
.406

.440 .464
Baseline/Document
Baseline/Sentence
Baseline/Snippet
SnipRec

Figure 3: Hits@10 (vertical axis) over five turns (hori-
zontal axis) in the restaurant dataset (GPT-4o-mini). The
numbers represent SNIPREC scores. Similar trends were
observed in other datasets for both GPT and LLaMA.
Appendix B.1 presents full results.

manual evaluation results of the reliability of the 448

LLM-based user simulator. The implementation 449

details can be found in Appendix A.2.1. 450

4.3 SNIPREC Performance 451

Main Results: Table 2 presents the main results, 452

demonstrating the effectiveness of snippet-based 453

representations. We observe that more fine-grained 454

representations (from document-level to sentence- 455

level, and to snippet-level) lead to improved re- 456

trieval performance in the baseline systems for 457

both GPT and LLaMA. For example, the Hits@10 458

scores improved from 0.283 to 0.414 on the restau- 459

rant dataset, from 0.422 to 0.504 on the book 460

dataset, and from 0.167 to 0.212 on the clothing 461

dataset for GPT. SNIPREC outperformed the base- 462

line by a clear margin with both models due to the 463

advanced processing of query snippets (§3.2). 464
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Analysis: While query expansion (§3.2) im-465

proved performance consistently for LLaMA-based466

systems, it had mixed effects on GPT-based ones.467

Based on comparison of some examples, we con-468

jecture that this may stem from differences in con-469

tent diversity and structure. GPT tends to generate470

more formulaic item attributes (e.g., “The book471

is a children’s book”
expand−−−−→ “The book features472

engaging activities for young readers”). LLaMA,473

though structurally similar, creates more unique474

and concrete descriptions, e.g., “The story features475

talking animals.” The ideal level of creativity may476

differ across domains, as indicated by the restau-477

rant domain results. This suggests future research478

opportunities to optimize snippet expansion.479

Progression Over Turns: We observed that item480

retrieval performance clearly improved over five481

conversation turns on the restaurant dataset Fig-482

ure 3. Hits@10 for SNIPREC increased by 0.252483

from the first turn to the fifth. Similar trends484

were noted in other datasets with both GPT and485

LLaMA.10 This finding corroborates recent studies486

reporting that LLMs can function as robust conver-487

sation modules.488

Comparisons with Existing CRS Methods489

SNIPREC operates in cold-start settings without490

the need for conversational training data, carving491

out a distinct niche from most existing CRS sys-492

tems (§5). Unlike traditional approaches, we do not493

restrict interactions to predefined structured item494

attributes or assume access to in-domain training495

data. In contrast, existing CRS methods, such as496

attribute-based systems (e.g., Zhang et al., 2018)497

and those limited to specific dialog datasets (e.g.,498

Li et al., 2018), fundamentally depend on these499

data types. As a result, direct empirical compar-500

isons with existing baselines are not feasible. Our501

experiments demonstrate that SNIPREC effectively502

handles aspects of recommended items that are503

conventionally underutilized in CRS, with ablation504

studies validating the effectiveness of our snippet-505

based approach.506

4.4 Analysis: Quality of Snippets507

Item snippets We evaluated item snippets based508

on three criteria: faithfulness—whether the ex-509

tracted snippets contain factual errors; atomicity—510

whether the snippets represent minimal meaning511

10Full results are available in Appendix B.1. Conversation
examples are provided in Appendix D.2.

Atomic and Faithful Snippet (94/100)

R [...] a great cookbook [...] you’ll actually learn more
about why recipes are constructed like they are.

s The book provides explanations for recipe compo-
nents.

Hallucination (3/100)

R [...] I ended up buying their last four bottles, so they
hooked me up with a 10% discount.

s Discount is offered on bulk purchases.

Atomic Snippets at the Aspect-level (97/100)

R [...] Yeah the area is sketchy but their lot is kind of
fenced in and the folks there seem fine [...]

s The area is sketchy, but the lot is fenced in and feels
safe.

Table 3: Examples of evaluated snippets. R and s denote
a review and a snippet, respectively.

units; and decomposition completeness—whether 512

the decomposition covers all key information from 513

the original text. See Appendix A.1.2 for details 514

and examples. Three of the authors reviewed the 515

same 100 snippets, resolving unclear cases through 516

discussion, and found that only 3% contained hallu- 517

cinations.11 Regarding atomicity, 97% of snippets 518

were atomic with respect to their aspect (e.g., a snip- 519

pet focusing on a restaurant’s interior). However, 520

43% could be further decomposed into multiple 521

propositions within the same aspect. Table 3 shows 522

some examples. For completeness, we evaluated 523

snippets extracted from 30 reviews and found that 524

decomposition was complete for 90% of Amazon 525

book reviews, and 70% of reviews from both the 526

Amazon clothes and Yelp datasets. In summary, 527

the item snippets were mostly faithful, consistent 528

with findings from previous studies. Although there 529

were occasional limitations in atomicity and com- 530

pleteness, our end-to-end evaluation demonstrates 531

that the snippets are effective for retrieval. 532

Extracted and Expanded Query Snippets Our 533

experimental results show mixed outcomes regard- 534

ing the effectiveness of query expansion. To ana- 535

lyze this further, two of the authors evaluated the 536

extracted and expanded queries across 30 conver- 537

sation turns for both GPT-4o-mini and LLaMA 538

(See Appendix A.1.3 for details). We found that 539

100% of the extracted query snippets were faithful 540

to the original user query. Expanded queries were 541

evaluated based on whether they could be plausibly 542

inferred from the extracted query and context. Aver- 543

aging results from both LLMs, we observed expan- 544

11We further automatically evaluated 1,500 snippets using
an LLM-as-judge approach and observed a similar result.
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sion accuracy of 97% for opposite, 82% for para-545

phrase, and 70% for support. Our ablation study546

confirms that removing opposite and paraphrase ex-547

pansions leads to greater performance degradation548

than removing support expansions (Appendix B.2).549

If training data is available, fine-tuning the scor-550

ing components may improve robustness to noisy551

expansions (Kook et al., 2025).552

4.5 Analysis: Reliability of User Simulator553

Although LLM-based user simulation has been suc-554

cessfully demonstrated in prior work, we further555

validated its reliability within our problem setting.556

Details are provided in Appendix A.2.2. Five of the557

authors evaluated the user simulator’s responses558

over 50 turns based on three binary criteria: (1)559

relevant—whether the response fully addresses560

the posed question; (2) on-topic—whether the re-561

sponse remains focused on the asked topic; and562

(3) faithful—whether the response is free from hal-563

lucination. The aggregated scores indicate that564

the responses are highly relevant (98.37) and on-565

topic (97.48). Additionally, the responses were566

mostly factually accurate (84.55), and even when567

they were not, the errors were generally minor (e.g.,568

requesting quick services when it was not men-569

tioned in the seed review).570

5 Related Work571

CRS Many studies focus on data-driven conver-572

sation strategies (Jannach et al., 2021). These meth-573

ods effectively elicit user preferences but are often574

limited by fixed predefined attributes (Zhang et al.,575

2018; Lei et al., 2020a) or rely on expensive con-576

versation data (Li et al., 2018; Hayati et al., 2020).577

In contrast, our work addresses a different chal-578

lenge by representing item information and user579

preferences through snippets extracted from UGC.580

This approach can capture a broader range of user581

expressions across various domains.582

UGC Previous work has incorporated customer583

reviews in recommender systems through fine-584

tuned black-box embeddings, which often ob-585

scure the interpretability of the extracted infor-586

mation (Sachdeva and McAuley, 2020; Lu et al.,587

2021). Recent work incorporates review data di-588

rectly into LLM-based systems to produce (non-589

conversational) recommendations (Xu and Xu,590

2024; Lyu et al., 2024). Inspired by advances out-591

side recommendation tasks (Min et al., 2023; Wan-592

ner et al., 2024), we extract explicit snippets from593

UGC to improve item retrieval in CRS. 594

LLMs in CRS Recent work demonstrates the 595

strength of LLMs as zero-shot agents for managing 596

dialogues in CRS (He et al., 2023; Wang and Lim, 597

2023; Friedman et al., 2023; Wang et al., 2023). 598

Other studies highlight the strong question-asking 599

capabilities of LLMs in different scenarios (Li et al., 600

2023a; Zhang et al., 2024). LLMs have also en- 601

abled a new paradigm for simulating realistic con- 602

versations at scale (Wang et al., 2023; Yoon et al., 603

2024; Liang et al., 2024; Kim et al., 2024). These 604

findings motivate us to delegate both the conversa- 605

tion strategy and user simulation to LLMs, allow- 606

ing our work to focus on representation through 607

few-shot snippet extraction. 608

6 Conclusion 609

In this paper, we propose leveraging UGC to cap- 610

ture a wide range of user preferences and effec- 611

tively address the challenges faced by systems 612

based on predefined attributes. SNIPREC utilizes 613

snippets mined from customer reviews along with 614

the implicit knowledge of LLMs to accurately iden- 615

tify relevant items for free-form user queries. Our 616

approach is resource-efficient and adaptable to var- 617

ious domains, as demonstrated by our experiments. 618

The results also confirm the reliability of LLM- 619

based snippet extraction and the user simulator for 620

evaluation. 621

This work opens several avenues for future re- 622

search. For instance, as our analysis suggests, the 623

processes of snippet extraction, expansion, and re- 624

trieval could be refined to better model user pref- 625

erences (e.g., by considering the certainty asso- 626

ciated with each snippet and how snippet expan- 627

sion and retrieval can be adapted to conversational 628

contexts, or what kinds of snippet expansion con- 629

tribute better to conversational recommendation 630

performance). Given the reliability of the user sim- 631

ulator demonstrated in this study, these modules 632

could also be fine-tuned using user simulation as 633

the reward model. Furthermore, our problem set- 634

ting could be extended to capture more complex 635

user behaviors. Currently, our user simulator as- 636

sumes that users have a single target item in mind. 637

Potential alternative setting could involve scenar- 638

ios where users are interested in multiple target 639

items that share some characteristics, or that the 640

user has more diverse intents other than seeking for 641

particular items. 642
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Limitations643

Interaction Type: Our study focuses on the back-644

end recommender system, which reranks items645

based on the user intents provided at each turn,646

rather than on the frontend handling of diverse647

interaction types. While some interactions, such648

as providing feedback or explanation, fall beyond649

our problem setting where the recommender solely650

asks questions, they are common in early-stage651

human-to-human dialogue (Lyu et al., 2021). In re-652

ality, users may also present contradictory requests,653

ask questions in reverse, or exhibit other complex654

behaviors. While SNIPREC does not directly han-655

dle these patterns, they can be addressed by an656

upper-layer module that abstracts them into user657

intents, which can then be processed by our recom-658

mendation backend. Exploring how snippet-based659

representations can be extended to support these660

richer interactions, such as social explanations (Pe-661

cune et al., 2019), remains an interesting direction662

for future work.663

Reliance on UGC: The proposed method relies664

on the availability and quality of user-generated665

content. Many domains such as restaurants, e-666

commerce, and movies have abundant UGC. How-667

ever, in domains or languages where UGC is scarce668

or of low quality, the applicability and performance669

of SNIPREC may be limited.670

Reliance on LLMs: Our approach uses LLMs,671

which have limitations including high computa-672

tional cost, response latency, hallucination, and673

potential biases. We provide empirical results to674

quantify these issues and demonstrate the method’s675

utility (§4). Although recent studies highlight the676

utility of LLMs as proxies for human users (§5),677

future research should explore how well they align678

with real users in depth. Addressing these concerns679

presents a potential avenue for future research.680

Ethical Considerations681

Several ethical factors should be considered when682

using the proposed system, particularly regarding683

the generation of clarification questions. Since the684

system relies on LLMs, its output may reflect bi-685

ases in the training data. For example, in response686

to a general query like “I’m looking for Asian food,”687

the system might suggest stereotypical dishes such688

as dumplings or sushi due to skewed data distribu-689

tions. Additionally, there is a risk of the system690

generating harmful questions. While safeguard691

techniques can mitigate these issues to some ex- 692

tent (Wang et al., 2024), caution is still required. 693
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A Additional Details971

This section details the implementation and evalua-972

tion. The manual evaluation was conducted by the973

authors of this paper, all of whom regularly work974

with large language models (LLMs), have experi-975

ence in NLP research, and are fluent in English.976

A.1 Snippets977

A.1.1 Item Snippets from Pre-defined978

attributes (§3.1)979

In addition to mining item snippets from re-980

views, we also transform predefined item at-981

tributes (e.g., item categories) into snippets us-982

ing gpt-4o-mini-2024-07-18 with manual val-983

idation by one of the authors. The prompts are984

included in the code attached to this submission.985

The transformation into an snippet is usually tem-986

platic. For example, the Yelp category “bubble tea”987

is transformed into the sentence “This place serves988

bubble tea.” These generated snippets are also used989

in the document- and sentence-level baselines. For990

the document-level baseline, all attribute snippets991

for each item are combined into one document.992

A.1.2 Evaluation of Item Snippets (§4.4)993

This section details the manual evaluation of item994

snippets (§4.4). We focus on three criteria: (1) hal-995

lucination—whether the extracted snippets contain996

factual errors; (2) atomicity—whether the snippets997

represent minimal meaning units; and (3) com-998

pleteness—whether the decomposition covers all999

key information from the original text. For (1),1000

we also used gpt-4o-2024-11-20 to automatically1001

evaluate more data. Table 4 show annotated ex-1002

amples. We found that hallucinations were rare1003

(3–4%), and the snippets generally achieve fair1004

atomicity and completeness. Nevertheless, our end-1005

to-end results (§4.3) demonstrate the effectiveness1006

of the extracted snippets.1007

Hallucination Two of the authors manually an-1008

notated 100 snippets, and 3/100 are deemed as1009

hallucinations. Overall, we found that our extractor1010

is faithful to the given context. Following Wanner1011

et al. (2024), we also employed the LLM-as-judge1012

approach (Zheng et al., 2023) to more samples.1013

We used gpt-4o-2024-11-20 to judge whether a1014

snippet can be inferred from a paragraph. We sam-1015

pled 500 snippets from the decomposition results1016

of each dataset, in total 1,500. The prompt used for1017

the LLM-as-judge is as follows:1018

Prompt for Judging Hallucination

Work as a judge and determine if the following proposition
can be inferred from the given customer review in the
keywords. No prose.

Can the following proposition be inferred from the given
customer review in the restaurant domain?

Proposition: hypo
Customer Review: premise

Answer with ’yes’ or ’no’.

1019

Among these, the proportion of snippets con- 1020

taining hallucinations was 2.49% in the restaurant 1021

dataset, 3.90% in the book dataset, and 2.90% in 1022

the clothing dataset. 1023

Atomicity Two annotators reviewed 100 samples 1024

using the following definition: A sentence (s) is 1025

not atomic if it can be decomposed into a conjunc- 1026

tion of shorter sentences (s1), (s2), etc., such that 1027

any combination of these sentences is entailed by 1028

the original sentence. In other words, (s) entails 1029

(s1), (s) entails (s2), and so on. If these conditions 1030

are not met, then (s) is considered atomic. We 1031

apply this criterion to two levels: the aspect level 1032

(e.g., food, location) and the proposition level. The 1033

proposition-level atomicity corresponds to the de- 1034

compositions considered in existing studies (Wan- 1035

ner et al., 2024). The two annotators independently 1036

evaluated the same 100 samples and resolved dis- 1037

agreements through discussion. 97/100 item snip- 1038

pets are atomic regarding the aspects they describe, 1039

though 43/100 contain multiple propositions. As 1040

mentioned in Section 4.4, while snippets are of- 1041

ten not atomic at the proposition level, they are 1042

generally atomic at the aspect level. 1043

Completeness We annotated a sample of the ex- 1044

tracted snippets from 30 reviews. 27/30 of the 1045

reviews with Amazon book dataset, 21/30 of the 1046

reviews with Amazon clothes dataset and 21/30 of 1047

the reviews with Yelp dataset are judged as com- 1048

pletely decomposed. The decomposition do not 1049

work that well with storytelling reviews, but this is 1050

also hard for human readers to get every informa- 1051

tion conveyed in a fully narrative story. 1052

A.1.3 Evaluation of Query Snippets and 1053

Expansion (§4.4) 1054

Three of the authors manually inspected a sample 1055

of extracted and expanded queries across 30 inter- 1056

action rounds. The extraction was evaluated for 1057

factual correctness against the input text, while 1058

the expansion was assessed based on plausibility— 1059
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Table 4: Hallucination and Atomicity Analysis of Snippets (§A.1.2). The A/Asp. and A/Prop. columns indicate
whether the extracted snippet is atomic (A) at the aspect (asp.) level and proposition (prop.) level, respectively. The
Hallc. column indicates whether the snippet contains hallucination (an inaccurate statement with respect to the
original review text).
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whether the result could plausibly be inferred from1060

the extracted snippet and its context. Although the1061

evaluation of expansion is fundamentally subjec-1062

tive, ambiguous cases were resolved through dis-1063

cussion among the annotators to reach a consensus1064

that fairly represented the context.1065

For GPT-4o-mini, 100% of the query snippets1066

are hallucination-free, and 100% (opposite), 81%1067

(paraphrase), and 71% (support) of the expanded1068

queries were aligned. For LLaMA3.2-70B, 100%1069

of the user query snippets are faithful, while in1070

expansion, 93% (opposite), 83% (paraphrase), and1071

69% (support) of the expansions were aligned with1072

the original snippets.1073

Below is an example of one turn of interaction1074

in which one-third of the paraphrase and support1075

queries are annotated as not aligned (denoted by1076

*). Nevertheless, they still make some sense: for1077

instance, 100% cotton pants are generally comfort-1078

able. Therefore, these snippets can still be helpful1079

for the overall recommendation performance. This1080

highlights the complexity of the role of snippet ex-1081

pansion (or more generally, review expansion) in1082

recommendation systems.1083

Utterance: I’m looking for casual pants that are1084

soft and comfortable.1085

Snippet 1: The item is casual pants1086

• Para: The garment is a pair of casual trousers.1087

• Supp: The pants are made of lightweight cot-1088

ton.1089

• Opp: The item is formal trousers1090

Snippet 2: The casual pants are soft1091

• Para: *The relaxed trousers are gentle to the1092

touch.1093

• Supp: The fabric is soft and breathable.1094

• Opp: The casual pants are rough.1095

Snippet 3: The casual pants are comfortable1096

• Para: The relaxed-fit pants are cozy.1097

• Supp: *The fabric is made of 100% cotton.1098

• Opp: The casual pants are uncomfortable.1099

A.2 User Simulator1100

A.2.1 Implementation (§4.2)1101

We build upon prior LLM-based user simulator1102

methods for CRS evaluation (Yoon et al., 2024;1103

Liang et al., 2024; Kim et al., 2024). Specifically,1104

following Kim et al. (2024), we prompt an LLM1105

simulator to emulate the author of a positive cus-1106

tomer review. As input, we also provide informa-1107

tion about the target item (its description, attributes, 1108

etc.) and LLM-generated summaries of popular 1109

reviews. See the prompt template below: 1110

Prompt for user simulators

You are a Seeker who is looking for a restaurant/book
recommendation. No prose, be concise and casual in the
conversation.

# Role-Play Task: Seeker
You will play the role of a Seeker looking for a
restaurant/book recommendation. You will interact with
a Recommender to find a restaurant/book that suits your
preferences.

**Instructions:**

- The Recommender will ask for your preferences to
identify a restaurant/book that aligns with your tastes.
Your role is to provide responses as hints based on the
details below.
- Express your preferences by answering the Recommender’s
questions based on the information provided below.

**Details of Your Favorite Restaurant/Book:**

{item info}
{item review summary}

**Your Opinion About It:**

ˋˋˋ
{review text}
ˋˋˋ

**Dialogue Context:**

{dialogue context}
Seeker:

Now, generate a response in the role of the Seeker based
on the information provided above.

**Response Guidelines:**

- Your response should be concise, typically one
sentence. Avoid giving multiple preference details at
once.
- If the data provided lacks specifics to answer the
Recommender, communicate no particular preference. Try
not to invent details.
- Tailor your responses around ‘Your Opinion About It‘
rather than ‘Details of Your Favorite Restaurant/Book‘
when there is conflicting information.
- Keep your answers limited to the question asked.
- Do not reveal the name of your favorite restaurant/book
or any personal or street names.
- Focus on answering the Recommender’s questions. Do
not proactively ask questions such as, "What kinds of
restaurants/books are there?" or "Can you tell me about
different cuisines in the area?"

1111

Although the overall structure follows previous 1112

work (See Table 14 of (Kim et al., 2024)), we made 1113

several revisions to better align with human be- 1114

havior and improve evaluation reliability on our 1115

observations of existing user simulators. In partic- 1116

ular, we included instructions to prevent the user 1117

simulators from being overly expressive or formal. 1118

Furthermore, to avoid revealing the target item’s 1119

name during the conversation, we replaced explicit 1120

names in the input data (item information, review 1121

summaries, and seed reviews) with neutral nouns 1122

as preprocessing, using gpt-4o-mini-2024-07-18. 1123
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A.2.2 Evaluation of User Simulator (§4.2)1124

As described in Section 4.2, five of the authors eval-1125

uated the user simulator’s response over 50 turns1126

and found it reliable and natural. In this section,1127

we describe the details of evaluation guidelines and1128

inter-annotator agreements.1129

Guidelines: The annotators were provided with1130

clear instructions, which included the definition of1131

an effective user simulator: it should accurately1132

answer the asked question without adding unnec-1133

essary information and remain consistent with the1134

provided context, such as the review or item de-1135

tails. Additionally, the guidelines contains metric1136

definitions (see below) and annotated examples for1137

clarity. The annotation criteria were developed1138

through annotation practice and discussions among1139

the annotators.1140

• Relevant: Does user’s answer address system’s1141

question fully and appropriately, without omit-1142

ting information? For instance, if system asks1143

about food but user neither mentions a relevant1144

preference at all nor explicitly states there is no1145

preference, the response is not relevant.1146

• On-Topic: Does user’s answer stay limited to the1147

topic asked by system, without providing extra1148

information? For instance, if system asks about1149

food and user provides information other than1150

food, it’s off-topic. If answered topics covered1151

more than asked topics, it is likely off-topic.1152

• Faithful: Is user’s answer supported by the pro-1153

vided information? Stating “no preference” even1154

if the information contains preferences is consid-1155

ered inaccurate.1156

Inter-Annotator Agreement: The distribution1157

of collected judgments was highly skewed, making1158

the use of widely used metrics like Fleiss’ Kappa1159

inappropriate for quantifying inter-annotator agree-1160

ments. Therefore, we used Gwet’s AC1, a method1161

known for its robustness to class imbalance. The1162

scores were 98.37 (Relevant), 97.48 (On-Topic),1163

and 84.55 (Faithful), showing strong agreements1164

among the annotators.1165

A.3 Use of External Data and Tools1166

In this study, we used the following English1167

datasets. We have reviewed the terms of use for1168

each dataset and confirmed that our usage complies1169

with their guidelines.1170

• Yelp Open Dataset (Yelp)12: This dataset is1171

12https://www.yelp.com/dataset

released under the Yelp license for research 1172

purposes. 1173

• Amazon Reviews (Hou et al., 2024)13: Al- 1174

though specific licensing information is not 1175

clearly provided, this dataset has been made 1176

publicly available for research purposes. 1177

Personally identifiable information, such as user 1178

IDs, has already been anonymized in these datasets, 1179

and no demographic information is included. Fur- 1180

thermore, we masked person names during our data 1181

preprocessing (see Appendix A.2.1 for details). 1182

We used LLMs as supporting tools for coding 1183

and writing. Specifically, we used OpenAI’s GPT 1184

model for proofreading and polishing this paper as 1185

part of the writing process. Additionally, we used 1186

GitHub Copilot to assist with coding tasks. The 1187

idea and execution of the research are entirely our 1188

own original work. 1189

B Additional Experiment Results 1190

In this section, we include further experimental 1191

results that are not included in the main manuscript 1192

due to space restrictions. 1193

B.1 Full Performance Comparison 1194

Tables 7, 8 and 9 provide a comprehensive 1195

overview of the system performance across all com- 1196

pared methods. 1197

B.2 Ablation Study: Query Snippet 1198

Expansion 1199

We perform an ablation study to understand the 1200

contribution of different snippet expansion types. 1201

We remove each type of expansion and evaluate 1202

the resulting performance using the Yelp dataset 1203

with GPT-4o-mini. As shown in Table 5, removing 1204

either paraphrase and opposite expansions leads 1205

to largest performance drops across Hits@10 and 1206

MRR. This result is consistent with our analysis 1207

in Appendix. A.1.3, where these two expansion 1208

types are shown to align more closely with the 1209

semantics of the original snippets. Nevertheless, 1210

retaining all expansion types yields the best overall 1211

performance, suggesting that even less contributive 1212

support provide complementary signals. 1213

B.3 Inference Time 1214

SNIPREC takes around 5–10 seconds per turn on 1215

a single GPU (see §4.1). Table 6 provides a break- 1216

down of the inference time. Over 70% of the time 1217
13https://amazon-reviews-2023.github.io/
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Hits@1 Hits@5 Hits@10 MRR

Full Expansion 0.189 0.360 0.464 0.277
- Paraphrase 0.123 0.209 0.292 0.176
- Support 0.127 0.241 0.323 0.191
- Opposite 0.118 0.215 0.294 0.176
- All (No Exp.) 0.197 0.341 0.454 0.277

Table 5: Ablation study on query snippet expansion.
Removing paraphrase and opposite expansions show
more performance degradation, as aligned with Ap-
pendix. A.1.3.

Module Restaurants Books Clothing

parserAPI 0.87 (±0.55) 1.08 (±0.69) 0.93 (±0.52)

expanderAPI 2.28 (±4.71) 3.36 (±2.50) 3.29 (±6.67)

retriever 0.59 (±0.52) 0.70 (±0.70) 1.01 (±0.60)

validatorGPU 0.76 (±0.53) 0.99 (±0.59) 0.96 (±0.59)

scorer < 10ms < 10ms < 10ms

responderAPI 0.68 (±0.49) 0.78 (±0.57) 0.65 (±0.40)

Table 6: Breakdown of inference time (in seconds). The
standard deviation is reported in parentheses. “API” and
“GPU” refer to the modules whose runtime is primarily
influenced by the latency of API calls and the perfor-
mance of GPUs, respectively.

is spent on the parser, expander, and responder1218

components, mainly due to LLM API call latency.1219

The validator accounts for roughly 13% of the1220

time, with its runtime varying based on the number1221

of retrieved snippets and GPU performance. The1222

retriever may slow down with more snippets, al-1223

though modern dense retrievers like faiss are highly1224

scalable.1225

C List of Prompts1226

We provide the key prompts used in SNIPREC, with1227

system prompts shown in the top section and user1228

prompts in the bottom section. The full list of1229

prompts, along with the system implementation,1230

is available in the supplementary material of this1231

submission (see the included README for naviga-1232

tion). This section presents representative prompts1233

used for the Yelp dataset. Note that prompts for1234

other datasets follow the same structure with minor1235

wording variations (e.g., “restaurant” for Yelp and1236

“book” for Amazon).1237

C.1 Item Snippet Extraction (§ 3.1) 1238

1239

Prompt for decomposing reviews into item
snippets (Yelp)

You are a helpful assistant. Follow the instructions. No
prose.

As a language genius, you are tasked with reading
restaurant reviews and extracting and summarizing atomic,
simple, short and coherent sentences that contain factual
descriptions or subjective opinions related to a specific
aspect of the restaurant, and subsequently you also need
to (1) identify the topic of each atomic sentence and
(2) the attitude towards the restaurant in terms of this
proposition. The topics should be the aspects relevant
to restaurant domains. You should use multiple atomic
propositions if the content is about several topics, but
combine similar content into one proposition.

Ensure these sentences carry information that
effectively help differentiate various restaurants. If
there is already a proposition with a similar meaning,
ignore the redundant information. Ignore the irrelevant
chatter, narratives and descriptions unrelated to the
properties of the restaurant in the reviews. Try to use
original texts from the reviews and but do summarize them
if they are verbose. Be sure to cover the whole review.
Try to eliminate any references of "I" or "reviewer",
but focus on "restaurant". Follow the exemplar format to
extract.

{examples}

Analyze this review:
ˋˋˋ{review}ˋˋˋ

1240

C.2 Query Snippet Extraction (§ 3.2) 1241

Prompt for decomposing user responses into
query snippets (Yelp)

You are a helpful assistant.

You are provided with a pair of a question and a response
related to restaurant recommendations. The question asks
about preferences for a restaurant, and the response may
provide specific information about the user’s preferences
or indicate that there is no particular preference.

**Your task:**

1. **Extract Intents:** Identify any stated preferences
or dislikes about restaurants in the response.
2. **Convert to Requirement Statements:** Write
short, complete sentences that objectively describe
a requirement for the restaurant search. Avoid using
subjective phrases like "the user likes" or "the user
wants." Instead, write factual statements.
3. **Annotate:**
- ˋpropˋ: A brief description of the restaurant feature
the user prefers or dislikes.
- ˋsentimentˋ: ˋpreferenceˋ or ˋdislikeˋ.

{examples}

**Guidelines:**

- Disregard information in the response that doesn’t
express a preference or dislike.
- Annotate only clear and specific intents.
- Each intent should address a single topic; separate
multiple topics into individual intents.
- Known intents (listed in the provided set) should not
be repeated. Ensure that any new intent you extract is
distinct and does not overlap with the known intents.
- If the response is vague or indicates no specific
preference (e.g., "I’m open to...", "I’m not specifically
looking for..."), return an empty list (‘[]‘).

**Analyze the following question-response pair:**

1242
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Turn Hits@1 Hits@5 Hits@10 Avg Pos Avg MRR Hits@1 95ci Hits@5 95ci Hits@10 95ci Avg Pos 95ci Avg MRR 95ci

Baseline - Document GPT-4o-mini (k=100)

1 0.020 0.091 0.149 757.709 0.065 0.01-0.03 0.07-0.11 0.13-0.17 694.98-820.44 0.06-0.08
2 0.054 0.127 0.206 511.415 0.105 0.04-0.07 0.11-0.15 0.18-0.23 457.44-565.39 0.09-0.12
3 0.077 0.169 0.270 364.596 0.135 0.06-0.09 0.15-0.19 0.24-0.30 319.54-409.65 0.12-0.15
4 0.084 0.170 0.290 337.750 0.144 0.07-0.10 0.15-0.19 0.26-0.32 293.83-381.67 0.13-0.16
5 0.089 0.167 0.283 307.381 0.148 0.07-0.11 0.14-0.19 0.26-0.31 266.76-348.01 0.13-0.17

Baseline - Document LLaMA-3.3 70B (k=100)

1 0.018 0.090 0.153 704.959 0.065 0.01-0.03 0.07-0.11 0.13-0.18 646.76-763.16 0.06-0.08
2 0.041 0.093 0.167 575.275 0.081 0.03-0.05 0.07-0.11 0.14-0.19 520.48-630.07 0.07-0.09
3 0.055 0.146 0.230 418.054 0.110 0.04-0.07 0.12-0.17 0.20-0.26 371.06-465.05 0.10-0.12
4 0.067 0.153 0.246 362.794 0.123 0.05-0.08 0.13-0.18 0.22-0.27 317.75-407.84 0.11-0.14
5 0.074 0.167 0.257 337.193 0.131 0.06-0.09 0.14-0.19 0.23-0.28 294.50-379.89 0.11-0.15

Baseline - Sentence GPT-4o-mini (k=500)

1 0.029 0.110 0.180 159.568 0.082 0.02-0.04 0.09-0.13 0.16-0.20 137.92-181.22 0.07-0.09
2 0.083 0.220 0.299 116.661 0.158 0.07-0.10 0.19-0.25 0.27-0.33 98.23-135.09 0.14-0.18
3 0.126 0.255 0.359 104.103 0.202 0.11-0.15 0.23-0.28 0.33-0.39 86.23-121.97 0.18-0.22
4 0.149 0.285 0.381 89.070 0.222 0.13-0.17 0.26-0.31 0.35-0.41 73.23-104.91 0.20-0.24
5 0.161 0.280 0.386 78.523 0.231 0.14-0.18 0.25-0.31 0.36-0.42 66.30-90.75 0.21-0.25

Baseline - Sentence LLaMA-3.3 70B (k=100)

1 0.029 0.110 0.181 236.378 0.083 0.02-0.04 0.09-0.13 0.16-0.20 203.85-268.91 0.07-0.09
2 0.078 0.170 0.238 197.668 0.136 0.06-0.09 0.15-0.19 0.21-0.26 168.19-227.15 0.12-0.15
3 0.112 0.227 0.332 145.162 0.180 0.09-0.13 0.20-0.25 0.30-0.36 122.62-167.70 0.16-0.20
4 0.138 0.273 0.380 118.890 0.215 0.12-0.16 0.25-0.30 0.35-0.41 99.23-138.55 0.19-0.24
5 0.150 0.288 0.396 98.083 0.227 0.13-0.17 0.26-0.32 0.37-0.43 82.44-113.72 0.21-0.25

Baseline - Snippet GPT-4o-mini (k=1000)

1 0.043 0.126 0.194 134.714 0.097 0.03-0.06 0.11-0.15 0.17-0.22 118.15-151.27 0.08-0.11
2 0.109 0.231 0.337 95.198 0.181 0.09-0.13 0.20-0.26 0.31-0.37 80.84-109.56 0.16-0.20
3 0.148 0.286 0.393 90.195 0.226 0.13-0.17 0.26-0.31 0.36-0.42 74.67-105.72 0.20-0.25
4 0.171 0.294 0.390 78.418 0.243 0.15-0.19 0.27-0.32 0.36-0.42 66.24-90.60 0.22-0.27
5 0.190 0.305 0.414 74.093 0.257 0.17-0.21 0.28-0.33 0.38-0.44 62.37-85.82 0.23-0.28

Baseline - Snippet LLaMA-3.3 70B (k=100)

1 0.034 0.122 0.191 204.307 0.090 0.02-0.05 0.10-0.14 0.17-0.22 176.03-232.58 0.08-0.10
2 0.085 0.191 0.271 174.967 0.148 0.07-0.10 0.17-0.22 0.24-0.30 148.24-201.69 0.13-0.17
3 0.118 0.263 0.362 131.685 0.195 0.10-0.14 0.24-0.29 0.33-0.39 111.34-152.03 0.17-0.21
4 0.160 0.290 0.400 109.844 0.233 0.14-0.18 0.26-0.32 0.37-0.43 91.10-128.59 0.21-0.25
5 0.185 0.316 0.415 96.587 0.255 0.16-0.21 0.29-0.34 0.38-0.45 80.43-112.74 0.23-0.28

SNIPREC GPT-4o-mini (k=500)

1 0.034 0.119 0.191 152.083 0.088 0.02-0.05 0.10-0.14 0.17-0.22 133.05-171.12 0.08-0.10
2 0.097 0.218 0.305 111.660 0.166 0.08-0.12 0.19-0.24 0.28-0.33 94.83-128.49 0.15-0.18
3 0.152 0.288 0.387 93.688 0.228 0.13-0.17 0.26-0.32 0.36-0.42 79.16-108.22 0.21-0.25
4 0.180 0.315 0.429 81.767 0.257 0.16-0.20 0.29-0.34 0.40-0.46 68.26-95.27 0.23-0.28
5 0.197 0.341 0.454 77.189 0.277 0.17-0.22 0.31-0.37 0.42-0.48 63.21-91.17 0.25-0.30

SNIPREC LLaMA-3.3 70B (k=500)

1 0.032 0.127 0.209 143.613 0.091 0.02-0.04 0.11-0.15 0.18-0.23 126.61-160.61 0.08-0.10
2 0.089 0.201 0.282 154.001 0.156 0.07-0.11 0.18-0.23 0.25-0.31 134.28-173.72 0.14-0.17
3 0.131 0.270 0.366 135.404 0.205 0.11-0.15 0.24-0.30 0.34-0.40 114.79-156.02 0.18-0.23
4 0.160 0.326 0.424 104.493 0.244 0.14-0.18 0.30-0.36 0.39-0.45 87.90-121.08 0.22-0.27
5 0.185 0.333 0.438 93.701 0.263 0.16-0.21 0.30-0.36 0.41-0.47 78.24-109.16 0.24-0.29

SNIPREC + Expansion GPT-4o-mini (k=500)

1 0.037 0.132 0.212 129.337 0.096 0.03-0.05 0.11-0.15 0.19-0.24 113.89-144.79 0.08-0.11
2 0.090 0.229 0.337 98.499 0.169 0.07-0.11 0.20-0.26 0.31-0.37 84.04-112.95 0.15-0.19
3 0.143 0.306 0.406 92.005 0.227 0.12-0.16 0.28-0.33 0.38-0.44 76.01-108.00 0.21-0.25
4 0.172 0.346 0.440 75.537 0.260 0.15-0.20 0.32-0.38 0.41-0.47 63.02-88.05 0.24-0.28
5 0.189 0.360 0.464 65.323 0.277 0.16-0.21 0.33-0.39 0.43-0.49 54.61-76.03 0.25-0.30

SNIPREC + Expansion LLaMA-3.3 70B (k=500)

1 0.038 0.138 0.223 139.549 0.100 0.03-0.05 0.12-0.16 0.20-0.25 122.82-156.28 0.09-0.11
2 0.092 0.205 0.301 127.229 0.159 0.07-0.11 0.18-0.23 0.27-0.33 110.47-143.99 0.14-0.18
3 0.137 0.280 0.381 116.490 0.214 0.12-0.16 0.25-0.31 0.35-0.41 98.69-134.29 0.19-0.24
4 0.175 0.329 0.440 95.486 0.256 0.15-0.20 0.30-0.36 0.41-0.47 79.67-111.30 0.23-0.28
5 0.199 0.341 0.459 83.463 0.278 0.17-0.22 0.31-0.37 0.43-0.49 69.99-96.94 0.25-0.30

Table 7: Full system performance at each turn for the restaurant dataset.
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Turn Hits@1 Hits@5 Hits@10 Avg Pos Avg MRR Hits@1 95ci Hits@5 95ci Hits@10 95ci Avg Pos 95ci Avg MRR 95ci

Baseline - Document GPT-4o-mini (k=100)

1 0.020 0.076 0.133 1979.563 0.063 0.01-0.03 0.06-0.09 0.11-0.15 1790.70-2168.43 0.05-0.07
2 0.062 0.205 0.305 1201.196 0.138 0.05-0.08 0.18-0.23 0.28-0.33 1045.12-1357.27 0.12-0.15
3 0.106 0.268 0.371 956.239 0.188 0.09-0.13 0.24-0.30 0.34-0.40 812.28-1100.20 0.17-0.21
4 0.130 0.284 0.403 846.761 0.210 0.11-0.15 0.26-0.31 0.37-0.43 712.86-980.67 0.19-0.23
5 0.148 0.292 0.422 792.695 0.227 0.13-0.17 0.26-0.32 0.39-0.45 658.59-926.80 0.21-0.25

Baseline - Document LLaMA-3.3 70B (k=100)

1 0.016 0.080 0.147 1868.929 0.063 0.01-0.02 0.06-0.10 0.13-0.17 1686.99-2050.87 0.05-0.07
2 0.062 0.174 0.295 1264.248 0.127 0.05-0.08 0.15-0.20 0.27-0.32 1103.34-1425.16 0.11-0.14
3 0.100 0.230 0.321 1021.103 0.173 0.08-0.12 0.20-0.26 0.29-0.35 875.37-1166.84 0.15-0.19
4 0.124 0.257 0.339 882.698 0.197 0.10-0.14 0.23-0.28 0.31-0.37 746.00-1019.40 0.18-0.22
5 0.138 0.261 0.360 859.349 0.209 0.12-0.16 0.23-0.29 0.33-0.39 726.88-991.82 0.19-0.23

Baseline - Sentence GPT-4o-mini (k=100)

1 0.103 0.225 0.299 1506.339 0.169 0.08-0.12 0.20-0.25 0.27-0.33 1333.48-1679.19 0.15-0.19
2 0.209 0.351 0.415 1136.255 0.282 0.18-0.23 0.32-0.38 0.38-0.45 982.63-1289.88 0.26-0.31
3 0.257 0.404 0.472 1021.802 0.327 0.23-0.28 0.37-0.43 0.44-0.50 869.68-1173.92 0.30-0.35
4 0.285 0.413 0.486 946.894 0.349 0.26-0.31 0.38-0.44 0.45-0.52 803.36-1090.43 0.32-0.38
5 0.306 0.421 0.479 825.236 0.364 0.28-0.33 0.39-0.45 0.45-0.51 692.67-957.80 0.34-0.39

Baseline - Sentence LLaMA-3.3 70B (k=1000)

1 0.101 0.220 0.288 562.415 0.165 0.08-0.12 0.19-0.25 0.26-0.32 453.63-671.20 0.15-0.18
2 0.185 0.335 0.408 360.629 0.259 0.16-0.21 0.31-0.36 0.38-0.44 282.28-438.98 0.24-0.28
3 0.237 0.353 0.439 303.673 0.299 0.21-0.26 0.32-0.38 0.41-0.47 233.82-373.52 0.27-0.32
4 0.263 0.352 0.429 289.565 0.317 0.24-0.29 0.32-0.38 0.40-0.46 222.26-356.87 0.29-0.34
5 0.274 0.366 0.422 247.523 0.325 0.25-0.30 0.34-0.40 0.39-0.45 198.17-296.88 0.30-0.35

Baseline - Snippet GPT-4o-mini (k=1000)

1 0.113 0.237 0.302 493.710 0.179 0.09-0.13 0.21-0.26 0.27-0.33 399.35-588.07 0.16-0.20
2 0.222 0.352 0.428 350.655 0.291 0.20-0.25 0.32-0.38 0.40-0.46 274.10-427.21 0.27-0.32
3 0.274 0.421 0.495 292.019 0.348 0.25-0.30 0.39-0.45 0.46-0.53 224.40-359.64 0.32-0.37
4 0.305 0.429 0.499 320.447 0.369 0.28-0.33 0.40-0.46 0.47-0.53 246.70-394.19 0.34-0.40
5 0.325 0.446 0.504 255.871 0.385 0.30-0.35 0.42-0.48 0.47-0.54 200.36-311.38 0.36-0.41

Baseline - Snippet LLaMA-3.3 70B (k=500)

1 0.116 0.243 0.311 758.719 0.186 0.10-0.14 0.22-0.27 0.28-0.34 636.88-880.55 0.17-0.21
2 0.205 0.361 0.431 568.457 0.282 0.18-0.23 0.33-0.39 0.40-0.46 462.04-674.87 0.26-0.31
3 0.252 0.381 0.461 507.324 0.317 0.23-0.28 0.35-0.41 0.43-0.49 406.86-607.79 0.29-0.34
4 0.276 0.384 0.451 452.367 0.334 0.25-0.30 0.35-0.41 0.42-0.48 357.41-547.32 0.31-0.36
5 0.294 0.395 0.453 460.492 0.349 0.27-0.32 0.36-0.43 0.42-0.48 365.74-555.25 0.32-0.38

SNIPREC GPT-4o-mini (k=1000)

1 0.155 0.322 0.391 455.690 0.235 0.13-0.18 0.29-0.35 0.36-0.42 368.47-542.91 0.21-0.26
2 0.259 0.430 0.492 328.777 0.339 0.23-0.29 0.40-0.46 0.46-0.52 255.68-401.87 0.31-0.36
3 0.325 0.483 0.559 306.239 0.400 0.30-0.35 0.45-0.51 0.53-0.59 230.10-382.38 0.37-0.43
4 0.357 0.485 0.550 251.113 0.420 0.33-0.39 0.45-0.52 0.52-0.58 190.80-311.42 0.39-0.45
5 0.368 0.489 0.552 258.158 0.429 0.34-0.40 0.46-0.52 0.52-0.58 193.37-322.94 0.40-0.46

SNIPREC LLaMA-3.3 70B (k=1000)

1 0.149 0.302 0.370 605.365 0.225 0.13-0.17 0.27-0.33 0.34-0.40 496.77-713.96 0.20-0.25
2 0.240 0.389 0.466 401.158 0.314 0.21-0.27 0.36-0.42 0.44-0.50 316.25-486.06 0.29-0.34
3 0.289 0.413 0.491 346.228 0.353 0.26-0.32 0.38-0.44 0.46-0.52 269.90-422.55 0.33-0.38
4 0.314 0.420 0.491 326.659 0.369 0.29-0.34 0.39-0.45 0.46-0.52 254.03-399.29 0.34-0.40
5 0.323 0.430 0.495 329.054 0.376 0.29-0.35 0.40-0.46 0.46-0.53 256.44-401.67 0.35-0.40

SNIPREC + Expansion GPT-4o-mini (k=1000)

1 0.150 0.318 0.384 333.929 0.230 0.13-0.17 0.29-0.35 0.35-0.41 268.01-399.85 0.21-0.25
2 0.246 0.414 0.489 276.166 0.329 0.22-0.27 0.38-0.44 0.46-0.52 214.54-337.79 0.30-0.35
3 0.311 0.464 0.535 219.170 0.387 0.28-0.34 0.43-0.49 0.50-0.57 168.26-270.08 0.36-0.41
4 0.335 0.471 0.540 225.405 0.401 0.31-0.36 0.44-0.50 0.51-0.57 172.79-278.02 0.37-0.43
5 0.353 0.482 0.545 209.771 0.414 0.32-0.38 0.45-0.51 0.51-0.58 161.52-258.02 0.39-0.44

SNIPREC + Expansion LLaMA-3.3 70B (k=1000)

1 0.152 0.321 0.394 340.011 0.234 0.13-0.17 0.29-0.35 0.36-0.42 271.78-408.24 0.21-0.26
2 0.249 0.403 0.489 235.439 0.326 0.22-0.28 0.37-0.43 0.46-0.52 183.89-286.99 0.30-0.35
3 0.291 0.438 0.520 208.621 0.362 0.26-0.32 0.41-0.47 0.49-0.55 162.37-254.87 0.34-0.39
4 0.315 0.443 0.513 204.563 0.379 0.29-0.34 0.41-0.47 0.48-0.54 157.46-251.67 0.35-0.41
5 0.331 0.439 0.513 197.468 0.389 0.30-0.36 0.41-0.47 0.48-0.54 158.00-236.94 0.36-0.42

Table 8: Full system performance at each turn for the book dataset.
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Turn Hits@1 Hits@5 Hits@10 Avg Pos Avg MRR Hits@1 95ci Hits@5 95ci Hits@10 95ci Avg Pos 95ci Avg MRR 95ci

Baseline - Document GPT-4o-mini (k=100)

1 0.010 0.050 0.107 1934.348 0.047 0.00-0.02 0.04-0.06 0.09-0.13 1750.77-2117.93 0.04-0.05
2 0.035 0.092 0.133 1515.333 0.072 0.02-0.05 0.07-0.11 0.11-0.15 1352.60-1678.07 0.06-0.08
3 0.042 0.100 0.150 1519.049 0.079 0.03-0.05 0.08-0.12 0.13-0.17 1354.95-1683.15 0.07-0.09
4 0.052 0.110 0.163 1341.672 0.090 0.04-0.07 0.09-0.13 0.14-0.19 1179.50-1503.84 0.08-0.10
5 0.059 0.118 0.167 1254.036 0.098 0.04-0.07 0.10-0.14 0.14-0.19 1099.20-1408.87 0.08-0.11

Baseline - Document LLaMA-3.3 70B (k=100)

1 0.011 0.058 0.114 1875.500 0.050 0.00-0.02 0.04-0.07 0.09-0.13 1692.44-2058.56 0.04-0.06
2 0.034 0.110 0.150 1574.288 0.076 0.02-0.05 0.09-0.13 0.13-0.17 1403.32-1745.26 0.06-0.09
3 0.048 0.115 0.185 1351.646 0.091 0.03-0.06 0.10-0.13 0.16-0.21 1192.86-1510.43 0.08-0.10
4 0.057 0.125 0.178 1234.909 0.099 0.04-0.07 0.10-0.15 0.15-0.20 1082.26-1387.56 0.08-0.11
5 0.062 0.117 0.170 1242.217 0.099 0.05-0.08 0.10-0.14 0.15-0.19 1088.56-1395.87 0.08-0.11

Baseline - Sentence GPT-4o-mini (k=1000)

1 0.031 0.113 0.170 780.693 0.082 0.02-0.04 0.09-0.13 0.15-0.19 653.85-907.53 0.07-0.09
2 0.064 0.115 0.160 706.770 0.099 0.05-0.08 0.10-0.13 0.14-0.18 597.16-816.38 0.08-0.11
3 0.078 0.132 0.186 653.231 0.114 0.06-0.09 0.11-0.15 0.16-0.21 553.00-753.46 0.10-0.13
4 0.085 0.141 0.187 594.313 0.120 0.07-0.10 0.12-0.16 0.16-0.21 503.94-684.69 0.10-0.14
5 0.090 0.138 0.192 564.795 0.125 0.07-0.11 0.12-0.16 0.17-0.22 481.93-647.66 0.11-0.14

Baseline - Sentence LLaMA-3.3 70B (k=1000)

1 0.032 0.110 0.167 748.171 0.083 0.02-0.04 0.09-0.13 0.14-0.19 629.35-866.99 0.07-0.09
2 0.053 0.112 0.158 704.295 0.094 0.04-0.07 0.09-0.13 0.14-0.18 596.25-812.34 0.08-0.11
3 0.068 0.126 0.183 691.014 0.105 0.05-0.08 0.11-0.15 0.16-0.21 584.23-797.80 0.09-0.12
4 0.083 0.133 0.191 631.332 0.117 0.07-0.10 0.11-0.15 0.17-0.22 536.46-726.21 0.10-0.13
5 0.088 0.141 0.191 596.028 0.123 0.07-0.11 0.12-0.16 0.17-0.22 506.10-685.95 0.10-0.14

Baseline - Snippet GPT-4o-mini (k=500)

1 0.039 0.128 0.200 1081.991 0.093 0.03-0.05 0.11-0.15 0.18-0.22 935.58-1228.40 0.08-0.11
2 0.071 0.142 0.194 951.478 0.115 0.06-0.09 0.12-0.16 0.17-0.22 820.43-1082.52 0.10-0.13
3 0.090 0.154 0.199 929.788 0.128 0.07-0.11 0.13-0.18 0.17-0.22 801.13-1058.45 0.11-0.15
4 0.097 0.162 0.203 858.729 0.136 0.08-0.12 0.14-0.18 0.18-0.23 733.62-983.84 0.12-0.15
5 0.107 0.162 0.212 771.016 0.142 0.09-0.13 0.14-0.18 0.19-0.24 656.00-886.03 0.12-0.16

Baseline - Snippet LLaMA-3.3 70B (k=100)

1 0.045 0.133 0.207 2085.765 0.098 0.03-0.06 0.11-0.15 0.18-0.23 1895.93-2275.60 0.08-0.11
2 0.079 0.139 0.185 1785.214 0.117 0.06-0.10 0.12-0.16 0.16-0.21 1610.68-1959.75 0.10-0.13
3 0.093 0.152 0.193 1715.030 0.128 0.07-0.11 0.13-0.17 0.17-0.22 1540.30-1889.76 0.11-0.15
4 0.103 0.152 0.205 1639.961 0.136 0.08-0.12 0.13-0.17 0.18-0.23 1466.08-1813.84 0.12-0.15
5 0.108 0.156 0.208 1555.878 0.141 0.09-0.13 0.13-0.18 0.18-0.23 1382.13-1729.63 0.12-0.16

SNIPREC GPT-4o-mini (k=1000)

1 0.041 0.133 0.212 1048.920 0.099 0.03-0.05 0.11-0.15 0.19-0.24 906.72-1191.12 0.09-0.11
2 0.062 0.156 0.227 840.274 0.121 0.05-0.08 0.13-0.18 0.20-0.25 709.96-970.59 0.10-0.14
3 0.081 0.170 0.241 716.963 0.136 0.06-0.10 0.15-0.19 0.21-0.27 600.57-833.36 0.12-0.15
4 0.091 0.168 0.232 634.158 0.142 0.07-0.11 0.14-0.19 0.21-0.26 527.93-740.39 0.12-0.16
5 0.095 0.175 0.253 606.619 0.146 0.08-0.11 0.15-0.20 0.23-0.28 501.88-711.36 0.13-0.16

SNIPREC LLaMA-3.3 70B (k=1000)

1 0.037 0.141 0.215 825.146 0.096 0.03-0.05 0.12-0.16 0.19-0.24 696.72-953.57 0.08-0.11
2 0.069 0.165 0.233 708.483 0.124 0.05-0.08 0.14-0.19 0.21-0.26 589.36-827.61 0.11-0.14
3 0.080 0.158 0.241 535.007 0.131 0.06-0.10 0.14-0.18 0.21-0.27 438.02-631.99 0.11-0.15
4 0.083 0.164 0.250 507.373 0.135 0.07-0.10 0.14-0.19 0.22-0.28 415.12-599.63 0.12-0.15
5 0.091 0.170 0.249 514.354 0.143 0.07-0.11 0.15-0.19 0.22-0.28 419.79-608.91 0.12-0.16

SNIPREC + Expansion GPT-4o-mini (k=500)

1 0.040 0.128 0.208 979.550 0.097 0.03-0.05 0.11-0.15 0.18-0.23 841.81-1117.29 0.08-0.11
2 0.065 0.162 0.231 759.479 0.123 0.05-0.08 0.14-0.18 0.20-0.26 640.86-878.10 0.11-0.14
3 0.090 0.167 0.232 656.578 0.141 0.07-0.11 0.14-0.19 0.21-0.26 545.53-767.63 0.12-0.16
4 0.101 0.168 0.226 576.390 0.149 0.08-0.12 0.14-0.19 0.20-0.25 475.24-677.54 0.13-0.17
5 0.108 0.174 0.232 498.779 0.152 0.09-0.13 0.15-0.20 0.21-0.26 410.83-586.73 0.13-0.17

SNIPREC + Expansion LLaMA-3.3 70B (k=1000)

1 0.033 0.136 0.218 558.727 0.094 0.02-0.04 0.11-0.16 0.19-0.24 464.37-653.09 0.08-0.11
2 0.072 0.167 0.239 507.867 0.129 0.06-0.09 0.14-0.19 0.21-0.27 416.63-599.10 0.11-0.15
3 0.086 0.173 0.246 439.198 0.140 0.07-0.10 0.15-0.20 0.22-0.27 359.31-519.08 0.12-0.16
4 0.098 0.175 0.255 423.658 0.148 0.08-0.12 0.15-0.20 0.23-0.28 346.45-500.86 0.13-0.17
5 0.109 0.177 0.254 426.539 0.154 0.09-0.13 0.15-0.20 0.23-0.28 349.63-503.45 0.14-0.17

Table 9: Full system performance at each turn for the clothing dataset.
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- Question: "{question}"
- Response: "{response}"
- Known intents: {intents}

1243

C.3 Query Snippet Expansion (§ 3.2)1244

Prompt for paraphrasing snippets

You are a helpful assistant. Strictly follow the format
of the examples; do not provide anything other than the
direct answer.

Paraphrase a given sentence.
The sentence should be an atomic, simple, short and
coherent sentence that contain factual descriptions or
subjective opinions related to a specific aspect of the
restaurant/book.

Paraphrase this sentence: "{sentence}"

1245

Prompt for generating supporting snippets
(Yelp)

You are a helpful assistant. Strictly follow the format
of the examples; do not provide anything other than the
direct answer.

Generate a sentence that could serve as evidence for a
given sentence.
The sentence should be an atomic, simple, short and
coherent sentence that contain factual descriptions or
subjective opinions related to a specific aspect of the
restaurant.

<example>
Given sentence: "the restaurant is located in a bad
neighborhood"
the restaurant is near bad crime area.

Given sentence: "the place is vegetarian-friendly."
the menu contains some veggie options.

Given sentence: "the place is good for family
dinner."
high chairs are available.
<\example>

Given sentence: "{sentence}"

1246

Prompt for generating opposing snippets
(Yelp)

You are a helpful assistant. Strictly follow the format
of the examples; do not provide anything other than the
direct answer.

Generate the sentence of opposite meaning in restaurant
domain following the examples.

<example>
What’s the opposite of this sentence: "this place has
sweet options like Cannolis"
This place lacks sweet options like Cannolis.

What’s the opposite of this sentence: "this place
is too crowded."
This place is very spacious.
<\example>

What’s the opposite of this sentence: "{sentence}"

1247

C.4 Clarification Question Generation (§ 3.4) 1248

1249

Prompt for generating clarification questions

You are a Recommender chatting with a Seeker to provide
restaurant/book recommendation. Your task is to ask
questions for understanding the Seeker’s preference.

# Role-Play Task: Recommender
You will play the role of a Recommender helping a
Seeker find a restaurant/book that suits the Seeker’s
preferences.

Based on the conversation log provided below,
identify the most relevant aspect of the Seeker’s
preferences that will help refine the search for a
suitable restaurant/book. Your question should focus only
on one topic. Do not ask about multiple topics at once.

**Dialogue Context:**
{context}
Recommender:

Now, generate a response in the role of the Recommender.

**Response Guidelines:**

- Your response should be concise, typically one
sentence. Avoid asking multiple questions at once.
- Do not ask for a restaurant/book name or any personal
or street names.
- Respond directly and concisely to the scenario without
repeating the instructions or adding unrelated details.
Use question types that give the human user more
flexibility, allowing for creative and open-ended answers
while staying relevant to the context.

1250

D Illustrative Examples 1251

D.1 User Simulation Example 1252

We present an example of user simulation. Below 1253

are the selected item review, attribute information, 1254

and summary of its other favorable reviews, which 1255

are used to build the context provided to the simu- 1256

lator as in Appendix A.2.1. 1257

Example context (Yelp) provided to user sim-
ulator prompt (§ A.2.1)

{review text}

Tried the cart at a street. I ordered the General Tso’s
chicken stir fry. I talked to our server about how spicy
and he was like it’s not that spicy but it definitely has
a kick (I’m also a wimp haha) but the flavor is great. The
guy working was super nice and personable while helping
me order. The veggies taste fresh and are crisp and I
am very happy with the size of the portion for $10. I’ll
definitely have a bit for leftovers!"

{item info}

Category: asian fusion
- Alcohol: none
- Ambience/touristy: False
- Ambience/hipster: False
- Ambience/romantic: False
- Ambience/divey: False
- Ambience/intimate: False
- Ambience/trendy: False
- Ambience/upscale: False
- Ambience/classy: False
- Ambience/casual: False
- BYOB: No
- BikeParking: No
- BusinessAcceptsBitcoin: Yes
- BusinessAcceptsCreditCards: Yes
- BusinessParking: None

1258
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- Caters: Yes
- DogsAllowed: Yes
- GoodForKids: No
- GoodForMeal/dessert: False
- GoodForMeal/latenight: False
- GoodForMeal/lunch: False
- GoodForMeal/dinner: False
- GoodForMeal/brunch: False
- GoodForMeal/breakfast: False
- HappyHour: No
- HasTV: No
- OutdoorSeating: Yes
- RestaurantsDelivery: Yes
- RestaurantsGoodForGroups: No
- Price Range: 11−30
- RestaurantsReservations: No
- RestaurantsTableService: No
- RestaurantsTakeOut: Yes
- WheelchairAccessible: No
- WiFi: no

{item review summary}

What people generally like: Customers appreciate the
delicious food, particularly the drunken noodles and chili
garlic sauce, which many found flavorful and well-prepared.
The freshness of the vegetables and the generous portion
sizes receive high praise, with some meals lasting enough
for two servings. The friendly and helpful staff enhance
the dining experience, creating a positive atmosphere at
this restaurant. Convenient location adds to the appeal,
making it a popular lunch spot for locals. Many reviewers
recommend trying the different combinations and sauces
available.

1259

Using the above exemplar item, we also provide1260

sample ratings for selected user responses on three1261

dimensions: relevancy, on-topicness, faithfulness.1262

• Question: What type of atmosphere are you1263

hoping for, like casual, upscale, or something in1264

between?1265

• Answer: I’m looking for something casual.1266

• Rating: Relevant ✓, On-topic ✓, Faithful ×1267

• Question: What specific dishes or flavors are1268

you most interested in trying at an Asian fusion1269

restaurant?1270

• Answer: I’m interested in trying dishes like1271

drunken noodles and anything with chili garlic1272

sauce.1273

• Rating: Relevant ✓, On-topic ✓, Faithful ✓1274

• Question: Are you looking for a specific type of1275

cuisine within Asian fusion, like Thai, Chinese,1276

or Japanese influences?1277

• Answer: I’m open to any influences, but I really1278

enjoyed the General Tso’s chicken stir fry.1279

• Rating: Relevant ×, On-topic ×, Faithful ×1280

D.2 Conversational Recommendation1281

Examples1282

Tables 10 and 11 present two example cases of1283

conversational recommendation from the Yelp and1284

Amazon book datasets, each spanning five turns.1285
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GPT-4o-mini

1

Recommender Hello, what category of restaurant are you looking for?
Seeker I’m looking for a place that serves cheesesteaks.
Snippets (+) cheesesteaks are served. the menu features a variety of cheesesteak sandwiches. Cheesesteaks are

offered. (-) Cheesesteaks are not served.
Rank 11

2

Recommender What type of atmosphere do you prefer for your cheesesteak experience, casual or more upscale?
Seeker Casual is definitely my vibe for cheesesteaks.
Snippets (+) the atmosphere is casual. customers often wear jeans and t-shirts. The vibe is relaxed. (-) The

atmosphere is formal.
Rank 10

3

Recommender What is your preferred location or neighborhood for enjoying your casual cheesesteak?
Seeker I’m open to any location, just looking for a good cheesesteak spot.
Snippets (+) (-)
Rank 10

4

Recommender What is your preferred price range for a casual cheesesteak?
Seeker I’m looking for a price range between $11 and $30 for a cheesesteak.
Snippets (+) the price range is between $11 and $30. most main dishes cost around $20. The prices vary from $11

to $30. (-) The price range is not between $11 and $30.
Rank 7

5

Recommender What specific toppings or ingredients do you enjoy on your cheesesteak?
Seeker I enjoy classic toppings, but I’m not picky about specifics.
Snippets (+) classic toppings are enjoyed. pepperoni and mushrooms are popular choices. Traditional toppings

are appreciated. (-) Classic toppings are disliked.
Rank 0

LLaMa-3.3 70B

1

Recommender Hello, what category of restaurant are you looking for?
Seeker I’m looking for a place that serves cheesesteaks.
Snippets (+) the place serves cheesesteaks. the menu includes a philly cheesesteak sandwich. They offer cheeses-

teaks here. (-) The place does not serve cheesesteaks.
Rank 13

2

Recommender What kind of atmosphere are you envisioning for your cheesesteak dining experience?
Seeker I’m looking for a casual atmosphere.
Snippets (+) the place has a casual atmosphere. people wear jeans and t-shirts when dining there. The restaurant

has a relaxed ambiance. (-) The place has a formal atmosphere.
Rank 11

3

Recommender How important is it for you to have a wide variety of cheesesteak options, such as different types of
cheese or meats, at the restaurant?

Seeker I don’t have a specific preference for the variety of cheesesteak options, just a solid cheesesteak is good
for me!

Snippets (+) (-)
Rank 11

4

Recommender What is your preferred price range for this casual cheesesteak dining experience?
Seeker I’m looking for something in the $11-$30 range.
Snippets (+) the price range is between $11 and $30. most meals cost around twenty dollars. Prices fall within the

$11 to $30 range. (-) The price range is outside of $11 and $30, or more specifically: The price range is
either under $11 or over $30.

Rank 2

5

Recommender Are you open to trying a restaurant that is a bit of a walk from public transportation, or would you prefer
one that is more conveniently located near a bus or train stop?

Seeker I’m okay with a bit of a walk from public transportation.
Snippets (+) the place is within walking distance from public transportation. a bus stop is right in front of the

restaurant. The restaurant is easily accessible on foot from the nearest public transport stop. (-) The
place is far from public transportation.

Rank 7

Table 10: User and SNIPREC + Expansion interaction excerpts from Yelp dataset. Rank represents the current
position of the target item among all candidates.
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GPT-4o-mini

1

Recommender Hello, which category of books are you looking for?
Seeker I’m looking for a biography or memoir, especially related to arts and literature.
Snippets (+) It chronicles the life of a famous individual. It discusses various literary movements. It features discussions on famous artists. It recounts

personal experiences from the author’s life. The book is a life story. The book is a personal narrative. The book pertains to literature. The
book pertains to the arts. the book is a biography. the book is a memoir. the book is related to arts. the book is related to literature. (-) The
book is a work of fiction. The book is unrelated to literature. The book is unrelated to the arts.

Rank 7038

2

Recommender What specific time period or artist’s life are you most interested in exploring through a biography or memoir?
Seeker I’m interested in biographies that capture the spirit of historical events, even if they take some liberties with the facts.
Snippets (+) It vividly describes key moments from the past. The author alters historical events for dramatic effect. The book alters some of the facts.

The book reflects the essence of historical events. the book captures the spirit of historical events. the book takes some liberties with the facts.
(-) The book adheres strictly to the facts. The book fails to convey the essence of historical events.

Rank 8743

3

Recommender What specific historical events or figures in the arts and literature are you particularly drawn to?
Seeker I’m drawn to biographies that explore royal history and the complexities of personal relationships, even if they aren’t entirely factually

accurate.
Snippets (+) It details the lives of several monarchs. The book examines the history of royalty. The book examines the intricacies of personal

connections. The characters experience deep emotional conflicts. the book explores royal history. the book explores the complexities of
personal relationships. (-) The book avoids the intricacies of personal relationships. The book ignores royal history.

Rank 242

4

Recommender What specific royal figures or historical events related to the arts and literature are you most interested in?
Seeker I’m particularly interested in biographies that delve into royal figures and their personal relationships, even if they take some creative liberties

with the facts.
Snippets (+) It explores the lives of several kings and queens. The book examines individual connections. The book explores royal characters. The

characters have deep emotional connections. the book delves into royal figures. the book explores personal relationships (-) The book avoids
any mention of royal figures. The book ignores personal relationships.

Rank 70

5

Recommender Which specific royal figures or dynasties are you most fascinated by in terms of their personal relationships and artistic contributions?
Seeker I’m really fascinated by Queen Elizabeth II and her relationships, especially how they played out against the backdrop of royal duties.
Snippets (+) It explores her reign and significant events. It provides insights into her friendships and rivalries. The book examines Queen Elizabeth II’s

connections. The book focuses on Queen Elizabeth II. The characters navigate court politics. The story takes place amid royal responsibilities.
the book explores Queen Elizabeth II’s relationships. the book is about Queen Elizabeth II. the book is set against the backdrop of royal duties.
(-) The book ignores Queen Elizabeth II’s relationships. The book is not about Queen Elizabeth II. The book is set against the backdrop of
ordinary life.

Rank 9

LLaMa-3.3 70B

1

Recommender Hello, which category of books are you looking for?
Seeker I’m looking for biographies or memoirs, especially related to arts and literature.
Snippets (+) the book is a biography. the book is a memoir. the book is related to arts and literature. It describes the subject’s life events in

chronological order. The author recounts their personal experiences. It discusses various famous authors and their works. The book tells the
story of someone’s life. The book is an autobiography. The book focuses on creative fields such as art and literature. (-) The book is not a
biography. The book is not a memoir. The book is unrelated to arts and literature.

Rank 203

2

Recommender What specific aspects of arts and literature, such as the life of a particular artist, writer, or movement, interest you the most in a biography or
memoir?

Seeker I’m really into royal history and the personal lives of historical figures.
Snippets (+) the book is about royal history. the book is about the personal lives of historical figures. It describes the lives of several monarchs. It

describes the daily routines of famous leaders. The book focuses on the history of royalty. The book explores the private lives of famous
historical individuals. (-) The book is not about royal history. The book is not about the personal lives of historical figures.

Rank 60

3

Recommender What time period or historical era would you prefer the royal history or personal lives of historical figures to be from in the biography or
memoir you’re looking for?

Seeker I’m particularly interested in the 20th century, especially the British royal family.
Snippets (+) the book is set in the 20th century. the book is about the British royal family. The story takes place during World War II. The story revolves

around the lives of kings and queens of England. The story takes place during the 20th century. The book focuses on the British monarchy. (-)
The book is not set in the 20th century. The book is not about the British royal family.

Rank 20

4

Recommender What kind of experiences or aspects of the British royal family’s lives in the 20th century would you like the biography or memoir to focus on,
such as their struggles, achievements, or personal relationships?

Seeker I’m interested in their struggles and personal relationships, especially how they navigated challenges during that time.
Snippets (+) the book focuses on the struggles of the British royal family. the book focuses on the personal relationships of the British royal family. The

story revolves around the personal lives of kings and queens. The story explores the intimate interactions between Queen Elizabeth and her
siblings. The book explores the challenges faced by the British monarchy. The book explores the interpersonal dynamics within the British
monarchy. (-) The book focuses on something other than the struggles of the British royal family. The book ignores the personal relationships
of the British royal family.

Rank 27

5

Recommender How much emphasis would you like the biography or memoir to place on historical context and the broader social and political climate of the
time, versus a more intimate, personal focus on the individual’s experiences?

Seeker I’m looking for a balance between personal experiences and historical context, especially how they dealt with challenges.
Snippets (+) the book provides a balance between personal experiences and historical context. the book includes how the individual dealt with

challenges. The author weaves together personal anecdotes with thorough historical research. The author provides personal anecdotes about
overcoming obstacles. The book strikes a balance between the author’s personal stories and the broader historical background. The book
discusses the individual’s methods for overcoming obstacles. (-) The book lacks a balance between personal experiences and historical
context. The book excludes how the individual dealt with challenges.

Rank 39

Table 11: User and SNIPREC + Expansion interaction excerpts from Amazon book dataset. Rank represents the
current position of the target item among all candidates.
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