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Abstract001

As large language models (LLMs) continue to002
advance, aligning these models with human003
preferences has emerged as a critical challenge.004
Traditional alignment methods, relying on hu-005
man or LLM annotated datasets, are limited by006
their resource-intensive nature, inherent subjec-007
tivity, misalignment with real-world user pref-008
erences, and the risk of feedback loops that am-009
plify model biases. To overcome these limita-010
tions, we introduce WILDFEEDBACK, a novel011
framework that leverages in-situ user feedback012
during conversations with LLMs to create pref-013
erence datasets automatically. Given a corpus014
of multi-turn user-LLM conversation, WILD-015
FEEDBACK identifies and classifies user feed-016
back to LLM responses between conversation017
turns. The user feedback is then used to cre-018
ate examples of preferred and dispreferred re-019
sponses according to users’ preference. Our020
experiments demonstrate that LLMs fine-tuned021
on WILDFEEDBACK dataset exhibit signifi-022
cantly improved alignment with user prefer-023
ences, as evidenced by both traditional bench-024
marks and our proposed checklist-guided eval-025
uation. By incorporating in-situ feedback from026
actual users, WILDFEEDBACK addresses the027
scalability, subjectivity, and bias challenges028
that plague existing approaches, marking a sig-029
nificant step toward developing LLMs that are030
more responsive to the diverse and evolving031
needs of their users.032

1 Introduction033

Large language models (LLMs) have become a cor-034

nerstone of modern natural language processing035

(NLP) applications, powering a wide range of tasks036

from conversational agents to content generation.037

Despite their strengths, aligning LLMs with hu-038

man preferences remains a challenge (Bai et al.,039

2022a; Ouyang et al., 2022; OpenAI et al., 2024;040

Dubey et al., 2024). Traditional alignment methods041

involve instruction tuning and preference training042

on curated human or LLM-annotated datasets (Bai043

et al., 2022a; Ouyang et al., 2022; Cui et al., 2024). 044

However, these approaches face critical limitations: 045

human annotation is resource-intensive and often 046

subjective, while LLM-generated synthetic data 047

risks reinforcing biases instead of capturing diverse 048

human preferences (Gautam and Srinath, 2024; 049

Wyllie et al., 2024; Chen et al., 2024; Poddar et al., 050

2024). 051

In response, recent work explores in-situ user 052

feedback (e.g., upvotes, downvotes, engagement) 053

for LLM training (Shi et al., 2022; Lin et al., 2024b; 054

Don-Yehiya et al., 2024). This approach harnesses 055

authentic user feedback during interactions with 056

LLMs, offering a more dynamic and accurate re- 057

flection of user preferences. Rather than relying 058

on static, costly, and misaligned pre-collected data, 059

this method adapts to evolving user needs. How- 060

ever, existing works are limited in scope, either 061

requiring explicit, structured feedback from users 062

or fine-tuning models directly on responses that 063

trigger explicit user feedback. 064

In this paper, we introduce WILDFEEDBACK, 065

a novel framework designed to align LLMs with 066

in-situ user interactions and feedback. WILD- 067

FEEDBACK addresses the limitations of existing ap- 068

proaches by constructing preference datasets from 069

real user-LLM conversations, specifically focusing 070

on user feedback that naturally occurs during these 071

interactions. The overview of the framework is 072

shown in Figure 1. Our framework comprises three 073

key components: (1) Feedback signal identification, 074

which detects and classifies user feedback, distin- 075

guishing between positive and negative signals to 076

infer user preferences; (2) Preference data construc- 077

tion, which transforms these signals into structured 078

preference datasets; and (3) Checklist-guided eval- 079

uation, which systematically assesses model re- 080

sponses using an instance-level checklist derived 081

from extracted user preferences as a rubric. This en- 082

sures that model improvements are grounded in real 083

user expectations rather than predefined heuristics. 084
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User: What are the 
structure of a literature 
and how to write it?

AI: [Response 1]

AI: [Response 2]

AI: [Response 3]

User: Write a haiku about 
crocodiles in outer space 
in the voice of a pirate.

User: could write it more 
precisely and not too 
elementary?

User: This is great! 
Thanks!

(1) Satisfaction 
Estimation

Dialogue

Neutral

DSAT

SAT

(2) Preference Data 
Extraction

Prompt

Preferences: the user 
prefers precise and not 

too elementary answers.

Dispreferred Response: 
[Response 2]

Preferred Response: 
[Revised Response 2]

(3) Guided 
Generation

Neutral

Figure 1: Overview of WILDFEEDBACK. (1) We begin by applying user satisfaction estimation to identify
conversations and utterances that contain feedback signals. (2) We extract the entire conversation history leading
up to a DSAT (dissatisfaction) signal as the prompt, and the response that triggers the DSAT as the dispreferred
response. (3) Finally, we summarize the user’s preferences based on the identified feedback signals and guide the
generation of the preferred response

To demonstrate the effectiveness of WILDFEED-085

BACK, we apply it to WildChat (Zhao et al., 2024),086

a dataset containing over 148,000 multi-turn con-087

versations between users and ChatGPT (OpenAI088

et al., 2024) (see details of WildChat in Appendix089

E). This process results in a preference dataset of090

20,281 samples1, providing a rich resource for im-091

proving LLM alignment with real-world user pref-092

erences.093

Through extensive experiments, we demonstrate094

that models fine-tuned on WILDFEEDBACK show095

significant improvements in aligning with user pref-096

erences, both in automated benchmarks and in our097

proposed checklist-guided evaluation framework.098

This work represents a step forward in creating099

more user-centric LLMs, with the potential to en-100

hance user satisfaction across a wide range of ap-101

plications.102

The contributions of this paper are threefold:103

1. Introduction of WILDFEEDBACK: We104

present a novel framework that leverages in-105

situ user feedback to construct preference106

datasets that better reflect actual human val-107

ues, addressing the scalability and subjectivity108

issues inherent in human-annotated datasets109

and the biases in synthetic data.110

2. Robust Data Construction: We adapt and ex-111

1The dataset will be available soon.

pand on existing user satisfaction estimation 112

techniques to identify feedback signals in nat- 113

ural conversations. This enables the creation 114

of a nuanced preference dataset that includes 115

both user preferences and corresponding re- 116

sponses, enhancing the effectiveness of fine- 117

tuning LLMs to better align with user expec- 118

tations. 119

3. Checklist-Guided Evaluation: We propose 120

a checklist-guided evaluation methodology 121

that aligns the assessment of model perfor- 122

mance with real user preferences, providing 123

a more accurate benchmark for evaluating 124

LLMs’ alignment with human values. 125

2 Related Work 126

Feedback Learning for LLMs. Incorporating 127

human feedback has been shown to be an effective 128

strategy to align LLMs with human preferences 129

(Ouyang et al., 2022; Bai et al., 2022a; Dubey et al., 130

2024). However, relying human annotators to pro- 131

vide human feedback is inefficient and resource- 132

intensive, which makes it hard to scale up. Addi- 133

tionally, human preferences are highly subjective. 134

A small set of annotators may not represent broader 135

preferences. Accordingly, some researchers aim 136

to supervise AI models by model themselves (Bai 137

et al., 2022b; Lee et al., 2023; Madaan et al., 2023; 138

Burns et al., 2023; Li et al., 2023a). For instance, 139
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Bai et al. (2022b) introduced constitutional AI, in140

which they prompt LLMs to self-refine their own141

generations given a set of human-defined consti-142

tutions. However, relying on model’s own feed-143

back can create a feedback loop where the model’s144

outputs increasingly reflect its own biases rather145

than diverse and authentic human perspectives. Re-146

cently, researchers have begun exploring the min-147

ing of user preferences from natural human-LLM148

interactions (Shi et al., 2022; Lin et al., 2024b; Don-149

Yehiya et al., 2024). These approaches capture real-150

time user feedback for more accurate preference151

alignment. Our work builds on this trend by lever-152

aging in-situ user interactions to create preference153

datasets that better align with actual human values,154

addressing the limitations of both synthetic and155

human-annotated preference datasets.156

Data for LLM Alignment. LLM alignment typi-157

cally consists of two steps: instruction tuning and158

preference training. Instruction tuning, or super-159

vised finetuning (SFT), aims to finetune models160

with a set of instruction-response pairs. Early161

works incorporated various NLP tasks for instruc-162

tion tuning, demonstrating that LLMs could gen-163

eralize well across different tasks (Wang et al.,164

2022; Chung et al., 2022; Ouyang et al., 2022).165

Subsequent research focused on constructing in-166

struction data by directly distilling from capable167

LLMs (Wang et al., 2023; Xu et al., 2023). Re-168

searchers later recognized that preference train-169

ing could further boost model performance across170

various tasks (Ouyang et al., 2022; Dubey et al.,171

2024). Preference training uses desired and unde-172

sired responses, either human-annotated (Bai et al.,173

2022a) or LLM-generated (Cui et al., 2024). Be-174

yond general-purpose preference datasets, some175

datasets focus on specific tasks, such as summa-176

rization (Wu et al., 2021), model safety (Ji et al.,177

2023; Shi et al., 2024), and mathematics (Lightman178

et al., 2023). However, these approaches often rely179

on curated datasets that are either manually anno-180

tated by human experts or generated by models like181

GPT-4 (OpenAI et al., 2024). While these datasets182

provide a useful foundation, they may not fully183

capture the complexity and diversity of real-world184

user interactions. Our work addresses this gap by185

introducing a framework that leverages real-time186

feedback from actual users, allowing for more au-187

thentic and context-sensitive alignment of LLMs188

with true human preferences.189

3 WILDFEEDBACK 190

Existing preference datasets often suffer from a 191

mismatch between actual human preferences and 192

those of the annotators (Chen et al., 2024; Poddar 193

et al., 2024). Synthetic preference datasets, such as 194

ULTRAFEEDBACK (Cui et al., 2024), rely solely on 195

GPT-4 to generate rankings and determine which 196

responses are preferred or dispreferred. However, 197

this approach may not accurately capture real hu- 198

man values or nuanced preferences. Relying on 199

synthetic data can create a feedback loop where the 200

model’s outputs increasingly reflect its own biases 201

rather than diverse and authentic human perspec- 202

tives. On the other hand, preference datasets anno- 203

tated by human annotators are difficult to scale due 204

to time and budget constraints (Bai et al., 2022a; 205

Ouyang et al., 2022; Dubey et al., 2024). Moreover, 206

human annotators’ preferences can be highly sub- 207

jective, often differing significantly from those of 208

real users (Zhang et al., 2024; Fleisig et al., 2023). 209

To address these challenges, we introduce WILD- 210

FEEDBACK, a framework designed to align LLMs 211

with in-situ user interactions and feedback. Un- 212

like previous approaches that rely on synthetic 213

responses, our framework directly learns prefer- 214

ences from real-world users, capturing both ex- 215

plicit and implicit feedback signals. The frame- 216

work comprises three steps: (1) feedback signal 217

identification, (2) preference data construction, and 218

(3) checklist-guided evaluation. The pipeline is il- 219

lustrated in Figure 1. We apply this framework to 220

WildChat (Zhao et al., 2024), a corpus of real user- 221

ChatGPT conversations , and obtained the WILD- 222

FEEDBACK dataset, a preference dataset of 20,281 223

samples. 224

3.1 Feedback Signals Identification 225

To construct preference data from natural human- 226

LLM interactions, we first identify conversations 227

that contain feedback signals. This can be achieved 228

through user satisfaction estimation. In multi-turn 229

conversational sessions, a user may explicitly ex- 230

press their satisfaction (e.g., “thank you”) or dis- 231

satisfaction (e.g., “revise it”) in their utterances. 232

Lin et al. (2024b) proposed a framework named 233

SPUR that can automatically learn and identify 234

SAT (satisfaction) and DSAT (dissatisfaction) pat- 235

terns. SPUR generalizes SAT/DSAT rubrics from 236

conversations with annotated thumb feedback by 237

recursively prompting GPT-4. These rubrics can 238

then be used to score a user’s overall satisfaction or 239

3



Category SAT DSAT Total

# Conversations 5,447 13,582 148,715
# Utterances 8,186 27,711 628,467

Table 1: Statistics of SAT/DSAT in conversations. A
conversation is labeled as SAT/DSAT if it contains at
least one SAT/DSAT utterance.

dissatisfaction, allowing us to identify utterances240

containing feedback signals.241

WILDFEEDBACK adapts the SAT/DSAT rubrics242

from Lin et al. (2024b) with minor modifications.243

In total, we use 9 SAT and 9 DSAT rubrics. The244

SAT criteria include gratitude, learning, compli-245

ance, praise, personal details, humor, acknowl-246

edgment, positive closure, and getting there. The247

DSAT criteria consist of negative feedback, revi-248

sion, factual error, unrealistic expectation, no en-249

gagement, ignored, lower quality, insufficient de-250

tail, and style. Detailed definitions of these rubrics251

can be found in Table 4 and Table 5. To streamline252

the process, we input these rubrics into GPT-4 2253

and prompt it to perform the classification at the254

utterance level. The complete prompt is available255

in the Appendix A.1. In total, there are 148,715256

multi-turn conversations in the WildChat dataset,257

with approximately 12.8% of the multi-turn con-258

versations containing feedback signals. Detailed259

statistics are presented in Table 1.260

To ensure the reliability of GPT-4’s classifica-261

tion of SAT/DSAT signals, we conducted a valida-262

tion process using human expert annotators. Our263

findings indicate that GPT-4’s ability to identify264

SAT/DSAT signals shows relatively high agree-265

ment with human annotations, achieving a Co-266

hen’s Kappa of κ = 0.69 for SAT and κ = 0.50267

for DSAT, similar to the human performance. A268

detailed breakdown of GPT-4’s performance and269

the human annotation process are provided in Ap-270

pendix B.2.271

3.2 Preference Pair Generation272

After identifying conversations that contain feed-273

back signals using the SAT/DSAT rubrics, we can274

construct semi-synthetic preference pairs. Each275

preference pair sample consists of four compo-276

nents: the prompt, user preferences, the preferred277

response, and the dispreferred response. For con-278

2Unless otherwise specified, in all of our experiments,
we use GPT-4o with the gpt-4o-0513 engine. For
open-weight models, we use Phi-3-mini-4k-instruct,
Qwen2-7B-Instruct, Meta-Llama-3-8B-Instruct.

versations with SAT/DSAT signals, we first ana- 279

lyze user responses marked by these signals and 280

ask GPT-4 to summarize user preferences based 281

on these feedback signals (e.g., the user prefers 282

concise and direct answers). We then extract the 283

conversation up to the model response that triggers 284

the SAT/DSAT signals and use this as the prompt 285

for our preference data. 286

For preferred and dispreferred response gener- 287

ation, we explore two different approaches: ex- 288

pert responses and on-policy responses. Specifi- 289

cally, we use GPT-4 for expert response generation, 290

while Phi 3 (Abdin et al., 2024), Qwen 2 (Yang 291

et al., 2024), and LLaMA 3 (Dubey et al., 2024) are 292

employed for on-policy response generation. For 293

expert responses, those that trigger DSAT signals 294

in the original conversations are directly used as 295

dispreferred responses (e.g., response 2 in Fig. 1). 296

We then prompt GPT-4 to generate the preferred 297

responses by using summarized user preferences as 298

the system prompt. For on-policy responses, both 299

preferred and dispreferred responses are generated 300

by the policy model. The dispreferred responses 301

are generated directly, whereas the preferred re- 302

sponses are produced using the summarized user 303

preferences as the system prompt. Furthermore, 304

recognizing that some user preferences may be 305

harmful (e.g., preferences for explicit content), we 306

take extra safety precautions. When prompting ei- 307

ther the on-policy models or GPT-4 to generate pre- 308

ferred responses, we include an additional system 309

instruction: “The response should be safe.” Some 310

conversations are also automatically filtered by the 311

OpenAI moderation API. The prompt used for pref- 312

erence pair construction is provided in Appendix 313

A.2. 314

3.3 Checklist-guided Evaluation 315

Existing automated benchmarks, such as AlpacaE- 316

val (Dubois et al., 2024) and MT-Bench (Zheng 317

et al., 2023b), heavily rely on using LLMs as 318

judges. These benchmarks typically prompt mod- 319

els with a set of queries and then ask LLMs like 320

GPT-4 or Claude (Anthropic, 2023) to provide a 321

score or rank the responses of different models. 322

This approach is problematic because it relies heav- 323

ily on the internal knowledge of LLMs, which are 324

known to be biased towards longer responses or re- 325

sponses generated by themselves (Liu et al., 2024b; 326

Thakur et al., 2024). Additionally, there is a mis- 327

match between the preferences of LLMs as judges 328

and those of humans, leading to evaluations that 329
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Figure 2: Comparison of in-situ user alignment across datasets generated by different models. “Win/Tie/Lose”
represents the percentage of instances where the preferred responses win/tie/lose compared to the dispreferred
responses in the WILDFEEDBACK dataset, prior to filtering. The comparison is made both with and without
providing GPT-4 with summarized user preferences as checklists to guide its evaluation. With checklists, the
preferred responses can be better distinguished.

do not accurately reflect user preferences. Fur-330

thermore, using human annotators to rank model331

responses based on their subjective experiences332

is also not ideal, as there can be a mismatch be-333

tween annotators’ preferences and actual user pref-334

erences.335

In response, we propose checklist-guided eval-336

uation, a general evaluation framework that more337

accurately reflects real user preferences. In our338

preference data construction module, we not only339

construct preference data from user-LLM inter-340

actions but also summarize user preferences ex-341

pressed in natural language. These preferences,342

based on real users’ textual feedback, can be used343

to align LLMs’s evaluation more closely with real344

users’ preferences. Instead of asking human anno-345

tators to directly rank model responses, we should346

ask them to rank those responses based on real347

users’ preferences. When using LLMs as evalu-348

ators, we can provide an instance-level checklist349

to guide their assessments. Our evaluation frame-350

work is adapted from WILDBENCH (Lin et al.,351

2024a), which has been shown to correlate well352

with human judgement in ranking model perfor-353

mance as an automatic metric. We employ a pair-354

wise evaluation strategy, where GPT-4 compares355

two different responses to determine which per-356

forms better on a given task, using an instance-level,357

preference-guided checklist to inform the compar-358

ison. This metric allows for straightforward com-359

parisons among models, with easily interpretable360

win/lose rates as intermediate outcomes. The full361

prompt can be found in Appendix A.3.362

Similar to feedback signal identification (§3.1),363

to ensure the reliability of GPT-4 on checklist-364

guided evaluation, we conducted a validation pro-365

cess using human expert annotators. We found 366

GPT-4 achieves an human agreement of 57.14%, 367

similar to the human-human agreement of 63.27%. 368

A detailed breakdown of GPT-4’s performance and 369

the human annotation process are provided in Ap- 370

pendix C. 371

3.4 WILDFEEDBACK Data Construction 372

The preference pair construction approach de- 373

scribed in Section 3.2 allows us to build a robust 374

dataset for training models to better align responses 375

with user preferences. 376

To evaluate whether our generated preferred re- 377

sponses align with actual user preferences, we ran- 378

domly selected 500 samples from the WILDFEED- 379

BACK datasets and performed checklist-guided 380

evaluation (§3.3), comparing the preferred and dis- 381

preferred responses. As explained in Section §3.2, 382

there are two versions of WILDFEEDBACK pref- 383

erence pairs: the GPT-4 version and the on-policy 384

version, which differ in whether the responses are 385

generated by GPT-4 or the policy model. As shown 386

in Figure 2, we found that without checklist-guided 387

evaluation, GPT-4 does not necessarily favor re- 388

sponses aligned with summarized user preferences, 389

often defaulting to models’ zero-shot generations 390

instead. However, after providing the preferences 391

as checklists to guide the evaluation, GPT-4’s se- 392

lections more closely align with real users’ pref- 393

erences. Additionally, we observed that GPT-4 is 394

significantly more steerable than smaller models: 395

over 70% of its preferred responses align with in- 396

situ user preferences, compared to only about 50% 397

for smaller models. 398

Since policy models are less steerable than GPT- 399

4 and may not always align with provided user 400
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# Conv. Prompt
Length

Response
Length

Multi-
Turn? Feedback Type

WebGPT (Nakano et al., 2022) 38,925 51 188 ✗ Human Annotators
Anthropic HH (Bai et al., 2022a) 118,263 186 95 ✗ Human Annotators
OASST1 (Köpf et al., 2023) 35,905 168 221 ✓ Human Annotators
ULTRAFEEDBACK (Cui et al., 2024) 61,135 159 256 ✗ GPT-4

WILDFEEDBACK (ours)
↪→ GPT-4 20,281 929 440

✓ In-situ Users↪→ Qwen 2 11,509 1,057 541
↪→ Phi 3 9,194 931 344
↪→ LLaMA 3 10,659 982 376

Table 2: Statistics of existing preference datasets. The average length refers to the number of tokens. The responses
of WILDFEEDBACK are either extracted from the original conversations or generated by GPT-4, Qwen 2, Phi 3, or
LLaMA 3.

preferences, we apply an additional filtering pro-401

cess, discarding any on-policy pairs that do not402

align with user preferences based on checklist-403

guided evaluation. In contrast, we retain all GPT-404

4-generated preference pairs, as they consistently405

demonstrate higher alignment.406

Table 2 reports statistics on WILDFEEDBACK407

constructed datasets compared with open-source408

datasets3. To the best of our knowledge, WILD-409

FEEDBACK is the first multi-turn pairwise prefer-410

ence dataset derived from real human-LLM interac-411

tions. Unlike datasets annotated by human labelers412

or LLMs, which often fail to fully capture real user413

preferences, WILDFEEDBACK is built from in-situ414

user feedback. Although OpenAssistant Conversa-415

tions (OASST1) (Köpf et al., 2023) also includes416

multi-turn conversations, its prompts and responses417

are fully composed by human annotators, making it418

less reflective of genuine human-LLM interactions.419

In the next section, we demonstrate that WILD-420

FEEDBACK more accurately represents authentic421

human-LLM interactions, making it a more reliable422

resource for developing and evaluating preference-423

based models.424

4 Experiment425

To validate the effectiveness of WILDFEEDBACK,426

we finetune models from different families on it and427

compare their performances with the vanilla mod-428

els and the models finetuned on ULTRAFEEDBACK429

data. We evaluate models’ performance on general430

benchmarks and a held-out test set of WILDFEED-431

BACK using checklist-guided evaluation.432

Models and training settings. We use off-the-433

shelf instruction-tuned Qwen 2, Phi 3, and LLaMA434

3For ULTRAFEEDBACK, we refer to the pre-processed,
binarized version used to train Zephyr (Tunstall et al., 2023).

3 models. As described in Section 3.2, each model 435

is fine-tuned on two versions of both WILDFEED- 436

BACK (WF) and ULTRAFEEDBACK (UF): a GPT-4 437

version and an on-policy version. 438

For WILDFEEDBACK, the WF GPT-4 setup uti- 439

lizes GPT-4 to generate preferred responses based 440

on summarized user preferences. Dispreferred re- 441

sponses are extracted from conversations that con- 442

tain DSAT signals. In the WF On-policy setup, 443

each policy model (Qwen 2, Phi 3, or LLaMA 444

3) generates both preferred and dispreferred re- 445

sponses, again making use of summarized user 446

preferences to produce the preferred ones. We 447

train each model for one epoch of supervised fine- 448

tuning (SFT) on the preferred responses, followed 449

by one epoch of direct preference optimization 450

(DPO) (Rafailov et al., 2023) on the entire dataset. 451

We find that hyperparameter tuning is essential for 452

optimal results (see Appendix D). 453

We also fine-tune models using ULTRAFEED- 454

BACK, one of the most widely used preference 455

datasets due to its superior performance compared 456

to others. Models such as the Tulu 3 series (Lam- 457

bert et al., 2025) and Zephyr (Tunstall et al., 2023) 458

have been fine-tuned on this dataset. The prompts 459

in ULTRAFEEDBACK are sourced from various in- 460

struction datasets. Each prompt has four responses 461

from different LLMs, numerically rated by GPT- 462

4. However, due to the off-policy nature of UL- 463

TRAFEEDBACK and the outdated models used to 464

generate its responses, it has become common prac- 465

tice to regenerate responses using only the original 466

prompts when training new models on this dataset 467

(Meng et al., 2024; Dong et al., 2024; Xiong et al., 468

2024). Following this approach, we create two ver- 469

sions of the dataset: UF GPT-4 and UF On-policy. 470

In UF GPT-4, we randomly select 20,000 prompts 471

from ULTRAFEEDBACK, and GPT-4 generates two 472

6



responses for each prompt. GPT-4 then acts as a473

judge, selecting the better response as the preferred474

one while marking the other as dispreferred. In475

UF On-policy, each policy model generates five476

responses per prompt, after which a GPT-4 judge477

selects the best response as preferred, while one of478

the remaining four is randomly designated as dis-479

preferred. The specific prompt used to guide GPT-4480

in selecting the preferred response is provided in481

Appendix A.4. By regenerating the responses for482

ULTRAFEEDBACK, we also ensure a fair compari-483

son to our WILDFEEDBACK setup.484

In summary, for all three policy models, we485

compare five configurations: (1) the off-the-shelf486

instruction-tuned model, (2) WF GPT-4, (3) WF487

On-policy, (4) UF GPT-4, and (5) UF On-policy.488

Benchmarks Evaluation. We evaluate our mod-489

els using three of the most popular open-ended490

instruction-following benchmarks: AlpacaEval 2491

(Li et al., 2023b), MT-Bench (Zheng et al., 2023a),492

and Arena-Hard (Li et al., 2024). AlpacaEval 2493

consists of 805 questions from 5 datasets, and494

MT-Bench covers 8 categories with 80 questions.495

Arena-Hard is an enhanced version of MT-Bench,496

incorporating 500 well-defined technical problem-497

solving queries. We report scores following each498

benchmark’s evaluation protocol: For AlpacaE-499

val 2, we report both the raw win rate (WR) and500

the length-controlled win rate (LC) (Dubois et al.,501

2024). The LC metric is specifically designed to502

be robust against model verbosity. For MT-Bench,503

we report the average MT-Bench score with GPT-504

4o (gpt-4o-0513) as the judge. For Arena-Hard,505

we report the win rate (WR) against the baseline506

model. As specified by the benchmarks, we use507

GPT-4-Turbo (gpt-4-0125) as the judge for both508

AlpacaEval 2 and Arena-Hard. We use the same,509

default decoding strategy specified by each evalua-510

tion benchmark respectively.511

WILDFEEDBACK Evaluation. In addition to512

publicly available benchmarks, we constructed our513

own evaluation benchmark from the held-out test514

set in WILDFEEDBACK and evaluated models us-515

ing checklist-guided evaluation (§3.3). We ensured516

that all test samples came from conversations and517

users that were never included in the training set.518

Constructing an evaluation dataset for checklist-519

guided evaluation is non-trivial, as we can no520

longer randomly or stratifiedly select test samples521

from different domains. In checklist-guided evalu-522

ation, we always provide a user-inspired checklist523

for GPT-4 to guide its evaluation, making it more 524

aligned with real users’ preferences. However, in- 525

dividual user preferences can be highly subjective 526

and specific. The goal of WILDFEEDBACK is not 527

to align language models with the preferences of 528

a specific individual but to learn the broader mode 529

of all individuals’ preferences. Therefore, we must 530

ensure that the preferences reflected in the test 531

samples represent the majority view. Additionally, 532

since the user preferences we extracted are often 533

particular to specific tasks, we also need to ensure 534

that the tasks in the test set are at least somewhat 535

similar to those in the training set. 536

To achieve this, we utilized FAISS (Douze et al., 537

2024) to cluster user prompts and their summa- 538

rized preferences. We grouped all user prompts 539

into 70 clusters. Within each cluster, we selected 540

10 samples where the preferences were most sim- 541

ilar to the other preferences in the same group. 542

We then applied similar data curation techniques 543

as described in WILDBENCH (Lin et al., 2024a) 544

to perform deduplication and remove nonsensical 545

tasks, resulting in a final test set of 540 samples. 546

By doing so, we aim to provide a more reliable 547

and comprehensive evaluation that reflects the ma- 548

jority’s preferences without overfitting to specific, 549

idiosyncratic cases. 550

For WILDFEEDBACK evaluation, we report the 551

win, tie, lose percentage against the instruct models 552

and the models trained on ULTRAFEEDBACK with 553

GPT-4 as the judge. We employ the WILDBENCH 554

prompt (Lin et al., 2024a) to perform the evalua- 555

tion, which has been shown to correlate well with 556

human judgement in ranking model performance. 557

We report the results evaluated with or without the 558

user preferences provided as a checklist. 559

5 Results and Analysis 560

In this section, we present the main results of 561

our experiments, highlighting the effectiveness of 562

WILDFEEDBACK on various benchmarks and abla- 563

tion studies. 564

Training models on WILDFEEDBACK signifi- 565

cantly and consistently enhances performance 566

across all benchmarks. As shown in Table 3, 567

models trained on either version of WILDFEED- 568

BACK achieve higher performance across AlpacaE- 569

val 2, Arena-Hard, and MT-Bench. For example, 570

after training on the GPT-4 version of WILDFEED- 571

BACK (WF GPT-4), Phi 3’s length-controlled win 572

rate on AlpacaEval 2 increases from 24.3% to 573
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Figure 3: Preference evaluation on the WILDFEEDBACK test set, with or without the checklist. All numbers are the
percentages of win/tie/lose. WF/UF On-policy/GPT-4 refers to the model trained on the on-policy/GPT-4 version of
WILDFEEDBACK/ULTRAFEEDBACK. Base models here refers to the off-the-shelf instruct models. Models trained
on WILDFEEDBACK consistently outperformed all the baselines.

34.9%, while its win rate on Arena-Hard improves574

from 15.4% to 32.4%. Similarly, its performance575

on MT-Bench rises from a score of 7.32 to 7.75.576

Models trained on WILDFEEDBACK also consis-577

tently outperform those on ULTRAFEEDBACK.578

Models AlpacaEval 2 Arena-Hard MT-Bench

LC (%) WR (%) WR (%) Score

Phi 3 24.3 17.4 15.4 7.32
↪→ WF On-Policy 29.0 27.1 30.1 7.42
↪→ UF On-Policy 27.2 25.9 28.7 7.40
↪→ WF GPT-4 34.9 36.6 32.4 7.75
↪→ UF GPT-4 32.5 38.4 30.5 7.68

LLaMA 3 22.9 22.6 20.6 7.10
↪→ WF On-Policy 30.1 29.6 22.1 7.15
↪→ UF On-Policy 28.8 34.1 20.2 7.04
↪→ WF GPT-4 34.2 42.8 32.9 7.57
↪→ UF GPT-4 32.2 43.2 32.6 7.49

Qwen 2 28.7 26.0 24.9 7.55
↪→ WF On-Policy 42.6 34.4 36.1 8.02
↪→ UF On-Policy 38.3 34.2 29.2 7.72
↪→ WF GPT-4 39.4 33.5 27.9 7.60
↪→ UF GPT-4 40.6 32.5 27.6 7.66

Table 3: AlpacaEval 2, Arena-Hard, and MT-Bench re-
sults under the four settings. LC and WR denote length-
controlled and raw win rate. WF/UF On-policy/GPT-4
refers to the model trained on the on-policy/GPT-4 ver-
sion of WILDFEEDBACK/ULTRAFEEDBACK.

WILDFEEDBACK significantly enhances model579

alignment with in-situ user feedback. As de-580

tailed in Section §4, the WILDFEEDBACK test set581

is sourced from real human-ChatGPT conversa-582

tions where users explicitly express dissatisfaction,583

implicitly suggesting that the models are poorly584

aligned with real user preferences on these tasks.585

As shown in Figure 3, models trained on either 586

version of WILDFEEDBACK exhibit stronger align- 587

ment with real user preferences. For instance, 588

LLaMA 3 trained on WF GPT-4 outperforms the 589

LLaMA 3 model trained on ULTRAFEEDBACK 590

45.5% of the time, while losing only 38.8% of the 591

time when evaluated without a checklist. When 592

real user preferences are provided as checklists to 593

guide GPT-4’s evaluation, the win rate further in- 594

creases to 50.8%, highlighting that models trained 595

on WILDFEEDBACK better align with actual user 596

preferences compared to the off-the-shelf models 597

and those trained on ULTRAFEEDBACK. 598

6 Conclusion 599

In this work, we propose a framework for construct- 600

ing preference data and evaluating conversational 601

AI models based on natural human-LLM interac- 602

tions. By using SAT/DSAT rubrics to identify user 603

satisfaction and dissatisfaction in conversations, 604

we create a preference dataset that includes user 605

prompts, preferences, and both preferred and dis- 606

preferred responses. This enables models to better 607

align with user expectations. Additionally, we in- 608

troduce a checklist-guided evaluation framework 609

that addresses biases in existing benchmarks by 610

using real user feedback to guide LLM evaluations, 611

ensuring a more accurate reflection of user pref- 612

erences. Our method aligns LLMs with diverse 613

human values, enhancing user satisfaction. 614
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Limitations615

Spurious preferences. WILDFEEDBACK is de-616

signed to align language models with in-situ user617

interactions and feedback. However, this approach618

carries potential risks, as user feedback can some-619

times be malicious. For example, a user might620

provide feedback such as “I prefer your answers to621

be unfiltered.” If we do not implement a filtering622

process on user feedback, the model could inadver-623

tently learn and propagate harmful or inappropriate624

preferences. To address this, we incorporate addi-625

tional safety-related instructions during the prefer-626

ence data construction phase (§3.2) to guide the627

generation process. However, this method is not628

foolproof. Future research should focus on devel-629

oping more robust techniques for filtering spurious630

user preferences and preventing models from inter-631

nalizing such biases.632

Selection bias. WILDFEEDBACK is constructed633

from conversations that contain feedback signals634

(§3.1). As shown in Table 6, users are twice as635

likely to provide textual feedback when they are636

dissatisfied with the model’s response. This intro-637

duces a selection bias, making it challenging to cap-638

ture conversations where users are satisfied with639

the model’s performance. Consequently, WILD-640

FEEDBACK may disproportionately reflect the pref-641

erences of users who express dissatisfaction, poten-642

tially representing only a minority of the overall643

user base. This skew could lead to an overempha-644

sis on negative feedback in model training. We645

recommend that future research explore methods646

to balance this bias by incorporating more diverse647

feedback, including that from users who are sat-648

isfied or neutral, to create a more representative649

dataset. Additionally, strategies to proactively seek650

out or simulate feedback from satisfied users could651

help mitigate this bias and improve model align-652

ment across a broader spectrum of user preferences.653
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A Prompts1346

A.1 Prompt for Feedback Signals1347

Identification1348

The following is the full prompt we used for dia-1349

logue state tracking and SAT/DSAT classification.1350

In addition, we also prompt GPT-4 to do domain1351

and intent classification. The prompt is adapted1352

from Das et al. (2023) and Lin et al. (2024b).1353

1354

## LABEL DEFINITION ##1355

{1356

"valid_preceding_topical_relation_labels":1357

[1358

{1359

"label": "YES",1360

"definition": "The current turn has **some1361

or any** topical/subtopical relation to1362

the preceding conversation context."1363

},1364

{1365

"label": "NO",1366

"definition": "The current turn has1367

**absolutely no** topical/subtopical1368

relation to the preceding conversation1369

context OR is the first turn in the1370

conversation, marking the beginning of a1371

new dialogue segment."1372

}1373

],1374

"valid_domain_labels": [1375

"AI MACHINE LEARNING AND DATA SCIENCE",1376

"ASTROLOGY",1377

"BIOLOGY AND LIFE SCIENCE",1378

"BUSINESS AND MARKETING",1379

"CAREER AND JOB APPLICATION", 1380

"CLOTHING AND FASHION", 1381

"COOKING FOOD AND DRINKS", 1382

"CRAFTS", 1383

"CULTURE AND HISTORY", 1384

"CYBERSECURITY", 1385

"DATING FRIENDSHIPS AND RELATIONSHIPS", 1386

"DESIGN", 1387

"EDUCATION", 1388

"ENTERTAINMENT", 1389

"ENVIRONMENT AGRICULTURE AND ENERGY", 1390

"FAMILY PARENTING AND WEDDINGS", 1391

"FINANCE AND ECONOMICS", 1392

"GAMES", 1393

"GEOGRAPHY AND GEOLOGY", 1394

"HEALTH AND MEDICINE", 1395

"HOUSING AND HOMES", 1396

"HUMOR AND SARCASM", 1397

"LANGUAGE", 1398

"LAW AND POLITICS", 1399

"LITERATURE AND POETRY", 1400

"MANUFACTURING AND MATERIALS", 1401

"MATH LOGIC AND STATISTICS", 1402

"MUSIC AND AUDIO", 1403

"NEWS", 1404

"PETS AND ANIMALS", 1405

"PHILOSOPHY", 1406

"PHYSICS CHEMISTRY AND ASTRONOMY", 1407

"PRODUCTIVITY", 1408

"PSYCHOLOGY AND EMOTIONS", 1409

"RELIGION AND MYTHOLOGY", 1410

"SHIPPING AND DELIVERY", 1411

"SHOPPING AND GIFTS", 1412

"SMALL TALK", 1413

"SOCIAL MEDIA", 1414

"SOFTWARE AND WEB DEVELOPMENT", 1415

"SPORTS AND FITNESS", 1416

"TAXATION", 1417

"TECHNOLOGY", 1418

"TIME AND DATES", 1419

"TRANSPORTATION AUTOMOTIVE AND 1420

AEROSPACE", 1421

"TRAVEL", 1422

"VISUAL ARTS AND PHOTOGRAPHY", 1423

"WEATHER", 1424

"WRITING JOURNALISM AND PUBLISHING", 1425

"OTHER" 1426

], 1427

"valid_intent_labels": [ 1428

{ 1429

"label": "INTENT:1-INFORMATION_SEEKING", 1430

"definition": "The user wants to find 1431
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factual information or answers to1432

specific questions."1433

},1434

{1435

"label": "INTENT:2-ANALYSIS",1436

"definition": "The user asks analytical1437

or conceptual questions about a1438

complex topic or problem. The user’s1439

questions require some degree of1440

reasoning, interpretation, argumentation,1441

comparison, and/or data processing."1442

},1443

{1444

"label": "INTENT:3-CREATION",1445

"definition": "The user asks the agent1446

to either generate original content1447

or translate existing content into new1448

content based on specified criteria or1449

constraints."1450

},1451

{1452

"label": "INTENT:4-OPEN-ENDED_DISCOVERY",1453

"definition": "The user wants to1454

casually chat or play with the1455

agent out of curiosity, boredom,1456

or humor, OR the user’s intent is1457

so unclear/underspecified that it’s1458

impossible to categorize in any of the1459

other intent classes. The user mainly1460

treats the agent as a conversation or1461

chitchat partner, and none of the other1462

intent categories can be assigned."1463

}1464

],1465

"valid_satisfaction_labels": [1466

{1467

"label": "Gratitude",1468

"definition": "The user thanks or1469

compliments the AI agent for its1470

responses"1471

},1472

{1473

"label": "Learning",1474

"definition": "The user learns something1475

new or useful by indicating curiosity1476

and satisfaction with the information1477

provided"1478

},1479

{1480

"label": "Compliance",1481

"definition": "The user follows the AI1482

agent’s suggestions or instructions when1483

applicable" 1484

}, 1485

{ 1486

"label": "Praise", 1487

"definition": "The user uses positive 1488

feedback words (e.g., excellent, amazing) 1489

or emojis, indicating enthusiasm and 1490

enjoyment of the conversation" 1491

}, 1492

{ 1493

"label": "Personal_Details", 1494

"definition": "The user shares more 1495

personal details or opinions with the AI 1496

agent when satisfied with its responses" 1497

}, 1498

{ 1499

"label": "Humor", 1500

"definition": "The user jokes with or 1501

challenges the AI agent in a friendly 1502

manner when suitable" 1503

}, 1504

{ 1505

"label": "Acknowledgment", 1506

"definition": "The user acknowledges or 1507

confirms that they understood or agreed 1508

with the AI agent’s explanations when 1509

relevant" 1510

}, 1511

{ 1512

"label": "Positive_Closure", 1513

"definition": "The user ends the 1514

conversation on a positive note 1515

without asking for more information 1516

or assistance" 1517

}, 1518

{ 1519

"label": "Getting_There", 1520

"definition": "The user acknowledges that 1521

the model’s response is getting better 1522

or has merit but is not fully satisfied. 1523

Appropriate dissatisfaction criteria 1524

may need to be checked as well when 1525

Getting_There presents" 1526

}, 1527

{ 1528

"label": "N/A", 1529

"definition": "The user utterance of the 1530

turn does NOT match the definition of 1531

any other valid satisfaction labels" 1532

} 1533

], 1534

"valid_dissatisfaction_labels": [ 1535
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{1536

"label": "Negative_Feedback",1537

"definition": "The user explicitly1538

expresses dissatisfaction, frustration,1539

annoyance, or anger with the AI agent’s1540

response or behavior"1541

},1542

{1543

"label": "Revision",1544

"definition": "The user explicitly asks1545

the AI agent to revise its previous1546

response or repeatedly asks similar1547

questions"1548

},1549

{1550

"label": "Factual_Error",1551

"definition": "The user points out the AI1552

agent’s factual mistakes, inaccuracies,1553

or self-contradiction in its information1554

or output"1555

},1556

{1557

"label": "Unrealistic_Expectation",1558

"definition": "The user has unrealistic1559

expectations of what the AI agent can do1560

and does not accept its limitations or1561

alternatives"1562

},1563

{1564

"label": "No_Engagement",1565

"definition": "The user does not respond1566

to the AI agent’s questions, suggestions,1567

feedback requests, etc."1568

},1569

{1570

"label": "Ignored",1571

"definition": "The user implies that1572

their query was ignored completely or1573

that the response did not address their1574

intent/goal at all"1575

},1576

{1577

"label": "Lower_Quality",1578

"definition": "The user perceives a1579

decline in quality of service compared1580

to previous experience with other1581

agents/tools, etc."1582

},1583

{1584

"label": "Insufficient_Detail",1585

"definition": "The user wants more1586

specific/useful information than what is1587

provided by the AI agent" 1588

}, 1589

{ 1590

"label": "Style", 1591

"definition": "The user feels that there 1592

is a mismatch between their preferred 1593

style (e.g. bullet point vs paragraph, 1594

formal vs casual, short vs long, etc.) 1595

and what is provided by the AI agent" 1596

}, 1597

{ 1598

"label": "N/A", 1599

"definition": "The user utterance of the 1600

turn does NOT match the definition of 1601

any other valid dissatisfaction labels" 1602

} 1603

], 1604

"valid_state_labels": [ 1605

{ 1606

"label": "FEEDBACK", 1607

"definition": "The user utterance of the 1608

turn contains a comment or evaluation or 1609

judgement of the previous turn’s agent 1610

response" 1611

}, 1612

{ 1613

"label": "REFINEMENT", 1614

"definition": "The user utterance of the 1615

turn is a repetition or refinement of 1616

unclear/underspecified instruction given 1617

in the previous turn’s user utterance" 1618

}, 1619

{ 1620

"label": "NEWTOPIC", 1621

"definition": "The user utterance of the 1622

turn is either the first turn of the 1623

conversation or is not related in terms 1624

of topic or task to its previous turn, 1625

introducing a new topic or task" 1626

}, 1627

{ 1628

"label": "CONTINUATION", 1629

"definition": "The user utterance of the 1630

turn is a topical or logical continuation 1631

of the previous turn" 1632

} 1633

] 1634

} 1635

1636

## TASK ## 1637

You are given a dialogue between a user and an 1638

agent comprised of turns starting with T. For each 1639
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turn, solely based on the turn’s User utterance, you1640

must carefully analyze the conversation and answer1641

the following questions by replacing $instruction$1642

with correct answers in JSON format. - Summarize1643

the user utterance in ≤ 3 sentences1644

- Analyze the user utterance’s relation with the pre-1645

vious turn and output an appropriate label from the1646

“valid_preceding_topical_relation_labels” list.1647

- Analyze the user utterance’s domain and output an1648

appropriate label from the “valid_domain_labels”1649

list. If preceding_topical_relation is YES, the do-1650

main label must be consistent with the preceding1651

turn’s domain label.1652

- Analyze the user utterance’s intent and output1653

an appropriate label from the "valid_intent_labels"1654

list.1655

- Analyze the user utterance’s satisfaction with1656

respect to the previous turn’s AI response1657

and output all applicable labels from the1658

“valid_satisfaction_labels” list.1659

- Analyze the user utterance’s dissatisfaction1660

with respect to the previous turn’s AI re-1661

sponse and output all applicable labels from the1662

“valid_dissatisfaction_labels” list.1663

- Analyze the user utterance’s state and output an1664

appropriate label from the “valid_state_labels” list.1665

## OUTPUT FORMAT ##1666

The length and turn order of the output list must1667

match the length and turn order of the input list.1668

The sample output format is given as follow: [ {1669

"T-$turn number$": {1670

"summary": "$turn summary in ≤ 31671

sentence$",1672

"preceding_topical_relation": "$an1673

appropriate valid preceding topical1674

relation label$",1675

"domain": "$an appropriate valid domain1676

label$",1677

"intent": "INTENT:$an appropriate valid1678

intent label$",1679

"satisfaction": [$a comma separated1680

string list of applicable valid1681

satisfaction label(s)$],1682

"dissatisfaction": [$a comma separated1683

string list of applicable valid1684

dissatisfaction label(s)$],1685

"state": "$an appropriate valid state1686

label$"1687

}1688

} ]1689

## INPUT ##1690

#D1#1691

1692

## OUTPUT ## 1693

1694

A.2 Prompt for Preference Pair Construction 1695

The following is the prompt for constructing 1696

preference data. 1697

1698

# Conversation between User and AI 1699

< |begin_of_history| > 1700

history 1701

< |end_of_history| > 1702

# Instruction 1703

What are the user’s query and preferences? The 1704

query should be the user’s first attempt before 1705

providing any feedbacks to the model. Only output 1706

the turn id. The preference should always be based 1707

on user’s feedbacks and in complete sentences. 1708

Generate your answer in json format like 1709

[ { 1710

"query": turn id, 1711

"preferences": [preference 1, preference 1712

2, ...] 1713

} ] 1714

A.3 Prompt for Checklist-guided Evaluation 1715

The following is the prompt for checklist-guided 1716

evaluation. We borrow the WB-Reward prompt 1717

from WILDBENCH (Lin et al., 2024a). 1718

1719

# Instruction 1720

You are an expert evaluator. Your task is to evaluate 1721

the quality of the responses generated by two AI 1722

models. We will provide you with the user query 1723

and a pair of AI-generated responses (Response A 1724

and B). You should first read the user query and 1725

the conversation history carefully for analyzing the 1726

task, and then evaluate the quality of the responses 1727

based on and rules provided below. 1728

# Conversation between User and AI 1729

## History 1730

< |begin_of_history| > 1731

{history} 1732

< |end_of_history| > 1733

## Current User Query 1734

< |begin_of_query| > 1735

{query} 1736

< |end_of_query| > 1737

## Response A 1738

< |begin_of_response_A| > 1739

{response_a} 1740

< |end_of_response_A| > 1741
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## Response B1742

< |begin_of_response_B| >1743

{response_b}1744

< |end_of_response_B| >1745

# Evaluation1746

## Checklist1747

< |begin_of_checklist| >1748

{checklist}1749

< |end_of_checklist| >1750

Please use this checklist to guide your evaluation,1751

but do not limit your assessment to the checklist.1752

## Rules1753

You should compare the above two responses1754

based on your analysis of the user queries and the1755

conversation history. You should first write down1756

your analysis and the checklist that you used for1757

the evaluation, and then provide your assessment1758

according to the checklist. There are five choices1759

to give your final assessment: [“A++”, “A+”,1760

“A=B”, “B+”, “B++”], which correspond to the1761

following meanings:1762

- ‘A++’: Response A is much better than Response1763

B.1764

- ‘A+’: Response A is only slightly better than1765

Response B.1766

- ‘A=B’: Response A and B are of the same quality.1767

Please use this choice sparingly.1768

- ‘B+’: Response B is only slightly better than1769

Response A.1770

- ‘B++’: Response B is much better than Response1771

A.1772

## Output Format1773

First, please output your analysis for each model1774

response, and then summarize your assessment1775

to three aspects: “reason A=B”, “reason A >1776

B”, and “reason B > A”, and finally make your1777

choice for the final assessment. Please provide1778

your evaluation results in the following json format1779

by filling in the placeholders in []:1780

{1781

"analysis of A": "[analysis of Response1782

A]",1783

"analysis of B": "[analysis of Response1784

B]",1785

"reason of A=B": "[where Response A and1786

B perform equally well]",1787

"reason of A>B": "[where Response A is1788

better than Response B]",1789

"reason of B>A": "[where Response B is1790

better than Response A]",1791

"choice": "[A++ or A+ or A=B or B+ or1792

B++]"1793

} 1794

A.4 Prompt for Dataset Evaluation 1795

The following is the prompt for constructing the 1796

on-policy version of the ULTRAFEEDBACK dataset. 1797

The prompt is adapted from the WB-Reward 1798

prompt (Lin et al., 2024a). 1799

1800

# Instruction 1801

You are an expert evaluator. Your task is to evaluate 1802

the quality of the responses generated by two AI 1803

models. We will provide you with the user query 1804

and a set of AI-generated responses (Response A, 1805

Response B, Response C, Response D, Response 1806

E). You should first read the user query and the 1807

conversation history carefully for analyzing the 1808

task, and then evaluate the quality of the responses 1809

based on the rules provided below. 1810

# Conversation between User and AI 1811

## History 1812

< |begin_of_history| > 1813

{history} 1814

< |end_of_history| > 1815

## Current User Query 1816

< |begin_of_query| > 1817

{query} 1818

< |end_of_query| > 1819

## Response A 1820

< |begin_of_response_A| > 1821

{response_a} 1822

< |end_of_response_A| > 1823

## Response B 1824

< |begin_of_response_B| > 1825

{response_b} 1826

< |end_of_response_B| > 1827

## Response C 1828

< |begin_of_response_C| > 1829

{response_c} 1830

< |end_of_response_C| > 1831

## Response D 1832

< |begin_of_response_D| > 1833

{response_d} 1834

< |end_of_response_D| > 1835

## Response E 1836

< |begin_of_response_E| > 1837

{response_e} 1838

< |end_of_response_E| > 1839

# Evaluation 1840

## Checklist 1841

< |begin_of_checklist| > 1842

{checklist} 1843

< |end_of_checklist| > 1844
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Please use this checklist to guide your evaluation,1845

but do not limit your assessment to the checklist.1846

## Rules1847

You should compare the above five responses1848

based on your analysis of the user queries and the1849

conversation history. You should first write down1850

your analysis and the checklist that you used for1851

the evaluation, and then provide your assessment1852

according to the checklist.1853

There are six choices to give your final assessment:1854

[“A”, “B”, “C”, “D”, “E”, “A=B=C=D=E”], which1855

correspond to the following meanings:1856

- ‘A’: Response A is much better than the other1857

responses.1858

- ‘B’: Response B is much better than the other1859

responses.1860

- ‘C’: Response C is much better than the other1861

responses.1862

- ‘D’: Response D is much better than the other1863

responses.1864

- ‘E’: Response E is much better than the other1865

responses.1866

- ‘A=B=C=D=E’: Response A, B, C, D, E are of1867

the same quality. No response particularly stood1868

out. Please use this choice sparingly.1869

## Output Format1870

First, please output your analysis for each model1871

response, and then summarize your assessment1872

to “comparison of A, B, C, D, E”, and finally1873

make your choice for the final assessment. Please1874

provide your evaluation results in the following1875

json format by filling in the placeholders in []:1876

{1877

"analysis of A": "[analysis of Response1878

A]",1879

"analysis of B": "[analysis of Response1880

B]",1881

"analysis of C": "[analysis of Response1882

C]",1883

"analysis of D": "[analysis of Response1884

D]",1885

"analysis of E": "[analysis of Response1886

E]",1887

"comparison of A, B, C, D, E": "[where1888

Response A, B, C, D, E perform equally1889

well]",1890

"choice": "[A or B or C or D or E or1891

A=B=C=D=E]"1892

}1893

B SAT and DSAT 1894

B.1 Detailed SAT and DSAT Criteria 1895

The detailed definitions of SAT and DSAT can be 1896

found in Table 4 and Table 5. 1897

B.2 SAT and DSAT Annotation 1898

We randomly sampled 50 multi-turn conversations, 1899

totaling over 500 utterances, and assigned 4 expert 1900

annotators to perform the same classification task. 1901

Each conversation was annotated by at least 2 an- 1902

notators, resulting in a final Cohen’s Kappa agree- 1903

ment of κ = 0.70 for SAT and κ = 0.54 for DSAT. 1904

For human annotation, we utilized a web-based an- 1905

notation tool named Potato (Pei et al., 2022). The 1906

interface is shown in Figure 4. After completing the 1907

annotations, the annotators reviewed and discussed 1908

any disagreements, resolving conflicts to establish 1909

a ground truth test set of 50 conversations. GPT-4’s 1910

performances on SAT and DSAT classification can 1911

be found in table 6. GPT-4 demonstrates strong per- 1912

formance in classifying SAT (satisfaction) signals, 1913

with high accuracy at 91.7% and balanced preci- 1914

sion and recall, both around 73%. The Cohen’s 1915

Kappa of 68.5% reflects substantial agreement with 1916

human annotators. For DSAT (dissatisfaction) sig- 1917

nals, GPT-4 achieves a precision of 83.3%, with a 1918

recall of 48.4%, leading to an F1 score of 61.2% 1919

and a Cohen’s Kappa of 50.4%. These metrics in- 1920

dicate that GPT-4 is effective at recognizing both 1921

SAT and DSAT signals. 1922

C GPT-4’s Performance on 1923

Checklist-guided Evaluation 1924

We randomly selected 200 multi-turn conversa- 1925

tions, and assigned 6 expert annotators to perform 1926

checklist-guided evaluation. Each conversation is 1927

annotated by at least 2 annotators, resulting in a 1928

final Cohen’s Kappa agreement of κ = 43.6. Af- 1929

ter completing the annotations, the annotators re- 1930

viewed and discussed any disagreements, resolving 1931

conflicts to establish a ground truth test set. For 1932

human annotation, we utilized a web-based annota- 1933

tion tool named Potato (Pei et al., 2022). The inter- 1934

face is shown in Figure 5. GPT-4’s performances 1935

on checklist-guided evaluation can be found in Ta- 1936

ble 7. Our findings indicate that GPT-4’s ability to 1937

perform checklist-guided evaluation has a relatively 1938

high agreement with human annotators, achieving 1939

a Cohen’s Kappa of κ = 37.2. GPT-4 performs 1940

relatively on par with humans on checklist-guided 1941

evaluation. 1942
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Keyword Definition

Gratitude The user thanks or compliments the AI agent for its responses.

Learning The user learns something new or useful by indicating curiosity and satisfaction
with the information provided.

Compliance The user follows the AI agent’s suggestions or instructions when applicable.

Praise The user uses positive feedback words (e.g., excellent, amazing) or emojis,
indicating enthusiasm and enjoyment of the conversation.

Personal Details The user shares more personal details or opinions with the AI agent when
satisfied with its responses.

Humor The user jokes with or challenges the AI agent in a friendly manner when
suitable.

Acknowledgment The user acknowledges or confirms that they understood or agreed with the AI
agent’s explanations when relevant.

Positive Closure The user ends the conversation on a positive note without asking for more
information or assistance.

Getting There The user acknowledges that the model’s response is getting better or has merit
but is not fully satisfied.

Table 4: Detailed definitions of the SAT Rubrics.

D Implementation Details1943

We found that hyperparameter tuning is crucial1944

for achieving optimal performance in preference1945

optimization. Generally, on-policy data requires1946

a lower learning rate than GPT-4o data, and in-1947

struct models need a lower learning rate than base1948

models. Specifically, Mistral and Gemma (Team1949

et al., 2024) require a lower learning rate than Phi 3,1950

LLaMA 3 and Qwen 2. Initially, we followed the1951

Zephyr setup (Tunstall et al., 2023), which employs1952

a learning rate of 2e-5 for supervised fine-tuning1953

(SFT). However, we found that our models quickly1954

collapsed, failing to generate sensible outputs after1955

just a few dozen iterations. After conducting a grid1956

search on the hyperparameters for both SFT and1957

DPO training, we discovered that while it is accept-1958

able to use a larger learning rate for training base1959

models, a much smaller learning rate is required for1960

instruct models, likely due to the various annealing1961

techniques applied during the post-training process1962

(Parmar et al., 2024). We also explored NLL regu-1963

larization (Liu et al., 2024a) with a regularization1964

strength of 0.2, but the results are not ideal, and1965

therefore, we did not include NLL regularization1966

in the final set up. We trained all the models using1967

LLaMA Factory (Zheng et al., 2024), a unified effi-1968

cient LLM finetuning framework. LLaMA Factory1969

is licensed under the Apache-2.0 License. The fol- 1970

lowing is the hyperparameters we used in our final 1971

experiment. 1972

SFT Training. For SFT training, we trained all 1973

the models for 1 epoch with a batch size of 128, a 1974

learning rate of 5e-6, a linear warm-up ratio of 0.1, 1975

and a cosine learning rate scheduler. Additionally, 1976

it is recommended to use a higher learning rate 1977

(e.g., 2e-5) if you are fine-tuning from the base 1978

models. It takes about 8 A100 GPU hours to finish. 1979

DPO Training. For DPO training, we trained all 1980

the models for 1 epoch with a batch size of 32, 1981

a learning rate of 5e-7, and β = 0.1. All other 1982

hyperparameters remained the same as in the SFT 1983

training. It takes about 24 A100 GPU hours to 1984

finish. 1985

E WildChat Dataset 1986

The WildChat Dataset is a corpus of 1 million real- 1987

world user-ChatGPT interactions, covering a wide 1988

range of languages and user prompts. Most of the 1989

conversations are single-turn. It was constructed 1990

by offering free access to ChatGPT and GPT-4 in 1991

exchange for consensual chat history collection 1992

and is licensed under the Open Data Commons 1993

Attribution License (ODC-By) v1.0. To protect 1994
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Keyword Definition

Negative Feedback The user explicitly expresses dissatisfaction, frustration, annoyance, or
anger with the AI agent’s response or behavior.

Revision The user explicitly asks the AI agent to revise its previous response or
repeatedly asks similar questions.

Factual Error The user points out the AI agent’s factual mistakes, inaccuracies, or
self-contradiction in its information or output.

Unrealistic Expectation The user has unrealistic expectations of what the AI agent can do and
does not accept its limitations or alternatives.

No Engagement The user does not respond to the AI agent’s questions, suggestions,
feedback requests, etc.

Ignored The user implies that their query was ignored completely or that the
response did not address their intent/goal at all.

Lower Quality The user perceives a decline in quality of service compared to previous
experience with other agents/tools, etc.

Insufficient Detail The user wants more specific/useful information than what is provided
by the AI agent.

Style The user feels that there is a mismatch between their preferred style and
what is provided by the AI agent.

Table 5: Detailed definitions of the DSAT Rubrics.

Accuracy Precision Recall F1 GPT-Human κ Human-Human κ

SAT 91.7 73.2 73.6 73.4 68.5 70.0
DSAT 81.8 83.3 48.4 61.2 50.4 54.1

Table 6: Agreement on SAT and DSAT Classification. All numbers are in %.

personally identifiable information (PII), WildChat1995

employed Microsoft’s Presidio4 as the framework,1996

SpaCy5 for Named Entity Recognition, and cus-1997

tom rules to remove PII—including names, phone1998

numbers, emails, credit cards, and URLs—across1999

multiple languages such as English, Chinese, Rus-2000

sian, French, Spanish, German, Portuguese, Italian,2001

Japanese, and Korean. Additionally, WildChat uti-2002

lized GeoLite26 to map IP addresses to countries2003

and states before hashing them for privacy. While2004

WildChat releases only hashed IP addresses and2005

request headers (including browser details and ac-2006

cepted languages), these identifiers could allow2007

researchers to infer connections between conversa-2008

tions from the same user, though no direct linkage2009

is provided in the dataset.2010

4https://microsoft.github.io/presidio/
5https://spacy.io/
6https://dev.maxmind.com/geoip/

geolite2-free-geolocation-data
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Figure 4: The interface used for annotating SAT and DSAT signals.

GPT-Human κ Human-Human κ GPT-Human Agreement Human-Human Agreement

37.2 43.6 57.14 63.27

Table 7: Agreement on checklist-guided Evaluation. All numbers are in %.
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Figure 5: The interface used for annotating checklist-guided evaluation.
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