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Abstract001

Large language model (LLM)-based agents002
are increasingly deployed in e-commerce shop-003
ping. To perform thorough, user-tailored prod-004
uct searches, agents should interpret personal005
preferences, engage in multi-turn dialogues,006
and ultimately retrieve and discriminate among007
highly similar products. However, existing re-008
search has yet to provide a unified simulation009
environment that consistently captures all of010
these aspects, and always focuses solely on011
evaluation benchmarks without training sup-012
port. In this paper, we introduce ShopSimu-013
lator, a large-scale and challenging Chinese014
shopping environment. Leveraging ShopSim-015
ulator, we evaluate LLMs across diverse sce-016
narios, finding that even the best-performing017
models achieve less than 40% full-success rate.018
Error analysis reveals that agents struggle with019
deep search and product selection in long tra-020
jectories, fail to balance the use of personaliza-021
tion cues, and to effectively engage with users.022
Further training exploration provides practi-023
cal guidance for overcoming these weaknesses,024
with the combination of supervised fine-tuning025
(SFT) and reinforcement learning (RL) yield-026
ing significant performance improvements1.027

1 Introduction028

In modern e-commerce platforms, personalized and029

interactive product search have become key com-030

ponents of the user experience. Beyond matching031

products to explicit queries, real-world scenarios032

often involve users who provide vague, partial, or033

evolving goals. An effective shopping assistant034

should communicate with the user to clarify these035

goals, infer preferences from user profiles and his-036

torical behavior, then search and distinguish similar037

products to offer the most suitable options. Re-038

cent advances in large language models (LLMs)039

allow LLMs to integrate interaction, reasoning, and040

search into a unified workflow, making LLM-based041

1We will release our data and code after blind review.

agents promising candidates for the next generation 042

of shopping assistants in e-commerce (Yao et al., 043

2022; Wu et al., 2024; Xu et al., 2024). 044

To develop such agents, the community has 045

shown growing interest in applying reinforcement 046

learning (RL) techniques to the training of LLMs. 047

Unlike supervised fine-tuning (SFT) or offline pref- 048

erence optimization (e.g., DPO (Rafailov et al., 049

2023)), RL algorithms (e.g., PPO, GRPO (Shao 050

et al., 2024)) depend on autonomous exploration 051

within interactive environments, using feedback 052

signals to iteratively refine the agent’s policy. Al- 053

though several studies have made progress toward 054

environment-driven e-commerce exploration, such 055

as WebShop and DeepShop (Yao et al., 2022; Lyu 056

et al., 2025). However, as shown in Table 1, 057

they face two key limitations. First, they lack a 058

unified environment that simultaneously captures 059

the personalization, multi-turn interaction2, and 060

fine-grained product discrimination required in re- 061

alistic e-commerce settings. Second, they focus 062

primarily on evaluation and provide little or no 063

support for training resources. These limitations 064

undermine both the reliable assessment of agent 065

performance in realistic user interactions and the 066

effectiveness of these environments for RL-driven 067

strategy exploration and training3. To address this 068

gap, we focus on two research questions: 069

RQ1: How do current LLM agents perform, and 070

can they serve as reliable shopping assistants in 071

environments characterized by personalized user 072

preferences and multi-turn interactions? 073

RQ2: In such environments, which training 074

strategies, notably RL compared to SFT, can effec- 075

tively drive LLMs toward reliable shopping agents? 076

As the foundation for exploration, we introduce 077

ShopSimulator, a Chinese e-commerce sandbox 078

environment grounded in real-world products and 079

2In this paper, “multi-turn” refers to agent–user interac-
tions, while “multi-step” refers to agent–env actions.

3We introduce the related work in detail in Section 5.

1



Environment Language Source # Domain # Product # Task Training-Task Single-Turn Multi-Turn Personalization

WebShop (Yao et al., 2022) English Amazon 5 1.18M 12,087 ✓ ✓ ✗ ✗
DeepShop (Lyu et al., 2025) English Amazon 5 – 600 ✗ ✓ ✗ ✗
ChatShop (Chen et al., 2024) English Amazon 5 1.18M 1,500 ✗ ✓ ✓ ✗
WebMall (Peeters et al., 2025) English WooCommerce 3 4.4K 91 ✗ ✓ ✗ ✗
ShoppingBench (Wang et al., 2025a) English Lazada 21 2.5M 3,310 ✓ ✓ ✗ ✗
ShopSimulator (Ours) Chinese Taobao 12 1.34M 28,147 ✓ ✓ ✓ ✓

Table 1: Comparison of ShopSimulator with existing work. Columns indicate: Training Task– whether a training
task set is included to support model training; Multi-Turn – whether multi-turn dialogues with users are supported;
Personalization – whether user-specific personalization such as user information and historical behavior is supported.
Note: DeepShop crawls live e-commerce sites in real time, with a variable product count.

realistic user characteristics, designed to support080

both the evaluation and training of agents in lifelike081

shopping scenarios. In this environment, an agent082

engages in multi-turn interactions with the user to083

clarify purchase intentions, search and browse a084

sandboxed product catalog, reason over product at-085

tributes and user preferences, and ultimately recom-086

mend the most suitable item. To reflect real-world087

platforms, ShopSimulator collects over 1.3 mil-088

lion products from Taobao4 across 12 domains,089

with each sub-category containing highly similar090

items. For user modeling, ShopSimulator uses091

LLM-driven role-playing shoppers equipped with092

detailed personal profiles including long-term pref-093

erences, demographic attributes, and historical pur-094

chase patterns. To support training, ShopSimulator095

offers 25K training tasks along with 2.8K evalu-096

ation tasks, covering single- and multi-turn inter-097

actions in both personalized and non-personalized098

settings. Each task is accompanied by reward sig-099

nals derived from multiple dimensions, including100

categories, attributes, options, and prices.101

In response to RQ1, we evaluate a range of ad-102

vanced LLMs on ShopSimulator test set. The re-103

sults reveal: (1) Current LLMs are still far from104

being reliable agents for shopping assistants. Even105

GPT-5 achieves 32% full-success rate. Although106

recommendations often meet category and price107

constraints, they fail to satisfy fine-grained attribute108

and option requirements. (2) From a behavioral per-109

spective, agents often perform redundant retrieval110

or miss key attributes in retrieval, under-utilize111

available results or enforce constraints weakly in112

product viewing, and make hasty purchase deci-113

sions with insufficient user communication in rec-114

ommendation. (3) In terms of personalization, fail-115

ures largely arise from imbalance between under-116

using and over-reasoning preference information.117

In response to RQ2, we explore RL training for118

Qwen3-8B using the ShopSimulator train set. Our119

4www.taobao.com. We collect data under authorization,
as stated in Appendix A.

main findings are: (1) The learning paradigms of 120

SFT and RL are complementary, making the “SFT 121

+ RL” consistently outperform RL alone across all 122

scenarios. SFT injects priors and task workflows 123

into LLMs, while RL further learns preferences 124

and enhances fulfillment of fine-grained needs. (2) 125

Using the multiplicative strict reward as the RL 126

objective yields consistently better performance 127

than the additive loose reward across all task sce- 128

narios, with particularly notable advantages in at- 129

tribute and option matching. This benefit stems 130

from the bottleneck-style reward focusing optimiza- 131

tion on weaker dimensions. (3) Single-turn tasks 132

see greater improvements after training, whereas 133

multi-turn tasks remain at around 35% success rate, 134

highlighting the challenge for LLMs to simultane- 135

ously perform personalization, intent clarification, 136

and environment interaction over long trajectories. 137

In summary, our contributions are threefold: (1) 138

We introduce ShopSimulator, a sandbox for eval- 139

uating and training RL-driven agents in realistic 140

shopping scenarios, featuring a large product cat- 141

alog, personalized multi-turn user modeling, and 142

fine-grained product differentiation. (2) We com- 143

prehensively evaluate advanced LLMs, revealing 144

a substantial gap to becoming reliable shopping 145

assistants. Detailed error analysis further offers 146

insights into underlying deficiencies and improve- 147

ment directions. (3) We explore training strategies 148

on Qwen3-8B, showing the complementarity of 149

SFT and RL and the advantages of strict rewards, 150

while the varying gains across scenarios highlight 151

the challenges in multi-turn personalization. 152

2 ShopSimulator 153

2.1 Task Formulation 154

In WebShop and similar environments (Yao et al., 155

2022; Lyu et al., 2025), the shopping task is mod- 156

eled as a sequential decision process in which an 157

agent interacts with a text-based shopping interface 158

to fulfill a fixed and explicit user goal G. At each 159
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Shopper: Hello! I'm looking for a pair of badminton shoes.
Agent: The user wants badminton shoes. From the profile,
the user's size is 40, and he recently searched "cushioned
wear resistant badminton shoes". Color and budget are
unclear—I'll ask. Hello, do you have any specific
preferences such as budget, color?
Shopper: Budget around 500 yuan. Preferably white and
blue.
 

Agent: See many brands. By checking the profile, I can see the user strongly prefers YONEX. So I need to search
YONEX badminton shoes. search [badminton shoes, white blue, cushioned wear resistant, YONEX ]

Shopper: Sounds great! Color, size and price all work...
Please buy it for me!

Env: [SEP] Page 1 (Total results: 50) [SEP] 12560280019 [SEP] [Fleece-lined thick style] Adidas 2025 New Summer
Slides, Shock --Absorbing & Comfortable[SEP] 110.0-230.0...
Clickable buttons: ["Back to Search", "Next >", "12560280019", "3076433776", "18652869728"...]

Agent: I need to click from top to bottom to view product attributes and available options. click [1274988974873]

Agent: I have obtained the key information, and I need to search first. search [badminton shoes, white blue,
cushioned wear resistant]

Agent: Based on your requirements and  historical
preferences, I've found YONEX white and blue badminton
shoes, size 40, 528 yuan. Do you think these fit your needs?

Agent-Env Interaction
Env: [SEP] Page 1 (Total results: 50) [SEP] 1274988974873 [SEP] [Fleece-lined thick style] Authentic YONEX
Women's Badminton Shoes, Shock, Absorbing and Durable [SEP] 110.0-230.0...

Env: [SEP] Prev [SEP] Color Options [SEP] Black-Red [SEP] White Blue ... [SEP] Shoe Size  [SEP] 40 [SEP] 41 ....
Agent: The current product seems to meet the user's needs. I should confirm with the user.

Agent: The user confirms this product and option. click [White Blue] [40]
Env: The current option color is white and blue, and the size is 37

、

Agent-Env Interaction

Agent: Purchase completed successfully! 

、

Agent: Once again, the current product meets the requirements. click [buy now]

Shopper          Agent Agent          Environment

       LLM 
      Agent      Shopper        Shop 

     Env

    Reward
Finish Recommend
Category: shoes -> badminton
shoes
Price: around 500
Attribute: "shock absorption",
"wear resistance", "genuine product"
Option: size 40; white blue

       Personalization       ShopSimulator
- Age: 35  
- Gender: Male  
- Area: Shanghai
- Recent Search:  ["Cushioned wear-
resistant badminton-specific shoes"]
- Size Preferences: {"tops": "L",
"underwear": "L", shoe_size": "40", ...}
- Brand Preferences: {"brand_name":
"YONEX", "perference_level": ''high"}
...

Clarification

Check

...

Action

Observation

...

Figure 1: Illustration of ShopSimulator. On the one hand, the assistant agent needs to interpret preferences from
user profile and communicate with users to understand their shopping needs; on the other hand, the agent iteratively
search the database, click and review products, and ultimately to recommend suitable items.

timestep t, the policy πθ generates an action at160

based on the current observation ot and the goal G:161

at = πθ(ot, G) ot+1 = E(ot, at), (1)162

where E is the environment transition function re-163

turning the next observation ot+1. The action space164

includes issuing textual search queries over the165

product catalog, browsing search results, viewing166

product details, and making a purchase. An episode167

terminates when completing a purchase or reaching168

a maximum step limit.169

As shown in Figure 1, ShopSimulator retains170

the core interaction paradigm of WebShop while171

introducing three key extensions: (1) Multi-turn172

interaction: incorporates an LLM-simulated user173

that supports multi-turn dialogue, requiring the174

agent to actively clarify underspecified or ambigu-175

ous goals; (2) Personalization: conditions the176

agent’s policy on structured user profiles and his-177

torical behaviors to incorporate user preferences;178

(3) Fine-grained product discrimination: each179

smallest sub-category contains around 120 highly180

similar items, demanding more precise selection181

than random sampling.182

Formally, the agent’s policy in ShopSimulator183

now conditions on the current user utterance ut,184

and a static user profile p:185

at = πθ(ot, ut, p), ot+1, ut+1 = E(ot, at) (2)186

where, compared with the single-turn setting, the187

multi-turn mode extends the action space to in-188

clude direct interaction with the user, enabling the 189

acquisition of additional information or updated 190

needs ut+1; personalization provides the profile p 191

to support tailored search. To support diverse sce- 192

narios, ShopSimulator also maintains single-turn 193

and multi-turn non-personalized settings. 194

2.2 Environment Construction 195

Overview. The construction of ShopSimulator fol- 196

lows a three-stage pipeline: product catalog collec- 197

tion, task generation, and user modeling. We first 198

collect the product catalog from a real e-commerce 199

platform snapshot, applying filtering and sampling 200

to create a high-quality subset (Catalog-Fine) and a 201

broad-coverage dataset (Catalog-Full). Next, each 202

product is paired with a manually annotated instruc- 203

tion, ensuring unambiguous one-to-one mapping 204

and thereby instantiating the shopping tasks. Fi- 205

nally, to model realistic users, we synthesize struc- 206

tured user profiles, and employ LLM-simulated 207

shoppers to engage in multi-turn interactions with 208

the agent over the task5. 209

Product Catalog Collection. We collect 210

real-world product data from Taobao, the largest 211

Chinese e-commerce platform. To ensure data re- 212

cency, we use a snapshot taken in June 2025. By 213

computing the exposure frequency of each product, 214

we select the top 50M high-frequency items as the 215

initial pool. To achieve a complex and diverse hi- 216

5We provide examples of products, tasks,and personalized
user profiles in Appendix C.2.
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Figure 2: Statistics Dashboard of ShopSimulator. Fig (a) shows the 12 domains, while Fig(b) shows the number of
first-level categories within each domain. Fig (c) and (d) show the train–test split of instructions for non-personalized
and personalized settings. Each instruction can be used in both single-turn and multi-turn dialogues. Fig (e), (f)
show the average attributes (e.g., unisex) and options (e.g., size–color combinations) per product, respectively.

erarchical coverage, we first discard first-level cat-217

egories containing fewer than ten sub-categories.218

For the remaining ones, we employ GPT-4o to219

assess both their complexity and intra-category di-220

versity. Low-complexity categories are removed,221

and low-diversity categories undergo reduced sam-222

pling. To further enforce fine-grained discrim-223

ination within categories, we retain about 120224

high-frequency and similar products within each225

sub-category. This procedure yields a high-quality226

subset of approximately 20K products, which we227

refer to as Catalog-Fine. To broaden the coverage228

of the catalog, we further sample an additional 1.3229

M products from the remaining pool of eligible230

items, denoted as Catalog-Full.231

Task Construction. To instantiate tasks in the232

environment, we construct a set of shopping tasks233

in which each natural language purchase instruc-234

tion pairs with a unique product from the entire235

catalog, ensuring unambiguous evaluation based236

on a single gold target. To achieve this, we start237

with product metadata (title, category, store, op-238

tions, attributes, and price) and ask annotators to239

write the instruction. To maintain naturalness and240

realism, they are required to avoid directly copy-241

ing product titles or core keywords; instead, they242

employ synonym substitution, descriptive phrases,243

stylistic expressions, or everyday language to refer244

to product characteristics indirectly (e.g., a thought-245

ful gift, “lightweight” rather than a specific quan-246

tity). Finally, annotators verify that no other sim-247

ilar product fully satisfies the instruction. Based248

on this one-to-one mapping between instructions249

and real products, we create 24K tasks for Catalog-250

Fine. It should be noted that only in the single-turn, 251

non-personalized setting, the user input is exactly 252

the instruction, whereas in the multi-turn setting, 253

the goal is jointly expressed by the user and the 254

agent through multiple interactions. 255

Personalization. To incorporate personalization, 256

we augment each task with a structured user pro- 257

file encoding both user information and long-term 258

preference cues (e.g., age, gender, spending tier, 259

brand affinities). Meanwhile, we remove these 260

details from the instruction itself, retaining only 261

product-specific cues (e.g., color choice). This pre- 262

vents the agent from taking a shortcut by inferring 263

the complete requirement solely from the dialogue. 264

Due to the privacy constraints of real user profile, 265

we start from existing product–instruction pairs and 266

employ an LLM to generate an initial profile draft, 267

embedding the latent long-term needs implied in 268

the instruction naturally into user attributes. Hu- 269

man annotators then review and revise these drafts 270

to enrich the long-term preferences of user profiles 271

so that they reflect real-world scenarios while avoid- 272

ing overfitting to target product; overly specific fea- 273

tures and requirements are kept in the instruction. 274

In total, we constructed 4,726 personalized user 275

profiles with corresponding revised instructions. 276

Multi-turn Interaction. Compared to provid- 277

ing complete and explicit goals, user intentions in 278

the real world are often initially incomplete, grad- 279

ually clarified through ongoing interactions, and 280

frequently expressed in an indirect manner. To 281

capture these characteristics, we extend ShopSimu- 282

lator to support multi-turn dialogues. We employ 283

a LLM to simulate a shopper who begins with a 284
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deliberately vague target and reveals the necessary285

attributes only in response to the agent’s clarifica-286

tion requests. This setting requires the agent to287

engage in interactive disambiguation, actively iden-288

tifying and filling in missing information before289

making a purchase, thereby aligning more closely290

with authentic user interaction. The role-playing291

prompt is shown in Figure 8.292

2.3 Rewarding293

A direct task reward design is to assign 1 if the294

agent fully satisfies all requirements and 0 other-295

wise. However, such a binary scheme makes it296

difficult to learn in stages, as partial fulfillment of297

the user’s request is not rewarded.298

Loose (Additive) Reward. First, following the299

reward design in WebShop (denoted as Rloose), at300

the end of an episode, if the agent purchases a301

product y with attribute set Yatt, option set Yopt, and302

price Yprice, the reward is computed as:303

Rloose = Rcat ·

|Uatt∩Yatt|+
∣∣Uopt∩Yopt

∣∣
+ 1

[
Yprice ≤ Uprice

]
|Uatt|+

∣∣Uopt
∣∣+ 1

∈ [0, 1]

(3)304

, where Ucat, Uatt, Uopt, Uprice denote the target prod-305

uct’s category, attributes, option, and price con-306

straint, respectively. Rcat is a soft match score that307

takes into account the similarity between Ycat and308

Ucat
6. Under the condition of satisfying the cat-309

egory constraint, the reward is calculated as the310

average satisfaction of attributes, options and price.311

Strict (Multiplicative) Reward. In contrast, we312

consider a stricter multiplicative variant, denoted313

as Rstrict, which applies a bottleneck principle: the314

overall reward sharply decreases if any single con-315

straint is not met. Formally,316

Rstrict = rcat ·
|Uatt ∩ Yatt|

|Uatt|
·
∣∣Uopt ∩ Yopt

∣∣∣∣Uopt
∣∣

· 1
[
Yprice ≤ Uprice

]
∈ [0, 1]

(4)317

2.4 Statistics318

Figure 2 shows the statistics of ShopSimulator. In319

terms of tasks, based on the number of agent–user320

dialogue turns and whether personalization is in-321

volved, ShopSimulator covers four scenarios: (1)322

Single-Turn (2) Multi-Turn (3) Single-Turn with323

personalization (Single Turn & Pers) (4) Multi-324

Turn with personalization (Multi-Turn & Pers).325

6See Appendix C.3 for detailed calculation introduction.

These 28K tasks are further split into evaluation 326

and training sets. Furthermore, Catalog-Fine con- 327

tains 24K carefully curated products, fully covering 328

the target items required in all tasks. Each product 329

is annotated with attributes and several optional 330

features (e.g., size, color) to support diverse dia- 331

logue and shopping scenarios. Due to the resource 332

consumption and latency introduced by the large 333

product catalog, we use Catalog-Fine for all subse- 334

quent evaluation and training experiments. 335

3 Evaluation 336

3.1 Evaluation Settings 337

In addition to the loose reward (Rloose) and strict re- 338

ward (Rstrict) in Section 2.3, we also use the success 339

rate (Rsucc): the proportion of episodes in which 340

the purchased product exactly matches the target 341

item in all required dimensions (Only 0 and 1 for 342

an episode). We set the agent’s maximum action 343

step count to 30 for single-turn scenarios and 40 344

for multi-turn scenarios. For multi-turn scenarios, 345

the shopper is played by Qwen3-225B-A22B. The 346

results are shown in Table 2. 347

3.2 Evaluation Results 348

Overall. First, all task success rates are generally 349

low, indicating that ShopSimulator presents a sig- 350

nificant challenge to current LLM Agents. In terms 351

of overall scores, even the best-performing model, 352

GPT-5, achieves under 35% on Rsucc. Second, 353

LLMs consistently exhibit performance drops in 354

multi-turn and personalized scenarios, confirming 355

the high difficulty posed by combining multi-turn 356

dialogue with personalization. Finally, the gap be- 357

tween loose, strict, and full-success metrics is sub- 358

stantial. All models score much higher on Rloose 359

than on Rstrict and Rsucc, suggesting that many rec- 360

ommendations match the main category or some 361

attributes but fail to meet all fine-grained require- 362

ments, as shown in Figure 3(b). 363

Multi-Turn. LLMs show a consistent score drop 364

in multi-turn scenarios, indicating challenges in 365

tracking in-context, clarifying, and understanding 366

evolving intents over extended interactions. This 367

effect is more pronounced in smaller models: for 368

example, Qwen3-8B’s strict score and success rate 369

drop by 47% and 50% from single-turn to multi- 370

turn, compared to Qwen3-235B’s 13% and 14%. 371

When comparing personalized single-turn with non- 372

personalized multi-turn, most models (especially 373

smaller ones) perform better in the former; for in- 374
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Model Single Turn Single Turn & Pers. Multi-Turn Multi-Turn & Pers. Overall

Rloose Rstrict Rsucc Rloose Rstrict Rsucc Rloose Rstrict Rsucc Rloose Rstrict Rsucc Rloose Rstrict Rsucc

Closed-Source LLM
GPT-5 (OpenAI, 2025a) 63.88 44.79 40.78 64.21 41.19 36.41 54.85 32.68 29.29 54.91 27.68 24.13 59.46 36.58 32.65
OpenAI-o3 (OpenAI, 2025d) 58.71 37.94 33.72 58.22 31.09 26.73 56.39 35.08 31.19 53.57 25.59 22.31 56.72 32.42 28.48
GPT-4.1 (OpenAI, 2025b) 58.90 33.68 29.13 58.12 31.96 27.85 45.71 25.85 23.17 56.55 27.80 23.83 54.82 29.82 25.99
Claude-4-Sonnet (Claude, 2025) 61.24 34.63 30.29 61.66 36.23 32.17 64.96 42.64 38.25 57.97 29.08 25.39 61.46 35.65 31.52
Gemini 2.5 Pro (Comanici et al., 2025) 60.31 33.27 29.24 60.90 36.60 32.76 44.25 23.75 29.10 58.40 31.41 27.13 55.97 31.26 29.55

Open-Source LLM
DeepSeek-R1 (671B-A37B) (Guo et al., 2025) 50.95 29.78 25.27 50.73 32.64 29.19 58.39 32.99 29.27 63.09 34.05 30.3 55.79 32.37 28.51
DeepSeek-V3.1 (671B-A37B) (DeepSeek, 2025) 63.76 37.42 31.86 65.86 40.31 35.69 54.78 35.54 31.62 59.13 32.39 28.07 60.89 36.42 31.81
Kimi-K2 (1T-A32B) (Team et al., 2025) 55.14 30.85 27.21 58.22 30.09 26.73 50.55 22.78 19.47 58.94 27.81 23.83 55.71 27.88 24.31
GLM-4.5 (335B-A32B) (Zeng et al., 2025) 53.38 31.96 28.08 58.08 33.08 28.85 34.32 27.47 21.14 52.97 26.91 23.38 49.69 29.86 25.36
GPT-OSS-120B (-A5.1B) (OpenAI, 2025c) 61.82 39.13 21.42 44.67 20.80 17.48 43.87 20.33 16.78 47.71 15.96 12.29 49.52 24.06 16.99
Qwen3-235B-A22B (Yang et al., 2025) 59.61 32.31 27.96 59.77 31.74 26.81 51.54 28.17 24.29 57.48 28.03 23.60 57.10 30.06 25.66
Qwen3-30B-A3B (Yang et al., 2025) 56.69 25.74 20.88 61.48 28.22 22.84 48.07 12.70 10.04 53.43 21.05 17.18 54.92 21.93 17.73
Qwen3-32B (Yang et al., 2025) 46.71 24.02 19.67 54.91 28.17 23.99 26.37 4.87 3.67 51.59 17.82 14.36 44.89 18.72 15.42
Qwen3-8B (Yang et al., 2025) 38.90 16.89 14.13 44.91 20.79 17.24 34.98 8.12 6.48 46.04 17.06 13.63 41.21 15.72 12.87

Table 2: The performance (%) of models in four scenarios. “Pers” is an abbreviation for “personalization”. The
“Overall” score is the average of the scores from the four scenarios. The highest scores for open-source and
closed-source LLMs is marked in green and blue respectively.

stance, Qwen3-8B scores 12% higher in strict and375

11% higher in success, suggesting that sustained376

clarification is more challenging for current LLMs377

than interpreting static preference constraints.378

Personalization. The results indicate that379

the effect of introducing personalization is not380

monotonic across models. For example, un-381

der the Single-Turn setting, Claude-4-Sonnet and382

Qwen3-8B show gains, whereas GPT-4.1 and383

Qwen3-235B register slight drops. On the one384

hand, explicit user preferences help the agent nar-385

row the search space early, reducing the need for386

repeated clarifications and unnecessary exploration.387

As shown in Figure 3 (a), compared with Multi-388

Turn, providing LLMs with personalization infor-389

mation significantly reduces the number of actions390

required (including dialogue with the user). On the391

other hand, redundant information in the user pro-392

file may be interpreted by the agent as additional393

hard constraints and increases contextual noise.394

3.3 Error Analysis395

To investigate failure causes, we analyze error tra-396

jectories from Claude-4-Sonnet. We manually de-397

rive error types from a small set of tasks, then use398

GPT-5 to classify errors for all trajectories.399

Action. As shown in Figure 4(a), most errors in400

Search stem from insufficient use of available in-401

formation, including ignoring key attributes, aban-402

doning high-match results, and issuing repeated403

queries, revealing weaknesses in state memory and404

retrieval consistency. For Click, the dominant er-405

ror is violating explicit user constraints, indicating406

inadequate enforcement and verification of condi-407

tions during execution. For BuyNow, error rates are408
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Figure 3: (a) shows agents’ average action steps per task
in different scenarios. (b) shows detailed performance,
where Rfinish indicates whether the agent finally recom-
mends a product, regardless of accuracy.

extremely high, with nearly 80% of errors resulting 409

from purchases without confirming details or de- 410

spite explicit user rejection, indicating a lack of cau- 411

tion before finalizing decisions. For AskShopper, 412

the main issue is failing to inquire when informa- 413

tion is missing (9.40%), reflecting weak initiative 414

in closing critical information gaps. Overall, the 415

agent tends to ignore key attributes and under- 416

utilize existing results in retrieval, weakly en- 417

force constraints in product selection, and make 418

hasty purchase recommendations without suffi- 419

cient user interaction, ultimately lowering task 420

success rates and prolonging trajectories. 421

Personalization. As shown in Figure 4(b), it re- 422

veals a strong concentration in two opposing issues: 423

(1) partial omission of personalization information 424

(55.82%), where known user preference features 425

are not fully utilized; and (2) over interpretation of 426

personalization information (35.71%), where lim- 427

ited preference data are extrapolated into overly 428

specific or strict constraints, unreasonably narrow- 429

ing the search space. In addition, confusion be- 430
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Figure 4: Error statistics of failed trajectories based on Claude-4-Sonnet: (a) Attribute errors for each action step of
LLM under Multi-Turn setting; (b) Categorize trajectory errors in terms of personalization under Single-Turn &
Pers setting; (c) Assess errors of the LLM-simulated Shopper. The introduction of errors is shown in Table 5.

tween immediate needs and long-term preferences431

(8.79%) leads to candidate rankings misaligned432

with the user’s actual intent. Overall, personaliza-433

tion errors mainly stem from the agent’s imbal-434

ance between underusing and overconstraining435

preference information.436

Shopper. We analyze failures caused by437

LLM-simulated shoppers. As shown in Figure438

4(c), shopper-side errors account for a relatively439

small proportion (less than 8%). This suggests that440

agent-side failures still remain the primary reason441

for the overall low task success rate.442

4 RL Exploration443

4.1 Training Settings444

We perform RL training separately for each sce-445

nario and consider two configurations: (1) di-446

rectly performs RL on Qwen3-8B; (2) SFT on447

Qwen3-8B for cold-start, followed by RL. For448

SFT, we collect 6K successful trajectories from449

GPT-4.1 on the training set. For RL, we use the450

GRPO algorithm (Shao et al., 2024) and experi-451

ment with both reward: Rloose and Rstrict. The de-452

tailed implementation is shown in Appendix D.1.453

4.2 Training Results454

Overall. As shown in Table 3 and Figure 6, all455

training methods significantly outperform the base-456

line, with SFT + RL w. Rstrict achieving optimal457

results in all scenarios7 Metric breakdowns in Ta-458

ble 6 show that these gains are mainly driven by459

improvements in attribute and option matching.460

Learning Mode Comparison. Comparison be-461

tween SFT and standalone RL w. Rstrict: (1) With-462

out priors, RL has difficulty in autonomous ex-463

7Due to space limitations, detailed score results and RL
curves are provided in Table 6 and Figure 6 of Appendix D.2.

Scenario Training Rloose Rstrict Rsucc

Single-Turn

Baseline 38.90 16.89 14.13
SFT 62.72(+23.82) 37.22(+20.33) 32.47(+18.34)

RL w. Rloose 59.34(+20.44) 32.81(+15.92) 28.07(+13.94)

RL w. Rstrict 62.52(+23.62) 34.85(+17.96) 30.19(+16.06)

SFT + RL w. Rstrict 67.01(+28.11) 43.21(+26.32) 38.89(+24.76)

Multi-Turn

Baseline 34.98 8.12 6.48
SFT 45.60(+10.62) 32.54(+24.42) 29.27(+22.79)

RL w. Rloose 49.55(+14.57) 21.15(+13.03) 18.64(+12.16)

RL w. Rstrict 53.89(+18.98) 24.32(+16.20) 22.32(+15.84)

SFT + RL w. Rstrict 64.51(+29.53) 39.34(+31.22) 35.50(+29.02)

Single-Turn
& Pers

Baseline 44.91 20.79 17.24
SFT 61.22(+16.31) 35.46(+14.67) 30.98(+13.74)

RL w. Rloose 66.91(+22.00) 38.66(+17.87) 32.98(+15.74)

RL w. Rstrict 69.07(+24.16) 43.71(+22.92) 38.37(+21.13)

SFT + RL w. Rstrict 71.48(+26.57) 60.18(+39.39) 57.33(+40.09)

Multi-Turn
& Pers

Baseline 46.04 17.06 13.63
SFT 63.62(+17.58) 35.97(+18.91) 30.49(+16.86)

RL w. Rloose 63.20(+17.16) 33.01(+15.95) 28.44(+14.81)

RL w. Rstrict 64.01(+17.97) 33.18(+16.12) 28.29(+14.66)

SFT + RL w. Rstrict 65.06(+19.02) 38.50(+21.44) 34.35(+20.72)

Table 3: The performance of Qwen3-8B (baseline), SFT,
RL, and combined SFT+RL training across scenarios.
All detailed scores are reported in Table 6.

.

ploration, especially in multi-turn tasks; in con- 464

trast, SFT directly imitates successful trajectories, 465

making learning easier. Consequently, RL lags be- 466

hind SFT in both Single-Turn and Multi-Turn set- 467

tings, with a gap of up to 6.95% in the Multi-Turn 468

scenario. Besides, as shown in Figure 5(b), SFT 469

learns the teacher model’s long successful trajecto- 470

ries, which leads to its own trajectories being simi- 471

larly lengthy, whereas RL, through self-exploration, 472

produces short and concise trajectories. (2) SFT 473

primarily learns the task workflow and patterns 474

but struggles to capture preferences, whereas 475

RL, through multiple rollouts, more easily iden- 476

tifies and optimizes personalized preferences. 477

Evidence comes from the fact that, after introduc- 478

ing personalization, the gap between RL and SFT 479

narrows from 6.95% to 2.79%, and RL even sur- 480

passes SFT by +8.25% in the single-turn person- 481

alized setting. Furthermore, as shown in Figure 5 482

(a), SFT does not lead to a significant reduction in 483

personalization errors like RL. This also explains 484
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why using SFT for cold start followed by RL train-485

ing yields significant improvements: On the one486

hand, SFT provides high-quality priors, reducing487

subsequent RL exploration difficulty. On the other488

hand, SFT first learns process patterns, while RL489

then learns preferences and improve weaknesses490

such as attribute and option matching.491

Reward Comparison. Using Rstrict as the RL492

training objective consistently outperforms using493

Rloose across all four scenarios. This can be494

attributed to Rstrict being a typical bottleneck-495

style rewarding, which focuses optimization on496

the weakest dimensions (e.g., attributes, options),497

thereby achieving higher overall matching and suc-498

cess rates in most scenarios (see Figure 6).499

Scenario Comparison. Single-Turn and Single-500

Turn & Pers scenarios yield larger improvements501

through training, mainly due to the model learn-502

ing a complete task execution flow and effectively503

leveraging user profiles. In contrast, Multi-Turn504

and Multi-Turn & Pers scenarios require the agent505

to maintain long-term consistency and coordination506

across personalization understanding, clarification507

dialogue, and environment actions, markedly in-508

creasing complexity; even after training, success509

rates remain around 35%.510

5 Related Work511

5.1 Evaluating LLM Agent for E-commerce512

Recently, LLMs have attracted increasing attention513

in e-commerce (Xu et al., 2024). Several works fo-514

cus on evaluating LLMs’ fundamental e-commerce515

concepts and knowledge reasoning (Jin et al., 2024;516

Chen et al., 2025; Liu et al., 2025). Other studies517

emphasize assessing LLMs’ ability to simulate user518

actions in e-commerce (Wang et al., 2025c; Sun519

et al., 2025). In this paper, we focus on evaluat-520

ing LLMs’ ability to integratively complete shop-521

ping tasks within an environment. WebShop (Yao 522

et al., 2022) pioneered the construction of shopping 523

environments, while ChatShop, DeepShop, Web- 524

Mall, and ShoppingBench (Chen et al., 2024; Lyu 525

et al., 2025; Peeters et al., 2025; Wang et al., 2025a) 526

extended it to multi-turn dialogue, deep product 527

search, cross-store browsing, and voucher usage, 528

respectively. However, they primarily rely on En- 529

glish product corpora and lack personalization and 530

training support. In contrast, ShopSimulator pro- 531

vides a large-scale Chinese e-commerce sandbox 532

to evaluate whether LLMs can serve as reliable 533

shopping assistants in settings with personalized 534

user preferences and multi-turn interactions. 535

5.2 Developing LLM Agents for E-commerce 536

Some studies aim to enhance LLMs’ fundamen- 537

tal e-commerce capabilities (Zhang et al., 2024; 538

Herold et al., 2025; Li et al., 2024). We mainly 539

discuss the development of LLM agent for shop- 540

ping assistants. WebShop (Yao et al., 2022) first 541

train a shopping agent using a BERT backbone; 542

Hybrid-MACRS (Nie et al., 2024) builds a conver- 543

sational recommendation system via multi-agent 544

collaboration; MindFlow (Gong et al., 2025) tar- 545

gets multimodality; RecGPT (Yi et al., 2025) in- 546

tegrates LLMs into the recommendation pipeline; 547

Shop-R1 (Zhang et al., 2025) leverages RL to bet- 548

ter simulate real human shopping behavior; and 549

ShoppingBench (Lyu et al., 2025) combines SFT 550

for long-horizon interaction learning with RL to 551

improve tool-use. In this paper, we first build Shop- 552

Simulator to provide abundant training tasks and 553

multi-dimensional reward signals; and through sys- 554

tematic experiments, we compare RL with SFT, 555

and examine the effect of SFT cold-start on RL. 556

6 Conclusion 557

In this paper, we introduce ShopSimulator, a uni- 558

fied Chinese shopping sandbox environment that 559

couples large-scale real product catalogs with 560

multi-turn, personalized user modeling and pro- 561

vides both evaluation and training support. Our 562

evaluation reveals that even strong LLMs are far 563

from reliable shopping assistant agents. Most er- 564

rors stem from failures in fine-grained attribute/op- 565

tion grounding and suboptimal interaction behavior, 566

and combining SFT with RL training can partially 567

address these shortcomings. Looking ahead, we ex- 568

pect ShopSimulator to serve as a reliable platform 569

to advance LLM agents for shopping assistants. 570
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Limitations571

In this paper, we propose a ShopSimulator to sup-572

port the evaluation and training of LLM agents in e-573

commerce shopping scenarios. However, there are574

still some limitations as follows: (1) Due to privacy,575

the personalized user profiles in ShopSimulator are576

synthetically generated by LLMs and subsequently577

reviewed and refined by human annotators. As a578

result, their distribution may deviate from that of579

real-world user data. (2) In our RL experiments,580

we explored diverse scenarios and settings, but the581

policy optimization was primarily conducted using582

GRPO; recent advances in RL algorithms were not583

investigated. (3) This work focuses on text-based584

interaction, without incorporating the multimodal585

data, such as product images and videos in realistic586

e-commerce recommendation systems.587
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based on task duration and difficulty. The pay- 753

ment is higher than the local minimum wage 754

requirement. Annotators only need to work on- 755

line, and the annotation process does not involve 756

any harm to their physical or mental health. 757

• LLM and AI Usage: Apart from being the sub- 758

ject of investigation in our experiments, LLMs 759

and AI assistants are employed solely for gram- 760

mar refinement and correction, without contribut- 761

ing to research conception, experimental design, 762

or content drafting. 763

B Potential Risk 764

We discuss the potential risks as follows: 765

• Our product catalog is collected from a June 2025 766

snapshot of the e-commerce platform, so the item 767

distribution may reflect time- or platform-specific 768

structure. Therefore, the agent may perform un- 769

evenly under distribution shift. 770

• We do not use real user profiles; instead, we rely 771

on LLM-synthesized profiles, which may encode 772

biased or incomplete preferences and thus yield 773

uneven performance across user groups. 774

• Our instruction data relies on human annotation 775

and review; subjective variation and consistency 776

drift may introduce minor label noise. 777
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Domain Full Name Description

Home Home & Living Furniture, décor, bedding, kitchenware, and home improvement materials.
Supplies Industrial & Farm Supplies Agricultural goods, machinery, raw materials, tools, and industrial components.

Leisure Leisure& Entertainment
& Education Books, toys, musical instruments, games, collectibles, and cultural products.

Sports Sports & Outdoor & Travel Sporting goods, outdoor equipment, bicycles, vehicles, and automotive accessories.
Beauty Beauty & Personal Care & Health Cosmetics, personal hygiene, medical devices, supplements, and wellness products.
Appliances Home Appliances & Electronics Appliances, computers, cameras, mobile phones, and electronic accessories.
Food Food & Drinks Packaged foods, beverages, fresh produce, tea, coffee, and liquor.
Clothing Clothing & Shoes & Accessories Apparel, footwear, fashion accessories, bags, jewelry, and watches.

Kids Maternity & Baby & Kids Baby products, kids’ clothing and shoes, maternity
wear, and diapers.

Services Local & General Services Local life services, travel, events, real estate, custom design, and public welfare.
Digital Online Services & Digital Goods Game cards, telecom recharge, e-vouchers, software, and online service packages.
Secondhand Second-hand & Auctions Pre-owned goods, used electronics, and judicial or live-auction items.

Table 4: The introduction to the 12 domains of ShopSimulator.

Error Type Description

Search
Action

Ignored key attribute The agent ignored known key product attributes, reducing search accuracy.
Abandoned high-match result The agent abandoned a highly matching search result and restarted searching.
Repeated similar query The agent repeated a similar search query without changes in the context.
Others Other unreasonable search-related behaviors.

Click
Action

Violated hard requirement The agent clicked an item that violated a hard requirement from the shopper.
Unconfirmed key attribute The agent selected a product specification without confirming a key attribute.
Nonexistent button The agent clicked a button that does not exist on the current page.
Retried rejected attribute The agent repeatedly tried an attribute that the shopper had already rejected.
Others Other unreasonable click-related behaviors.

Buy Now
Action

No detail confirmation The agent proceeded to purchase without confirming important product details.
Purchase after rejection The agent completed a purchase even after the shopper rejected or changed the request.
Others Other unreasonable buy-related behaviors.

Ask Shopper
Action

Do not ask when info missing The agent did not ask for key information when it was missing, and proceeded with actions.
Over-confirmed known info The agent repeatedly confirmed information that was already known.
Asked after farewell The agent continued to ask questions after the shopper said farewell.
Others Other unreasonable ask-related behaviors.

Personalization
Ignore personal info The agent ignored available personalization data during decision-making.
Overinterpret personal info The agent drew overly specific conclusions from personalization data.
Mix short- and long-term priorities The agent confused immediate needs with shopper’s long-term preferences.

Shopper
Adding extra intent The shopper introduced additional intents unrelated to the original goal.
Distorting target intent The shopper distorted or misrepresented the original goal’s intent.
Silent on key goal The shopper did not respond to questions about key goal attributes.

Table 5: The description of error types in LLM agents, and of error types in LLM-simulated shoppers.

C Details of ShopSimulator778

C.1 Details of LLM Prompt779

Figure 7 shows the system prompt designed to780

guide the LLM in acting as a shopping assistant,781

specifying the rules and steps for collecting user782

requirements during the conversation, searching783

for and clicking on products, and completing the784

purchase after confirming that the needs are met.785

Figure 8 shows the system prompt designed to786

guide the LLM in acting as a shopper, requiring787

it to gradually disclose all details of its purchase788

goal to the assistant through natural conversation,789

and to refuse the purchase if the information is790

incomplete.791

C.2 Example of ShopSimulator792

We provide different types of examples as follows:793

• In Table 4, we introduce the 12 domains in Shop-794

Simulator.795

• Figures 9, 10, and 11 respectively show exam- 796

ples of products, tasks, and user profiles used for 797

personalization in ShopSimulator. 798

• Figures 12, 13, and 14 present the trajectory of an 799

LLM agent in a single-turn scenario, while Fig- 800

ure 15 and Figure 16 respectively present exam- 801

ple trajectories for the multi-turn and multi-turn 802

personalization scenarios. 803

C.3 Details of Reward 804

Section 2.3 introduces the overall formulation of 805

the reward function. Here we briefly describe the 806

meaning and computation of each component, fol- 807

lowing the implementation in WebShop (Yao et al., 808

2022): 809

• Rtype: Measures the consistency between the pur- 810

chased product’s category and the target category, 811

based on three criteria: (1) whether the initial 812

search query is exactly identical; (2) whether the 813
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Scenario Training Metrics Details

Rloose Rstrict Rsucc Rfinish Rcategory Rattribute Roption Rprice

Single-Turn

Baseline 38.90 16.89 14.13 60.65 60.65 40.53 18.72 56.10
SFT 62.72(+23.82) 37.22(+20.33) 32.47(+18.34) 94.88 94.88 63.41 41.92 84.29

RL w. Rloose 59.34(+20.44) 32.81(+15.92) 28.07(+13.94) 91.59 91.59 60.50 36.35 82.80
RL w. Rstrict 62.52(+23.62) 34.85(+17.96) 30.19(+16.06) 94.10 94.10 63.96 38.39 85.50

SFT + RL w. Rstrict 67.01(+28.11) 43.21(+26.32) 38.89(+24.76) 96.79 96.79 68.27 47.26 85.99

Multi-Turn

Baseline 34.98 8.12 6.48 68.73 68.73 37.08 9.43 59.49
SFT 45.60(+10.62) 32.54(+24.42) 29.27(+22.79) 62.17 62.17 45.88 35.46 56.68

RL w. Rloose 49.55(+14.57) 21.15(+13.03) 18.64(+12.16) 92.60 92.60 50.25 22.16 80.60
RL w. Rstrict 53.89(+18.98) 24.32(+16.20) 22.32(+15.84) 97.46 97.46 54.61 25.67 86.29

SFT + RL w. Rstrict 64.51(+29.53) 39.34(+31.22) 35.50(29.02) 98.11 98.11 66.02 43.05 84.63

Single-Turn
& Pers

Baseline 44.91 20.79 17.24 70.67 70.67 46.56 23.16 65.22
SFT 61.22(+16.31) 35.46(+14.67) 30.98(+13.74) 97.74 97.74 60.93 40.55 87.22

RL w. Rloose 66.91(+22.00) 38.66(+17.87) 32.98(+15.74) 99.77 99.77 69.48 42.22 88.32
RL w. Rstrict 69.07(+24.16) 43.71(+22.92) 38.37(+21.13) 97.29 97.29 71.87 47.07 87.06

SFT + RL w. Rstrict 71.48(+26.57) 60.18(+39.39) 57.33(+40.09) 83.08 83.08 72.23 63.12 78.22

Multi-Turn
& Pers

Baseline 46.04 17.06 13.63 81.09 81.09 48.61 19.37 68.58
SFT 63.62(+17.58) 35.97(+18.91) 30.49(+16.86) 99.63 99.63 66.49 40.17 81.95

RL w. Rloose 63.20(+17.16) 33.01(+15.95) 28.44(+14.81) 99.85 99.85 67.00 36.11 82.73
RL w. Rstrict 64.01(+17.97) 33.18(+16.12) 28.29(+14.66) 99.78 99.78 67.62 36.30 83.99

SFT + RL w. Rstrict 65.06(+19.02) 38.50(+21.44) 34.35(+20.72) 99.01 99.01 68.08 42.62 80.49

Table 6: The performance of Qwen3-8B (baseline), SFT, RL, and combined SFT+RL training across scenarios.
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Figure 6: The performance of Qwen3-8B on the test set (random 128 samples) varies with RL training steps.

category paths share at least two common nodes;814

and (3) whether the overlap ratio of title key-815

words exceeds 0.2. If any condition is satisfied,816

the coefficient is set to 1.0; otherwise it is set817

to 0.5, and further reduced to 0.1 or 0.0 when818

the title similarity drops below 0.1 or equals 0,819

respectively.820

• Rattribute: Quantifies the proportion of semantic821

attributes (e.g., material, functionality, style) of822

the purchased product that match those required823

by the target. Fuzzy string matching is applied824

to determine direct matches; if a target attribute825

is not found in the product’s attribute list, it is826

additionally checked for occurrence within the827

product’s title or detailed description. The rate828

is computed as the number of matched attributes829

divided by the total number of target attributes.830

• Roption: Evaluates the proportion of configuration831

options (e.g., color, size, capacity) of the pur-832

chased product that match the target’s required833

options, using fuzzy matching. The rate is given834

by the number of matched options divided by the835

total number of target options.836

• Rprice: Assigned a value of 1 if the purchased 837

product’s price does not exceed the target price 838

limit, and 0 otherwise. 839

D Details of Experiments 840

D.1 Implementation of Training 841

For SFT, we collect 6K successful trajectories 842

from GPT-4.1 on the training set, and fine-tune 843

Qwen3-8B with a batch size of 32 and a learning 844

rate of 1.0 × 10−5 for 4 epochs. For RL, we use 845

the ROLL framework (Wang et al., 2025b) with 846

the GRPO algorithm (Shao et al., 2024), omitting 847

the KL loss term to encourage exploration. The 848

maximum context is set to 32K tokens, and the 849

learning rate to 1.0× 10−6. We trained for a total 850

of 200 steps, with each step performing 8 trajectory 851

rollouts for 32 samples. 852

D.2 Detailed Results of Training 853

We provide detailed results including sub-item 854

scores in Table 6, and present the training curves 855

of Qwen3-8B for each scenario in Figure 6. 856
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System Prompt for Shopping Agent
#### Task Description ####
You are an intelligent shopping assistant **Agent** who needs to help the ** Shopper ** achieve their
purchase goal. Your core responsibilities are:

1. ** Information Collection **: Ask the Shopper questions to gather key details -- product type , budget
range , attribute preferences , specification requirements , etc.
2. ** Environment Interaction **: Perform precise searches in ShopEnv (search[keyword ]) and valid clicks (
click[value]).
3. ** Process Control **: Ensure product specifications are selected before purchase (must click the "
product specifications" button before clicking buy).
4. ** Decision Optimization **: Adjust strategy dynamically based on real -time observations -- prioritize
asking questions when information is incomplete , and take actions when information is sufficient.
5. **Final Confirmation Mechanism **: Before deciding to purchase , confirm with the Shopper that the
selected product fully matches their needs in features and attributes; if the Shopper refuses to buy or
provides new information , you must not execute the purchase.

#### Response Format ####
Always return responses in the following format:
Thought: Explain how you decide the next step
Action_type: ask_shopper | interact_with_env
Action_content: Detailed content

- If action_type is ask_shopper:
- content should be an open -ended question (e.g., "What 's your budget range for the product ?").

- If action_type is interact_with_env:
content must follow one of these formats:
- search[keyword] (e.g., search[wireless noise -cancelling headphones ])
- click[value] (e.g., click[< pre])
- Note: click[buy now] means directly purchasing the product , not going to the purchase page.

#### Interaction Rules ####
1. ** Search Strategy **:

- Keywords must include core attributes (brand/model/specs).
- Prioritize using detailed information provided by the Shopper.
- Use search[keyword] only when search function is available.

2. **Click Strategy **:
- Values in click[value] must come from currently available clickable buttons (not historical ones).
- **Note **: click[buy now] means purchasing immediately , not navigating to the buy page.

3. ** Decision Logic **:
- Missing info -> ask_shopper
- Action possible -> interact_with_env
- Only one action per turn.
- If at the end of the conversation the user still has no satisfactory product , select and buy the item
you consider most suitable -- no need to confirm with them.

4. ** Ending Rules **:
- Before ending the conversation / reaching the dialogue limit , you must interact with the environment
to purchase the most suitable product for the user.
- If the Shopper says goodbye , do not speak to them again -- immediately buy the most suitable product
in the current catalog without notifying or confirming with them.

#### Notes ####
1. Always use the required response format.
2. Do not say goodbye to the user more than once.
3. If you do not execute click[buy now] before reaching the turn limit , your task completion rate will be
0.
4. If the environment does not change , check whether your action target exists in the current clickable
buttons list.

Figure 7: The system prompt for LLM assistant (Chinese original, presented in English for universal readability).

System Prompt for Acting as a User
You are a simulated shopper trying to complete a product purchase task through a conversation with a
customer service agent. Your task is:

1. You have a ** specific purchase goal** (only you know it), but you won 't reveal it at the start. Begin
with a vague purchase intention and engage in a natural , multi -turn conversation with the agent.
2. In the conversation , your main role is to answer the agent 's questions to help them gradually
understand your needs , until they can find and recommend the exact product you want.
3. **Do not voluntarily provide detailed information -- wait for the agent to ask.**
4. Before the conversation ends (i.e., before the agent proceeds to purchase), make sure the agent has
obtained all features and attributes of your specific purchase goal -- no details can be missing.
5. If some information has not yet been told to the agent , refuse the purchase and give a simple reason ,
then wait for further questions.
6. Keep your language natural and conversational , as a real shopper would.

Your purchase goal this round is: {goal}

Figure 8: The system prompt for LLM-simulated shopper (Chinese original, presented in English for universal
readability).
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Product Example
{

"title": "Authentic YONEX YY badminton shoes , men 's cushioning and wear -resistant badminton -specific
wide -last sports shoes , women 's version",
"shop_name ": "Miaojiang Sports & Outdoor Specialty Store",
"domain ": "Clothing , Shoes , Accessories",
"first_category ": "Athletic Shoes",
"fine_category ": "Badminton Shoes",
"options ": {

"Color Options ": [" SHB510WCR Black/Red (Wide last)", "SHB610WCR White/Navy (Wide last)", "SHB510WCR
White/Blue (Wide last)", "SHB510WCR White (Wide last)", "SHB510WCR Silver/Gray (Wide last)"],
"Size": ["43", "42", "44", "36", "38", "39", "37", "41", "40", "45"]

},
"pricing ": 528.0,
"attribute ": [" Cushioning", "Wear -resistant", "Authentic", "Unisex "]

}

Figure 9: An example for a product in ShopSimulator (Chinese original, presented in English for universal
readability.)

Task Example
{

"instruction ": "A friend said wide -last badminton shoes are more suitable for sports. Could you find
me a genuine pair with cushioning and wear resistance? I prefer blue -and -white colors , which feel easy
to match. I want a unisex style. The required size is EU 40, and the budget is within 550 yuan.",

"target_product ": "Authentic YONEX YY badminton shoes , men 's cushioning and wear -resistant badminton -
specific wide -last sports shoes , women 's version",
"target_options ": {

"Color Options ":" SHB610WCR White/Navy (Wide last)",
"Size": "40"

},
"target_attributes ": [" Cushioning", "Wear -resistant", "Authentic", "Unisex "]

}

Figure 10: An example for a task in ShopSimulator.(Chinese original, presented in English for universal readability.)

Personal Profile Example
{

"Transaction Characteristics ": {" Coupon Usage Rate": 0.32, "Repeat Purchase Rate": 0.68, "Average Order
Value": 177.56 , "Preferred Payment Method ": "Alipay", "Is Promotion -Sensitive ": false , "Spending in Last
30 Days": 1420.5 , "Orders in Last 90 Days": 8},

"Demographics ": {" Membership Level": "Gold Member","Age Range": "25-34"," Gender ": "Female","Spending
Level": "Medium"},
"Interests and Preferences ": {

"Brand Preferences ": [
{ "Preference Level": "High", "Brand Name": "YONEX" },
{ "Preference Level": "High", "Brand Name": "ASICS" },
{ "Preference Level": "Medium", "Brand Name": "Li-Ning" },
{ "Preference Level": "Low", "Brand Name": "Wilson" },
{ "Preference Level": "Medium", "Brand Name": "Lululemon" }],

"Product Attribute Preferences ": {
"Price Range": {"Max": 800, "Min": 200},
"Features ": [" Cushioning", "Wear -resistant", "Stable Support"],
"Size Preferences ": {"Tops": "", "Underwear ": "", "Dresses/Skirts ": "", "Pants": "", "Shoe Size":
"40"},
"Materials ": [" Breathable Mesh", "Synthetic Leather"],
"Colors ": ["Blue", "White", "Gray"],
"Styles ": [" Minimalist Sport", "Techwear "]},

"Category Preferences ": {"Books & Media": "Low", "Pet Supplies ": "Medium", "Smart Home": "Medium", "
Apparel , Shoes & Bags": "Medium", "Mother & Baby": "None", "Beauty & Skincare ": "Low", "Sports &
Outdoors ": "High"}},

"Location Information ": {" District ": "Nanshan District","City": "Shenzhen","Time Zone": "Asia/Shanghai
","Province ": "Guangdong"},
"Last Updated ": "2024 -05 -25 T09 :41:12Z",
"Registration Time": "2021 -03 -18 T14 :22:36Z",
"Registration Channel ": "App",
"User ID": "U98421537",
"User Tags": [" Weekend badminton club organizer","Mid -to-high -frequency sports spending","Brand and
function oriented","Blue -and -white color preference ","Low promotion sensitivity ","Gold member"],
"Behavioral Features ": {" Commonly Used Device ": "iOS smartphone", "Average Daily Browsing Duration ":
3900, "Shops Followed in Last 14 Days": [], "Items Added to Cart in Last 14 Days": [], "Search Keywords
in Last 14 Days": [" Cushioned wear -resistant badminton -specific shoes", "Authentic YONEX wide -last
sports shoes"], "Items Favorited in Last 14 Days": [], "Active Hours": [7, 12, 22], "Visits in Last 7
Days": 18}

}

Figure 11: An example for a user profile for personalization.(Chinese original, presented in English for universal
readability.)
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Single Turn Case (Part 1)
# User
A friend said wide -last badminton shoes are more suitable for sports. Could you find me a genuine pair
with cushioning and wear resistance? I prefer blue -and -white colors , which feel easy to match. I want a
unisex style. The required size is EU 40, and the budget is within 550 yuan.

# Environment Initial Observation
WebShop [SEP] Instruction: [SEP] A friend said wide -last badminton shoes are more suitable for sports.
Could you find me a genuine pair with cushioning and wear resistance? I prefer blue -and -white colors ,
which feel easy to match. I want a unisex style. The required size is EU 40, and the budget is within 550
yuan. [SEP] Search
Is search available: True
Clickable buttons: []

# Agent
Thought: The current page has no product list , so I can only find suitable products via search. Based on
the user 's needs , the search keywords should cover "wide last ," "badminton shoes ," "blue and white ," "
cushioning and wear -resistant ," and "genuine" to maximize the chance of finding the most relevant items.
Action: search[wide last blue white badminton shoes cushioning wear -resistant genuine]

# Env
Instruction: [SEP] A friend said wide -last badminton shoes are more suitable for sports. Could you find me
a genuine pair with cushioning and wear resistance? I prefer blue -and -white colors , which feel easy to

match. I want a unisex style. The required size is EU 40, and the budget is within 550 yuan. [SEP] Back to
Search [SEP] Page 1 (Total results: 150) [SEP] Next > [SEP] 724988974873 [SEP] Authentic YONEX YY

badminton shoes , men 's cushioning and wear -resistant , badminton -specific , wide last sports shoes , women 's
version [SEP] 528.0 to 660.0 [SEP] 674239829358 [SEP] Official authentic VICTOR 9200TD professional
badminton shoes , wide last , cushioning , anti -slip , anti -torsion , unisex [SEP] 518.0 [SEP] 775702903455 [
SEP] Li-Ning badminton shoes , authentic All -round King , unisex professional training , 2024 new , cushioning
, wide last , sports/tennis shoes [SEP] 310.0 [SEP] 899453734819 [SEP] VICTOR badminton shoes P8500CLS ,
cushioning , anti -torsion , unisex , breathable , wide last , anti -slip [SEP] 398.0 [SEP] 925395439375 [SEP]
VICTOR badminton shoes A170 II, ultra -light cushioning , unisex , wide last [SEP] 213.0 [SEP] 678221250065 [
SEP] kawasaki/Kawasaki anti -slip wear -resistant badminton shoes , unisex training shoes , cushioning ,
breathable , lightweight , authentic [SEP] 223.0 [SEP] 827282336955 [SEP] 2024 new Li-Ning authentic
badminton shoes , unisex , Zhanji 2.0, wear -resistant , cushioning , competition/training [SEP] 899.0 [SEP]
894201472400 [SEP] Brand clearance P yy badminton shoes , unisex , anti -slip , wear -resistant , tennis
training shoes , cushioning , breathable , professional sports shoes [SEP] 130.0 [SEP] 771384727942 [SEP]
Warrior badminton shoes , unisex breathable sports shoes , anti -slip , wear -resistant , cushioning; table
tennis/volleyball training shoes [SEP] 350.0 to 369.0 [SEP] 726975937654 [SEP] Li-Ning Zhanji III LITE
women 's cushioning wear -resistant support badminton training shoes AYTR026 -2 [SEP] 229.0 to 299.0 [SEP]
817948252002 [SEP] Venson badminton shoes VS169 , wear -resistant , anti -slip , cushioning , high rebound ,
wrapping , breathable sports shoes [SEP] 199.0 [SEP] 824554389645 [SEP] Li-Ning badminton shoes , unisex ,
anti -slip , cushioning , breathable , wear -resistant , casual/professional competition training tennis shoes [
SEP] 530.0 [SEP] 850124091149 [SEP] kawasaki/Kawasaki badminton shoes , unisex professional cushioning wear
-resistant breathable sports training shoes "Puff" [SEP] 349.0 [SEP] 886630046021 [SEP] Li-Ning badminton
shoes Thunder beng tech pink , unisex , cushioning , wear -resistant , rebound , competition shoes AYAS018 [SEP]
469.0 to 899.0 [SEP] 907578716897 [SEP] Li-Ning badminton shoes Ground Flight LITE , unisex , cushioning ,

anti -slip , wear -resistant , training sports shoes AYTT003 [SEP] 499.0 [SEP] 895792505809 [SEP] Kawasaki
badminton shoes , unisex , wear -resistant , breathable , anti -slip , cushioning sports shoes , Flying youth
model , flagship store [SEP] 500.0 [SEP] 816090104446 [SEP] Li-Ning Thunder NC badminton shoes , unisex ,
anti -torsion protection , wear -resistant , cushioning , professional competition shoes AYZU015 [SEP] 804.0 [
SEP] 761658225777 [SEP] Li-Ning badminton shoes Ground Flight 2 SE, unisex , comfortable cushioning rebound
, wear -resistant , professional competition shoes [SEP] 899.0 [SEP] 867510242711 [SEP] ASICS badminton
shoes , men 's UPCOURT Cross 6 professional sports shoes , shock -absorbing , anti -slip , wear -resistant ,
authentic [SEP] 590.0 [SEP] 724352099396 [SEP] YONEX tennis shoes F5, wear -resistant , cushioning ,
breathable , F5 unisex professional tennis sports shoes [SEP] 698.0
Is search available: False
Clickable buttons: ["back to search", "next >", "724988974873" , "674239829358" , "775702903455" ,
"899453734819" , "925395439375" , "678221250065" , "827282336955" , "894201472400" , "771384727942" ,
"726975937654" , "817948252002" , "824554389645" , "850124091149" , "886630046021" , "907578716897" ,
"895792505809" , "816090104446" , "761658225777" , "867510242711" , "724352099396"]

Figure 12: A trajectory (part 1/3) of an agent interacting with the ShopSimulator environment in a single-turn
scenario. (Chinese original, presented in English for universal readability.)
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Single Turn Case (Part 2)
# Agent
Thought: The search results show many badminton shoes , with multiple items containing keywords like "wide
last ," "cushioning ," "wear -resistant ," and "authentic ." I need to further filter for "blue and white ,"
unisex , under 550 yuan , and with size 40 available. Priorities are items whose appearance and description
best match. Comparing , YONEX , VICTOR , and Li-Ning have wide -last and unisex options; Li-Ning All -round
King (310 yuan), VICTOR P8500CLS (398 yuan), and VICTOR 9200TD (518 yuan) are within budget. The YONEX YY
(528 yuan) mentions "wide" and women 's option; I should verify whether it has blue -and -white and size 40.
Next , click the YONEX YY badminton shoes to enter details and verify color and size.
Action: click [724988974873]

# Env
Instruction: [SEP] A friend said wide -last badminton shoes are more suitable for sports. Could you find me
a genuine pair with cushioning and wear resistance? I prefer blue -and -white colors , which feel easy to

match. I want a unisex style. The required size is EU 40, and the budget is within 550 yuan. [SEP] Back to
Search [SEP] < Prev [SEP] Color options [SEP] shb510wcr Black/Red (Wide last) [SEP] shb610wcr White/Navy

(Wide last) [SEP] shb510wcr White/Blue (Wide last) [SEP] shb510wcr White (Wide last) [SEP] shb510wcr
Silver/Gray (Wide last) [SEP] Size [SEP] 43 [SEP] 42 [SEP] 44 [SEP] 36 [SEP] 38 [SEP] 39 [SEP] 37 [SEP] 41
[SEP] 40 [SEP] 45 [SEP] Authentic YONEX YY badminton shoes , men 's cushioning wear -resistant badminton -

specific wide last sports shoes , women 's version [SEP] Price: 528.0 to 660.0 [SEP] Store: Miaojiang Sports
& Outdoor Specialty Store [SEP] Description [SEP] Features [SEP] Reviews [SEP] Buy Now

Is search available: False
Clickable buttons: ["back to search", "< prev", "description", "features", "reviews", "buy now", "
shb510wcr Black/Red (Wide last)", "shb610wcr White/Navy (Wide last)", "shb510wcr White/Blue (Wide last)",
"shb510wcr White (Wide last)", "shb510wcr Silver/Gray (Wide last)", "43", "42", "44", "36", "38", "39",
"37", "41", "40", "45"]

# Agent
Thought: This page offers multiple color options and sizes , all wide last. The user specified blue -and -
white and size 40, and the 528 yuan price fits the budget. The best match is "shb510wcr White/Blue (Wide
last)." I should select that color , then choose size 40 to prepare for purchase.
Action: click[shb510wcr White/Blue (Wide last)]

# Env
Instruction: [SEP] A friend said wide -last badminton shoes are more suitable for sports. Could you find me
a genuine pair with cushioning and wear resistance? I prefer blue -and -white colors , which feel easy to

match. I want a unisex style. The required size is EU 40, and the budget is within 550 yuan. [SEP] Back to
Search [SEP] < Prev [SEP] Color options [SEP] shb510wcr Black/Red (Wide last) [SEP] shb610wcr White/Navy

(Wide last) [SEP] shb510wcr White/Blue (Wide last) [SEP] shb510wcr White (Wide last) [SEP] shb510wcr
Silver/Gray (Wide last) [SEP] Size [SEP] 43 [SEP] 42 [SEP] 44 [SEP] 36 [SEP] 38 [SEP] 39 [SEP] 37 [SEP] 41
[SEP] 40 [SEP] 45 [SEP] Authentic YONEX YY badminton shoes , men 's cushioning wear -resistant badminton -

specific wide last sports shoes , women 's version [SEP] Price: 528 [SEP] Store: Miaojiang Sports & Outdoor
Specialty Store [SEP] Description [SEP] Features [SEP] Reviews [SEP] Buy Now
Is search available: False
Clickable buttons: ["back to search", "< prev", "description", "features", "reviews", "buy now", "
shb510wcr Black/Red (Wide last)", "shb610wcr White/Navy (Wide last)", "shb510wcr White/Blue (Wide last)",
"shb510wcr White (Wide last)", "shb510wcr Silver/Gray (Wide last)", "43", "42", "44", "36", "38", "39",
"37", "41", "40", "45"]

# Agent
Thought: "White/Blue (Wide last)" color and size 40 are selected. The price is 528 yuan , within budget ,
and the description indicates authentic , wide last , cushioning , wear -resistant , unisex --meeting all
requirements. Now proceed to purchase.
Action: click [40]

Figure 13: A trajectory (part 2/3) of an agent interacting with the ShopSimulator environment in a single-turn
scenario. (Chinese original, presented in English for universal readability.)
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Single Turn Case (Part 3)
# Env
Instruction: [SEP] A friend said wide -last badminton shoes are more suitable for sports. Could you find me
a genuine pair with cushioning and wear resistance? I prefer blue -and -white colors , which feel easy to

match. I want a unisex style. The required size is EU 40, and the budget is within 550 yuan. [SEP] Back to
Search [SEP] < Prev [SEP] Color options [SEP] shb510wcr Black/Red (Wide last) [SEP] shb610wcr White/Navy

(Wide last) [SEP] shb510wcr White/Blue (Wide last) [SEP] shb510wcr White (Wide last) [SEP] shb510wcr
Silver/Gray (Wide last) [SEP] Size [SEP] 43 [SEP] 42 [SEP] 44 [SEP] 36 [SEP] 38 [SEP] 39 [SEP] 37 [SEP] 41
[SEP] 40 [SEP] 45 [SEP] Authentic YONEX YY badminton shoes , men 's cushioning wear -resistant badminton -

specific wide last sports shoes , women 's version [SEP] Price: 528 [SEP] Store: Miaojiang Sports & Outdoor
Specialty Store [SEP] Description [SEP] Features [SEP] Reviews [SEP] Buy Now

Is search available: False

Clickable buttons: ["back to search", "< prev", "description", "features", "reviews", "buy now", "
shb510wcr Black/Red (Wide last)", "shb610wcr White/Navy (Wide last)", "shb510wcr White/Blue (Wide last)",
"shb510wcr White (Wide last)", "shb510wcr Silver/Gray (Wide last)", "43", "42", "44", "36", "38", "39",
"37", "41", "40", "45"]

# Agent
Thought: The "White/Blue (Wide last)" color and size 40 are selected , the price is 528 yuan within budget ,
and the product is authentic , wide last , cushioned , wear -resistant , and unisex --fully meeting the user 's

needs. Proceed to purchase.
Action: click[buy now]

Figure 14: A trajectory (part 3/3) of an agent interacting with the ShopSimulator environment in a single-turn
scenario. (Chinese original, presented in English for universal readability.)
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Multi-Turn Case
[User] I want to buy a pair of badminton shoes , preferably cushioned and wear -resistant , and they must be
authentic.

[Agent] Hello! I'll help you choose badminton shoes. To recommend the most suitable product , what 's your
budget range? Also , do you have any preferred brands (e.g., Li-Ning , Victor , YONEX)? And what is your shoe
size?

[User] Budget within 550 yuan , no specific brand preference , but they must be authentic. Size is EU 40.

(Omitting a series of Agent -shopping environment interaction details , where the Agent searches based on
the user 's budget , size , and functional needs , checks multiple brands (YONEX , Li-Ning , Kawasaki), filters
out items that don 't meet budget or color requirements , and finally locks in the Li-Ning Ground Flight
LITE at 499 yuan , size 40, black -and -white colorway .)

[Agent] I found a great option for you: Li-Ning Ground Flight LITE badminton shoes , size 40, black with
standard white , priced at 499 yuan. They feature cushioning , anti -slip , and wear resistance , and belong to
Li-Ning 's professional badminton line , within your budget. How does this sound?

[User] This colorway is black and white , but I prefer blue -and -white. Could you find that colorway? Also ,
I've heard wide -last versions are more exercise -friendly --do you have a wide -last option?

(Omitting a series of Agent -shopping environment interaction details , where the Agent re-searches for the
new "blue -and -white + wide last" requirements , browses YONEX , VICTOR , and Li-Ning wide -last models , and
ultimately finds the VICTOR P8500CLS at 398 yuan , wide last , Glacier Blue colorway , size 40.)

[Agent] I found a pair that matches your needs well: VICTOR P8500CLS , wide -last version , Glacier Blue
colorway , size 250 (equivalent to EU 40), priced at 398 yuan. It offers cushioning , anti -torsion ,
breathability , and anti -slip , a professional wide -last badminton shoe within your budget. What do you
think?

[User] This pair is wide last , and the color is close to the blue -and -white I like , but I want a blue -and -
white colorway , preferably a white -and -blue combo. Also , can you confirm whether it's a unisex model?

(Omitting a series of Agent -shopping environment interaction details , where the Agent continues searching
for a blue -and -white , wide -last , unisex badminton shoe , filters multiple items , and finds the YONEX
SHB520WCR: wide version , white -and -blue colorway , size 40, unisex , 400 yuan.)

[Agent] Great! I found a pair that fully meets your requirements: YONEX SHB520WCR , wide version , white -and
-blue colorway (exactly what you want), size 40, unisex , priced at 400 yuan. It features cushioning and
wear resistance and is a new model from YONEX , well within your budget. How about this one?

[User] The colorway , wide -last design , and price meet my expectations , but the exact model I want is
SHB510WCR White/Blue (Wide last). Can you confirm size 40 is available? Also , please confirm there 's an
authenticity guarantee.

(Omitting a series of Agent -shopping environment interaction details , where the Agent precisely searches
the specified model , enters an authorized YONEX store , finds SHB510WCR White/Blue (Wide last) in size 40
at 528 yuan , and confirms authenticity guarantee , meeting all requirements .)

[Agent] Found it! I located your exact specified model: YONEX SHB510WCR White/Blue (Wide last), size 40,
priced at 528 yuan. It's from Miaojiang Sports & Outdoor Specialty Store with an authenticity guarantee.
The 528 yuan price is within your 550 yuan budget , with cushioning and wear resistance --exactly the wide -
last design and blue -and -white colorway you requested. Would you like to proceed with this purchase?

[User] Yes , this YONEX SHB510WCR White/Blue (Wide last) fully meets my needs: - Correct model (SHB510WCR)
- Blue -and -white colorway - Wide -last design - Size is EU 40 - Unisex - Features cushioning and wear
resistance - Authenticity guarantee - Price 528 yuan , within the 550 yuan budget

All conditions are met. I confirm the purchase now. Thank you for your patient help!

[Agent] click[buy now]

Figure 15: A trajectory of an agent interacting with the user and environment in a multi-turn scenario. (Chinese
original, presented in English for universal readability.)
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Multi-Turn & Personalization Case
# Initial Observation
You are an intelligent shopping assistant Agent. I will provide you with the user 's personal profile (
including preferences , budget , usage scenarios , and purchase history).
Your goal is to, through multi -turn interactions with the shopping environment and the user , ultimately
help the user purchase the product that best meets their needs.

Please pay special attention:
- For information that is vague , missing , or uncertain , ask the user follow -up questions to confirm and
complete it.
- The product catalog contains many similar items , so you need to conduct comprehensive analysis and make
precise judgments based on the personal profile plus real -time environment observations.

The user 's personal profile is:

{
"Transaction Characteristics ": {" Coupon Usage Rate": 0.32, "Repeat Purchase Rate": 0.68, "Average Order
Value": 177.56 , "Preferred Payment Method ": "Alipay", "Is Promotion -Sensitive ": false , "Spending in Last
30 Days": 1420.5 , "Orders in Last 90 Days": 8},

"Demographics ": {" Membership Level": "Gold Member","Age Range": "25-34"," Gender ": "Female","Spending
Level": "Medium"},
"Interests and Preferences ": {

"Brand Preferences ": [
{ "Preference Level": "High", "Brand Name": "YONEX" },
{ "Preference Level": "High", "Brand Name": "ASICS" },
{ "Preference Level": "Medium", "Brand Name": "Li-Ning" },
{ "Preference Level": "Low", "Brand Name": "Wilson" },
{ "Preference Level": "Medium", "Brand Name": "Lululemon" }],

"Product Attribute Preferences ": {
"Price Range": {"Max": 800, "Min": 200},
"Features ": [" Cushioning", "Wear -resistant", "Stable Support"],
"Size Preferences ": {"Tops": "", "Underwear ": "", "Dresses/Skirts ": "", "Pants": "", "Shoe Size":
"40"},
"Materials ": [" Breathable Mesh", "Synthetic Leather"],
"Colors ": ["Blue", "White", "Gray"],
"Styles ": [" Minimalist Sport", "Techwear "]},

"Category Preferences ": {"Books & Media": "Low", "Pet Supplies ": "Medium", "Smart Home": "Medium", "
Apparel , Shoes & Bags": "Medium", "Mother & Baby": "None", "Beauty & Skincare ": "Low", "Sports &
Outdoors ": "High"}},

"Location Information ": {" District ": "Nanshan District","City": "Shenzhen","Time Zone": "Asia/Shanghai
","Province ": "Guangdong"},
"Last Updated ": "2024 -05 -25 T09 :41:12Z",
"Registration Time": "2021 -03 -18 T14 :22:36Z",
"Registration Channel ": "App",
"User ID": "U98421537",
"User Tags": [" Weekend badminton club organizer","Mid -to-high -frequency sports spending","Brand and
function oriented","Blue -and -white color preference ","Low promotion sensitivity ","Gold member"],
"Behavioral Features ": {" Commonly Used Device ": "iOS smartphone", "Average Daily Browsing Duration ":
3900, "Shops Followed in Last 14 Days": [], "Items Added to Cart in Last 14 Days": [], "Search Keywords
in Last 14 Days": [" Cushioned wear -resistant badminton -specific shoes", "Authentic YONEX wide -last
sports shoes"], "Items Favorited in Last 14 Days": [], "Active Hours": [7, 12, 22], "Visits in Last 7
Days": 18}

}

[User]
I want to buy a pair of badminton shoes , preferably in a white -and -blue colorway for a clean look.

[Agent]
Thought: The user clearly wants badminton shoes and prefers a white -and -blue colorway. From the personal
profile , I see a high preference for YONEX and ASICS , shoe size 40, a price range of 200 -800 yuan , and
feature preferences including cushioning , wear resistance , and stable support. The user 's search keywords
in the last 14 days also include "cushioned wear -resistant badminton -specific shoes" and "authentic YONEX
wide -last sports shoes ," further confirming the need. The search function is available now , so I should
directly search for badminton shoes that match the user 's requirements.
Action:search[YONEX badminton shoes white -and -blue colorway cushioning wear -resistant size 40]

......

Figure 16: A trajectory of an agent interacting with the user and environment in the Multi-Turn & Personalization
scenario. (Chinese original, presented in English for universal readability.)
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