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Abstract001

Evaluating the quality of multi-turn conversa-002
tions is crucial for developing capable Large003
Language Models (LLMs), yet remains a sig-004
nificant challenge, often requiring costly hu-005
man evaluation. Multi-turn reward models006
(RMs) offer a scalable alternative and can pro-007
vide valuable signals for guiding LLM train-008
ing. While recent work has advanced multi-turn009
training techniques, effective automated eval-010
uation specifically for multi-turn interactions011
lags behind. We observe that standard prefer-012
ence datasets, typically contrasting responses013
based only on the final conversational turn, pro-014
vide insufficient signal to capture the nuances015
of multi-turn interactions. Instead, we find that016
incorporating contrasts spanning multiple turns017
is critical for building robust multi-turn RMs.018
Motivated by this finding, we propose MUlti-019
Step Instruction Contrast (MUSIC), an unsu-020
pervised data augmentation strategy that syn-021
thesizes contrastive conversation pairs exhibit-022
ing differences across multiple turns. Leverag-023
ing MUSIC on the Skywork preference dataset,024
we train a multi-turn RM based on the Gemma-025
2-9B-Instruct model. Empirical results demon-026
strate that our MUSIC-augmented RM outper-027
forms baseline methods, achieving higher align-028
ment with judgments from advanced propri-029
etary LLM judges on multi-turn conversations,030
crucially, without compromising performance031
on standard single-turn RM benchmarks.032

1 Introduction033

The ability of Large Language Models (LLMs) to034

engage in coherent, multi-turn conversations is a035

hallmark of advanced AI systems (Turing, 1950).036

While recent LLMs demonstrate remarkable pro-037

ficiency in single-turn instruction following and038

short dialogues (Ouyang et al., 2022; Adler et al.,039

2024; Team et al., 2023), extending this capabil-040

ity to complex, long-horizon interactions remains041

a critical frontier (Zheng et al., 2023; Abdulhai042

et al., 2023; He et al., 2024; Deshpande et al.,043
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Figure 1: Overview of the MUSIC data augmentation
procedure. Given seed contexts from existing datasets,
we generate multi-turn rollouts where LLM simulators
generate contrastive pairs, and use a contrastive instruc-
tion prompt to induce quality degradation in the rejected
branch. The augmented preference pairs are used to
train a multi-turn reward model along with the original
dataset. Black arrows represent ephemeral changes that
are provided to the assistant once, but not persisted. For
each augmented pair, the chosen example consists of
turns with blue borders, while the rejected example con-
sists of turns with red borders.

2025). Significant effort has focused on developing 044

Reinforcement Learning from Human Feedback 045

(RLHF) techniques tailored for multi-turn dynam- 046

ics (Zhou et al., 2024; Gao et al., 2024; Shi et al., 047

2024; Shani et al., 2024; He et al., 2025; Abdul- 048

hai et al., 2025; Jiang et al., 2025), aiming to im- 049

prove conversational performance beyond standard 050

single-turn RLHF methods. 051

Despite advances in multi-turn training, robust 052

automated evaluation of these interactions is a per- 053

sistent challenge. High-quality, model-based eval- 054

uators, or specifically reward models (RMs), are 055

crucial, serving not only as direct performance met- 056

rics but also providing signals during training and 057

inference (Lambert et al., 2024; Malik et al., 2025). 058

However, evaluating multi-turn conversations is 059

fundamentally more complex than single-turn as- 060

sessment. It requires judging not only the response 061

quality at each turn but also inter-turn properties 062

like coherence, consistency, and effective use of 063

conversational history (Deshpande et al., 2025; He 064

et al., 2024). Therefore, training powerful multi- 065

turn RMs typically necessitates large volumes of 066

1



high-quality preference data reflecting these nu-067

ances (Wang et al., 2024b,c; Liu et al., 2024).068

Acquiring such data via human annotation is069

prohibitively expensive. Comparing two lengthy070

conversations, potentially differing subtly across071

multiple turns, is significantly more demanding and072

time-consuming than annotating single-turn prefer-073

ences (Deshpande et al., 2025). As a result, widely074

used preference datasets (Bai et al., 2022; Gan-075

guli et al., 2022; Ethayarajh et al., 2022; Cui et al.,076

2023; Liu et al., 2024) often contain predominantly077

single-turn pairs or multi-turn pairs where the dif-078

ference is confined to the final turn. While practical079

for efficient data collection, this data characteristic080

may limit the ability of RMs trained on them to cap-081

ture holistic conversational quality. This motivates082

our central research question:083

Can we develop a scalable approach to synthesize084

contrastive data spanning multiple turns to train085

more effective multi-turn RMs?086

To address this data gap, we propose MUlti-087

Step Instruction Contrast (MUSIC), an unsuper-088

vised data augmentation strategy designed to gen-089

erate contrastive conversation pairs with meaning-090

ful quality differences distributed across multiple091

turns, without human annotation. By introducing092

controlled variations of instructions during the gen-093

eration process, one conversation in the pair is094

constructed to be qualitatively better (e.g., more095

consistent, exhibiting better instruction following)096

than the other across multiple turns. This creates097

contrastive data specifically highlighting multi-turn098

phenomena where the quality distinction is woven099

throughout the conversation. MUSIC can be read-100

ily applied to augment existing preference datasets,101

enriching them with multi-turn contrast signals.102

We demonstrate the efficacy of MUSIC by apply-103

ing it to the Skywork preference dataset (Liu et al.,104

2024) and fine-tuning a Gemma-2-9B-Instruct105

model on this augmented data. Our experiments106

show that the resulting MUSIC-augmented RM107

maintains strong performance on standard single-108

turn benchmarks like RewardBench (Lambert et al.,109

2024). More importantly, compared to baseline110

models trained without MUSIC, our RM exhibits111

higher agreement with judgments from the ad-112

vanced Gemini 1.5 Pro model when assessing the113

quality of multi-turn conversations.114

Our contributions are threefold:115

1. We identify a critical limitation in standard116

preference datasets for training multi-turn117

RMs: the predominant focus on final-turn con- 118

trasts, which hinders the learning of holistic 119

conversational quality assessment. 120

2. We propose MUSIC, a scalable, unsupervised 121

method to synthesize contrastive conversa- 122

tion pairs with meaningful quality differences 123

spanning multiple turns, directly addressing 124

the identified data gap. 125

3. We demonstrate empirically that RMs trained 126

with MUSIC achieve improved alignment 127

with advanced LLM judges on multi-turn 128

tasks, without sacrificing performance on 129

single-turn benchmarks, validating the effec- 130

tiveness of our approach. 131

2 Related Work 132

Due to space constraints, we provide a brief 133

overview of related work here and defer to Ap- 134

pendix A for a more comprehensive discussion. 135

Reward Modeling in Multi-Turn Contexts. 136

Aligning LLMs typically relies on reward mod- 137

els (RMs) to guide policy optimization (Ouyang 138

et al., 2022; Bai et al., 2022). Recent literature dis- 139

tinguishes between Outcome RMs (ORMs), which 140

score entire generations (Liu et al., 2024; Wang 141

et al., 2024c), and Process RMs (PRMs), which 142

evaluate intermediate steps (Lightman et al., 2023; 143

Wang et al., 2023a). While PRMs offer dense 144

supervision, they require expensive fine-grained 145

annotations. In multi-turn dialogue, where long- 146

term credit assignment is challenging (Abdulhai 147

et al., 2023), standard ORMs trained on preference 148

data where contrasts are localized often struggle to 149

capture implicit quality signals like coherence and 150

consistency. Unlike PRMs or existing multi-turn 151

benchmarks that rely on static rubrics (He et al., 152

2024, 2025), MUSIC enhances standard ORMs 153

by synthesizing preference pairs with distributed 154

quality differences. This allows the RM to learn 155

holistic multi-turn properties, providing robust sig- 156

nals necessary for advanced multi-turn RL algo- 157

rithms (Zhou et al., 2024; Jiang et al., 2025). 158

Synthetic Data for Alignment. The scarcity of 159

high-quality human data has driven the use of 160

LLMs to generate synthetic data for supervised fine- 161

tuning and feedback (Wang et al., 2023b; Dubois 162

et al., 2023; Chen et al., 2024). While recent 163

works extend this paradigm to multi-turn conver- 164

sations (Wu et al., 2025a; Yin et al., 2025a), they 165
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Figure 2: Winrates comparing conversations generated via Best-of-N (N ∈ {2, 4, 8}) guided by the MUSIC-
Augmented RM versus the Baseline (non-augmented) RM, evaluated by Gemini 1.5 Pro on subsets of Anthropic
HH and UltraInteract. Comparisons against greedy decoding are also shown.

primarily focus on generating data for policy train-166

ing (SFT or RL). MUSIC distinguishes itself by167

targeting the reward modeling stage: it automates168

the creation of contrastive preference pairs via169

controlled noise injection. This acts as a targeted170

data augmentation technique, enabling RMs to bet-171

ter discriminate between coherent and incoherent172

multi-turn trajectories.173

3 Method174

We introduce MUlti-Step Instruction Contrast175

(MUSIC), a scalable, unsupervised method for176

synthesizing contrastive conversation pairs that ex-177

hibit meaningful quality differences across multiple178

turns. This synthesized data is designed to augment179

existing preference datasets, enabling the training180

of more effective multi-turn RMs. The core process181

involves three stages:182

Initialization: We sample conversational pre-183

fixes (seed contexts) from an existing multi-turn184

dataset to initiate the augmentation process.185

Multi-turn Rollouts with MUSIC: Starting186

from each seed context, we employ LLM-based187

user and assistant simulators to generate paired188

conversations. Crucially, at each turn, a contrastive189

instruction prompt guides the assistant simulator to190

produce a lower-quality response for one conversa-191

tion in the pair.192

Multi-turn RM Training: The conversation193

pairs generated by MUSIC are combined with the194

original preference data. A multi-turn RM is then195

trained on this augmented dataset using standard196

preference learning techniques.197

Due to space limits, we defer a detailed descrip-198

tion of our method to Appendix B.199

4 Experiments 200

Our experiments are designed to investigate the 201

efficacy of MUSIC by addressing the following 202

research questions: (a) Does MUSIC improve the 203

effectiveness of RMs for assessing multi-turn con- 204

versations? (b) Does augmenting training data with 205

MUSIC negatively impact the RM’s performance 206

on standard single-turn RM benchmarks? 207

To answer (a), we evaluate the performance of 208

a MUSIC-augmented RM against a baseline RM 209

(trained without MUSIC) in a multi-turn Best-of- 210

N (BoN) inference task. This task requires the 211

RM to iteratively select the best response from N 212

candidates generated by an assistant LLM at each 213

turn of a conversation. The quality of the resulting 214

multi-turn conversations serves as a proxy for the 215

RM’s effectiveness. To answer (b), we evaluate 216

both RMs on RewardBench (Lambert et al., 2024), 217

a standard benchmark primarily focused on single- 218

turn evaluation capabilities. 219

4.1 Experimental Setup 220

We introduce our experimental setup as follows, 221

and defer additional details to Appendix C. 222

Data. We train RMs on Skywork-Reward- 223

Preference-80K-v0.2 (Dorka, 2024; Shiwen et al., 224

2024; Liu et al., 2024), which is dominated by 225

single-turn pairs and multi-turn pairs differing only 226

in the final turn, making it well-suited for MUSIC 227

augmentation. We filter to dialogues with≤ 5 turns 228

and remove samples exceeding 2048 tokens. MU- 229

SIC uses Gemini 1.5 Pro to simulate user/assistant 230

rollouts with T=5. The resulting training data con- 231

tains ∼73K original preference pairs and ∼31K 232

MUSIC pairs. 233
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Table 1: RewardBench accuracy (%) results. We compare the RM trained on the original Skywork dataset and the
RM trained on the MUSIC-augmented dataset. Both use Gemma-2-9B-Instruct as the base model.

Model Overall Chat Chat Hard Safety Reasoning

Gemma-2-9B-Instruct w/ Skywork 85.7 91.9 83.8 88.4 78.6
Gemma-2-9B-Instruct w/ Skywork + MUSIC 87.2 91.6 85.1 89.7 82.5

Models and training. We fine-tune Gemma-2-234

9B-Instruct (Team et al., 2024) with a scalar re-235

ward head, training (i) a baseline RM on D and236

(ii) a MUSIC-augmented RM on Daug. Both use237

Bradley–Terry loss with AdamW (Loshchilov and238

Hutter, 2017) optimizer.239

Evaluation. We evaluate multi-turn Best-of-N240

inference, where at each of H=3 turns the assis-241

tant samples N ∈ {2, 4, 8} candidates and the242

RM selects the continuation, and the final con-243

versations are judged by Gemini 1.5 Pro. We244

also report single-turn performance on Reward-245

Bench (Lambert et al., 2024) using the standard246

pairwise-accuracy protocol.247

4.2 Results on Multi-Turn Best-of-N Inference248

Figure 2 presents the winrates from the multi-turn249

BoN evaluation. We compare conversations gener-250

ated using BoN guided by the MUSIC-Augmented251

RM against those guided by the Baseline RM, as252

judged by Gemini 1.5 Pro. For reference, we also253

include comparisons against greedy decoding from254

the assistant LLM.255

Across both the Anthropic HH and UltraInter-256

act initial prompts, the results consistently demon-257

strate that conversations guided by the MUSIC-258

Augmented RM are preferred over those guided by259

the Baseline RM. Furthermore, the performance260

gap generally widens as N increases, indicating261

that the MUSIC-Augmented RM effectively lever-262

ages the stronger candidate pool provided by larger263

N . Both BoN methods outperform the greedy base-264

line substantially. This provides strong evidence265

for research question (a): MUSIC successfully en-266

hances the RM’s ability to identify and promote267

higher-quality multi-turn interactions, leading268

to demonstrably better conversational outputs as269

judged by an advanced LLM.270

4.3 Results on RewardBench271

Table 1 shows the performance of the Baseline and272

MUSIC-Augmented RMs on RewardBench. Ad-273

dressing research question (b), we observe that aug-274

menting the training data with MUSIC does not275

sacrifice single-turn evaluation performance. In 276

fact, the MUSIC-Augmented RM achieves slightly 277

better or comparable accuracy across the Chat, 278

Chat Hard, and Safety categories. 279

Surprisingly, we observe a notable improvement 280

(+3.9%) in the Reasoning category for the MUSIC- 281

Augmented RM. While MUSIC synthesizes multi- 282

turn conversational data and is not explicitly de- 283

signed for single-turn reasoning tasks, this sug- 284

gests a potential positive transfer. We hypothe- 285

size that exposure to coherent, logically structured 286

multi-turn dialogues during training may implic- 287

itly enhance the RM’s ability to assess reasoning 288

steps, even when presented in single turns. Over- 289

all, these results indicate that MUSIC not only 290

improves multi-turn evaluation capabilities but 291

does so without compromising, and potentially 292

even slightly enhancing, performance on stan- 293

dard single-turn benchmarks. 294

5 Conclusion 295

In this work, we addressed the challenge of evaluat- 296

ing multi-turn conversations by introducing MUlti- 297

Step Instruction Contrast (MUSIC), a scalable, un- 298

supervised data augmentation technique. MUSIC 299

synthesizes contrastive conversation pairs where 300

quality differences are intentionally distributed 301

across multiple turns, enriching standard prefer- 302

ence datasets that often focus on final-turn con- 303

trasts. We demonstrated that training a multi-turn 304

RM on a MUSIC-augmented dataset leads to im- 305

proved performance in guiding multi-turn interac- 306

tions, as measured by alignment with judgments 307

from an advanced LLM judge in a Best-of-N set- 308

ting. Crucially, these gains in multi-turn evalu- 309

ation capability were achieved without compro- 310

mising, and potentially even slightly enhancing, 311

performance on standard single-turn benchmarks 312

like RewardBench. Our results validate MUSIC as 313

an effective strategy for training more robust multi- 314

turn RMs, mitigating the need for expensive human 315

annotation of complex conversational preferences. 316
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Limitations317

While promising, our work has several limitations318

that suggest avenues for future research.319

Reliance on LLM Simulators and Judges:320

Both the MUSIC data generation process (using321

Mu and Ma) and the primary multi-turn evaluation322

(BoN judged by Gemini 1.5 Pro) rely heavily on323

LLMs. While practical and scalable, these models324

may introduce their own biases or fail to capture325

the full spectrum of human conversational nuances326

and preferences. Future work could explore in-327

corporating real human interactions or judgments,328

potentially through targeted human-in-the-loop re-329

finement or evaluation on human-annotated multi-330

turn benchmarks, to further validate and potentially331

improve the approach.332

Conversation Length and Model Scale: Our333

experiments were constrained by computational re-334

sources and model context windows, limiting MU-335

SIC rollouts to T = 5 turns and BoN evaluation336

to H = 3 turns. The effectiveness of MUSIC for337

significantly longer conversations remains to be ex-338

plored. Scaling the approach to larger base models339

with longer context windows is a natural next step,340

potentially unlocking benefits for evaluating more341

complex, extended dialogues.342

Addressing these limitations represents promis-343

ing directions for advancing automated evaluation344

of complex, multi-turn LLM interactions.345
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A Related Work 625

Preference Learning and Reward Modeling. 626

Aligning LLMs with human values has evolved 627

significantly since the foundational frameworks of 628

Reinforcement Learning from Human Feedback 629

(RLHF) were established (Christiano et al., 2017; 630

Ziegler et al., 2019). The standard pipeline relies on 631

learning a reward model (RM) from human prefer- 632

ences to guide policy optimization (Ouyang et al., 633

2022; Bai et al., 2022). While alternatives like 634

Direct Preference Optimization (DPO) (Rafailov 635

et al., 2023) bypass explicit reward modeling, 636

RMs remain essential for scalable oversight, rejec- 637

tion sampling, and guiding search (Lambert et al., 638

2024), especially in domains without verifiable re- 639

wards. Recent literature on RMs has bifurcated 640

into two distinct streams: 641
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• Outcome Reward Models (ORMs): These642

models typically assign a single scalar score643

to an entire LLM generation (e.g., a full re-644

sponse or conversational turn) based on its645

overall quality (Liu et al., 2024; Wang et al.,646

2024c; Cobbe et al., 2021; Wang et al., 2024a).647

They are widely used for general instruction648

following, dialogue, and reasoning tasks.649

• Process Reward Models (PRMs): These pro-650

vide denser supervision by evaluating interme-651

diate steps within a generation process, such652

as individual reasoning steps in mathematical653

proofs or lines of code (Uesato et al., 2022;654

Lightman et al., 2023; Wang et al., 2023a),655

and recently extending to more general do-656

mains (Zeng et al., 2025; Yin et al., 2025b).657

However, PRMs require more fine-grained an-658

notations and thus are more expensive to train659

compared to ORMs.660

Our work focuses on enhancing ORMs for open-661

ended multi-turn conversations, where "steps" are662

conversational turns and the quality signal is often663

implicit and distributed rather than discrete and ver-664

ifiable. While standard ORM training often relies665

on preference data where contrasts are localized666

(e.g., single-turn differences or final-turn edits in di-667

alogues), MUSIC acts as a data augmentation tech-668

nique. It synthesizes preference pairs where the669

quality difference is intentionally distributed across670

multiple turns. By training standard ORM archi-671

tectures on MUSIC-augmented data, we aim to672

improve their ability to capture holistic multi-turn673

properties like coherence and consistency, which674

are often underspecified by conventional prefer-675

ence datasets and distinct from the step-level focus676

of PRMs.677

Multi-Turn Alignment. Extending alignment to678

multi-turn interactions introduces significant com-679

plexity due to long-term credit assignment chal-680

lenges (Abdulhai et al., 2023). Early dialogue sys-681

tems often use handcrafted reward functions based682

on heuristics (Li et al., 2016) for RL on small-683

scale models, while more recent approaches inves-684

tigate RL techniques on LLM tailored for multi-685

turn alignment, including but not limited to hierar-686

chical RL (Zhou et al., 2024), value-based Jiang687

et al. (2025) and self-play or multi-agent Shani et al.688

(2024); Wu et al. (2025b) methods. However, these689

advanced policy optimization methods depend crit-690

ically on robust reward signals. While existing691

multi-turn benchmarks (He et al., 2024; Deshpande 692

et al., 2025; He et al., 2025) leverage human annota- 693

tions or rubric-based methods for evaluation, such 694

efforts are often costly and not scalable for train- 695

ing. Our work complements this line of work by 696

enhancing the underlying reward models through 697

MUSIC, thereby improving the overall multi-turn 698

alignment process. 699

Synthetic Data for Alignment. The scarcity of 700

high-quality human annotations has driven a shift 701

toward synthetic data generation. Recent work 702

demonstrates that LLMs could generate their own 703

fine-tuning data (Wang et al., 2023b; Dubois et al., 704

2023) and provide feedback signals for improve- 705

ment (Chen et al., 2024; Yuan et al., 2024b). This 706

paradigm is also used to generate multi-turn conver- 707

sations for LLM training more recently (Wu et al., 708

2025a; Yin et al., 2025a). Unlike these methods, 709

which primarily focus on generating data for SFT 710

or RL, MUSIC focuses specifically on synthesiz- 711

ing contrastive preference pairs to train a multi- 712

turn RM. We automate the creation of chosen and 713

rejected trajectories by injecting controlled noise, 714

thereby providing the necessary discriminative sig- 715

nals. 716

B Algorithm Details 717

In this section, we first review the preliminaries for 718

training model-based RMs, and then describe each 719

stage of our pipeline in detail. 720

B.1 Preliminaries 721

We focus on ORMs, where the model Rθ maps a 722

conversation (or parts thereof) to a scalar score (Liu 723

et al., 2024; Wang et al., 2024c). Training typically 724

involves maximizing the log-likelihood of observ- 725

ing human preferences under the Bradley-Terry 726

(BT) model (Bradley and Terry, 1952): 727

L(θ,D) =ECchosen,Crejected∼D (1) 728

log σ
(
Rθ(Cchosen)−Rθ(Crejected)

)
729

where D is a preference dataset of conversation 730

pairs (Cchosen, Crejected), and σ is the sigmoid func- 731

tion, respectively. In practice, Rθ is often imple- 732

mented by fine-tuning a pre-trained or instruction- 733

tuned LLM, adding a linear layer to map a repre- 734

sentation (e.g., the last-layer hidden state of the 735

final token) to the scalar reward score. 736

8



B.2 Initialization737

We assume access to an existing multi-turn pref-738

erence dataset D = {(C(i)
chosen, C

(i)
rejected)}Ni=1. As739

noted earlier, such datasets (Bai et al., 2022; Gan-740

guli et al., 2022; Liu et al., 2024) often contain741

pairs differing only in the final turn, providing lim-742

ited signal for multi-turn phenomena. However, the743

initial turns often represent valid, human-generated744

conversational trajectories. We leverage this by745

sampling seed contexts from D. Specifically, for746

conversation C(i) in the dataset of H turns, we747

sample a turn index h ∼ U(1, H) uniformly at ran-748

dom and extract the first h turns as the seed context749

Cprefix = C
(i)
1:h. This approach balances the reuse of750

high-quality human-curated conversational prefixes751

with the generation of novel multi-turn contrasts752

via MUSIC.753

B.3 Multi-turn Rollouts with MUSIC754

Given a set of seed contexts, we apply the MUSIC755

algorithm (Algorithm 1) to generate contrastive756

conversation pairs DMUSIC. This process simulates757

multi-turn interactions using LLMs as proxies for758

both the user (Mu) and the assistant (Ma), inspired759

by work on generative agents (Park et al., 2023,760

2024).761

The core idea of MUSIC is to introduce con-762

trolled quality degradation in one branch of the763

simulated conversation pair at each turn. This764

is achieved via the instruction contrast prompt,765

Contrast(·). For the chosen conversation path766

Cchosen, the simulated assistant Ma responds di-767

rectly to the simulated user’s utterance uchosen
t . For768

the rejected path Crejected, however, the user’s utter-769

ance urejected
t is first transformed by Contrast(·) into770

a modified instruction, which prompts Ma to gen-771

erate a response a
rejected
t that is intentionally subop-772

timal relative to the original user utterance u
rejected
t773

(e.g., less helpful, inconsistent with previous turns,774

or failing to follow a specific constraint). As shown775

in Figure 1, the instruction contrast prompt im-776

plicitly guides the assistant to generate responses777

through ephemeral modifications, ensuring the re-778

jected trajectory remains coherent yet qualitatively779

inferior to its chosen counterpart. The design de-780

tails of Contrast(·) are provided in Appendix D.3,781

drawing inspiration from (Wang et al., 2024b).782

By repeating this process for T turns, MUSIC783

generates paired conversations (Cchosen, Crejected)784

where Cchosen is superior by construction, and the785

quality difference is distributed across multiple786

Algorithm 1 MUlti-Step Instruction Contrast
(MUSIC) Data Generation
Require: Seed conversation context Cprefix, LLM

user simulator Mu, LLM assistant simulator
Ma, max simulation turns T , instruction con-
trast prompt Contrast(·)
Initialize Cchosen ← Cprefix, Crejected ← Cprefix
for t = 1 to T do

Generate next user utterance: uchosen
t ←

Mu(Cchosen), u
rejected
t ←Mu(Crejected)

Generate chosen assistant response:
achosen
t ←Ma(Cchosen ⊕ uchosen

t )
Generate rejected assistant re-
sponse: a

rejected
t ← Ma(Crejected ⊕

Contrast(urejected
t ))

Append turn to the context:

Cchosen ← Cchosen ⊕ (uchosen
t , achosen

t ),

Crejected ← Crejected ⊕ (u
rejected
t , a

rejected
t )

end for
return (Cchosen, Crejected)

turns rather than being localized. This yields pref- 787

erence data specifically designed to train RMs sen- 788

sitive to multi-turn conversational dynamics. 789

B.4 Multi-turn RM Training 790

After generating the MUSIC dataset DMUSIC, we 791

create the final augmented training dataset Daug = 792

D ∪ DMUSIC. We then train our multi-turn RM 793

Rθ on Daug by optimizing the BT loss objective in 794

Equation 1. We train for a small number of epochs 795

(e.g., less than two) to mitigate potential overfitting 796

to the combined dataset. The resulting RM Rθ is 797

expected to have improved sensitivity to multi-turn 798

conversational properties due to its exposure to the 799

contrastive examples synthesized by MUSIC. 800

C Experiment Details 801

Dataset Construction. We use Skywork- 802

Reward-Preference-80K-v0.2 as the RM training 803

dataset as it is used to train several state-of-the-art 804

RMs (Dorka, 2024; Shiwen et al., 2024; Liu et al., 805

2024). This dataset is representative of standard 806

preference data, containing mostly single-turn 807

pairs and multi-turn pairs differing only in the 808

final turn, making it a suitable candidate for 809

augmentation with MUSIC. Specifically, we filter 810

the dataset to include only dialogues with at 811
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most five turns and uniformly sample the seed812

contexts as described in Section B.2. For MUSIC813

augmentation, we use Gemini 1.5 Pro as both user814

and assistant simulators with distinct prompts (see815

Appendix D.1 and D.2), and set the maximum816

simulation turns T = 5. Both D and DMUSIC817

are preprocessed by filtering out conversations818

exceeding 2048 tokens (the maximum sequence819

length for training). Our final datasets consist820

of approximately 73k pairs from the original821

Skywork-Reward-Preference-80K-v0.2 dataset822

and 31k pairs from the MUSIC augmentation.823

Training Details. We fine-tune Gemma-2-9B-824

Instruct (Team et al., 2024) to create our RMs. A825

linear layer is added on top of the transformer’s826

final hidden state output to produce a scalar reward827

score. We train two main models:828

1. Baseline RM: Trained on D.829

2. MUSIC-Augmented RM: Trained on Daug.830

Both models are trained using the AdamW opti-831

mizer (Loshchilov and Hutter, 2017) with a learn-832

ing rate of 2 × 10−6, a global batch size of 64,833

and a maximum sequence length of 2048. We use834

a cosine learning rate decay schedule and train835

for 2500 steps to minimize the Bradley-Terry loss836

(Equation 1).837

Evaluation Details. We compare the Baseline838

RM and the MUSIC-Augmented RM on the fol-839

lowing tasks:840

1. Multi-Turn Best-of-N (BoN) Inference:841

Best-of-N is an effective approach to leverage842

single-turn RMs to improve LLMs’ single-843

turn capability (Brown et al., 2024; Wu et al.,844

2024; Snell et al., 2024). This task assesses845

the RM’s ability to guide an LLM assistant846

towards generating higher-quality multi-turn847

conversations. We simulate interactions be-848

tween a user (Gemini 1.5 Pro) and an assistant849

(Gemma-2-9B-Instruct). Conversations are850

initiated using 1000 prompts sampled from851

subsets of Anthropic HH (Bai et al., 2022)852

and UltraInteract (Yuan et al., 2024a), follow-853

ing (Gao et al., 2024). At each of H = 3 turns,854

the assistant generates N ∈ {2, 4, 8} candi-855

date responses at a fixed temperature. The856

RM being tested selects the response with the857

highest score, which is then used to continue858

the conversation. The number of turns H = 3859

was chosen to accommodate the 2048 con- 860

text length of the RMs and assistant. After 861

H turns, the quality of the full conversation 862

generated using the MUSIC-Augmented RM 863

is compared against the conversation gener- 864

ated using the Baseline RM. We use Gemini 865

1.5 Pro as an LLM judge, prompting it to se- 866

lect the better conversation based on criteria 867

adapted from (Zheng et al., 2023) (prompt in 868

Appendix D.4). To mitigate positional bias, 869

each pair of conversations is evaluated twice 870

with the order swapped, and we report the 871

average winrate. We also compare against 872

greedy decoding from the assistant as a refer- 873

ence. 874

2. RewardBench: To assess single-turn perfor- 875

mance, we evaluate both RMs on Reward- 876

Bench (Lambert et al., 2024). Following the 877

standard protocol, we report pairwise accu- 878

racy across its four main categories (Chat, 879

Chat Hard, Safety, Reasoning) and the overall 880

average accuracy. 881

D Prompt Design 882

D.1 User Simulator Prompt 883

The prompt template for the user simulator is 884

adapted from (Gao et al., 2024; Dubois et al., 2024; 885

Rafailov et al., 2023): 886

Below is a dialogue between the user and
the assistant. Pretend you are the user in
this conversation. What question would you
ask next?

{{previous turns}}

### Instructions:
FIRST, provide a justification of the ques-
tion you want to ask.
SECOND, on a new line, state only the ques-
tion.
Your response should use the format:
Justification:
Question:

887

D.2 Assistant Simulator Prompt 888

For the assistant LLM, we directly follow the 889

prompt template provided in (Team et al., 2024): 890
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<start_of_turn>user
{{1st turn instruction}}<end_of_turn>
<start_of_turn>model
{{1st turn response}}<end_of_turn>
<start_of_turn>user
{{2nd turn instruction}}<end_of_turn>
<start_of_turn>model
{{2nd turn response}}<end_of_turn>
. . .
<start_of_turn>user
{{last turn instruction}}<end_of_turn>
<start_of_turn>model

891

D.3 Instruction Contrast Prompt892

The instruction contrast prompt is the core to syn-893

thesize turn-level differences in MUSIC. Inspired894

by (Wang et al., 2024b), we directly encode the895

instruction contrast prompt into the prompt for the896

assistant LLM to generate the rejected conversa-897

tions in the preference pairs:898

Below is a dialogue between the user and
the assistant. Pretend you are the assistant
in this conversation.

{{previous turns}}

### Instructions:
FIRST, generate a modified instruction that
is highly relevant but not semantically iden-
tical to the instruction above from the user
in the last turn.
SECOND, on a new line, generate a high-
quality answer which is a good response
to the modified instruction but not a good
response to the original user question.
Your response should use the format:
Modified Instruction:
Answer:

899

D.4 Evaluator Prompt900

We adapt the single-turn evaluation prompt901

from (Zheng et al., 2023) to evaluate multi-turn902

conversations:903

Please act as an impartial judge and evalu-
ate the quality of the conversation between
the user and two AI assistants displayed be-
low. You should choose the assistant that
follows the user’s instructions and answers
the user’s questions better. Your evaluation
should consider factors such as the helpful-
ness, relevance, accuracy, depth, creativity,
and level of detail of their responses. Begin
your evaluation by comparing the two con-
versations and provide a short explanation.
Avoid any position biases and ensure that
the order in which the conversations were
presented does not influence your decision.
Do not allow the length of the responses to
influence your evaluation. Do not favor cer-
tain names of the assistants. Be as objective
as possible. After providing your evalua-
tion, output your final verdict by strictly
following this format: "[[A]]" if assistant A
is better, "[[B]]" if assistant B is better.

904

[The Start of Assistant A’s Conversation]
{{conversation A}}
[The End of Assistant A’s Conversation]

[The Start of Assistant B’s Conversation]
{{conversation B}}
[The End of Assistant B’s Conversation]

905
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