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Abstract001

Group-Relative Policy Optimization (GRPO)002
has emerged as an efficient paradigm for003
aligning Large Language Models (LLMs),004
yet its efficacy is primarily confined to do-005
mains with verifiable ground truths. Extend-006
ing GRPO to open-domain settings remains007
a critical challenge, as unconstrained gen-008
eration entails multi-faceted and often con-009
flicting objectives—such as creativity versus010
factuality—where rigid, static reward scalar-011
ization is inherently suboptimal. To address012
this, we propose MAESTRO (Meta-learning013
Adaptive Estimation of Scalarization Trade-014
offs for Reward Optimization), which intro-015
duces a meta-cognitive orchestration layer that016
treats reward scalarization as a dynamic latent017
policy, leveraging the model’s terminal hid-018
den states as a semantic bottleneck to perceive019
task-specific priorities. We formulate this as020
a contextual bandit problem within a bi-level021
optimization framework, where a lightweight022
Conductor network co-evolves with the pol-023
icy by utilizing group-relative advantages as024
a meta-reward signal. Across seven bench-025
marks, MAESTRO consistently outperforms026
single-reward and static multi-objective base-027
lines, while preserving the efficiency advan-028
tages of GRPO, and in some settings even re-029
ducing redundant generation.030

1 Introduction031

GRPO (Shao et al., 2024) has been widely adopted032

as a powerful paradigm for aligning LLMs, particu-033

larly in complex reasoning tasks (Guo et al., 2025;034

Hugging Face, 2025). By computing relative advan-035

tages against the empirical mean of group-wise re-036

wards, GRPO dramatically enhances performance037

in domains with verifiable ground truths, such as038

mathematics and code generation (Guo et al., 2025;039

Yue et al., 2025). However, extending this suc-040

cess to open-ended generation remains a significant041

challenge (Liu et al., 2025b). The absence of objec-042

tive verification rules creates a “reward vacuum”,043
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Figure 1: Comparison of reward orchestration strategies.
(a) Rule-based methods, limited to verifiable ground
truths. (b) LLM-as-a-Judge, flexible but with high com-
putational overhead. (c) Static multi-objective optimiza-
tion using fixed, prompt-independent reward weights
across all contexts. (d) MAESTRO (Ours), which dy-
namically adapts reward weights according to prompt–
response semantics.

where standard rule-based scalarization fails to cap- 044

ture the nuanced, context-dependent objectives of 045

open-ended language generation (Figure 1(a)). 046

To bridge this gap, current open-domain align- 047

ment primarily bypasses verifiable rules through 048

two distinct paradigms: (1) Model-based evalua- 049

tors utilize auxiliary LLMs as judges (Zheng et al., 050

2023) or verifiers (Figure 1(b)) (Liu et al., 2025a). 051

While versatile, they incur prohibitive computa- 052

tional overhead from repeated large-model infer- 053

ence (Zheng et al., 2023), and introduce inherent 054

stylistic biases—such as favoring longer responses 055

or specific sentence structures—that skew align- 056

ment (Wang et al., 2023). (2) Intrinsic heuristic re- 057

wards leverage statistical proxies like reasoning per- 058

plexity (Liu et al., 2025b) or token entropy (Agar- 059

wal et al., 2025). However, these proxies often 060

correlate poorly with nuanced human utility; for 061

instance, a generic platitude may yield lower per- 062

plexity than an informative response. Furthermore, 063

these heuristics rely on static, context-agnostic 064

scalarization, obscuring fine-grained trade-offs be- 065
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tween heterogeneous desiderata such as factual-066

ity and creativity. This failure to capture genera-067

tive nuances underscores that open-domain align-068

ment is structurally a Multi-Objective Optimiza-069

tion (MOO) problem (Zhao et al., 2025). Exist-070

ing strategies, by relying on static scalarization071

(Taechoyotin and Acuna, 2025), effectively col-072

lapse this high-dimensional frontier into a single,073

fixed coordinate. As contrastively illustrated in Fig-074

ure 1(c) and (d), such rigidity is inherently subopti-075

mal: while mathematical reasoning demands strict076

logical rigor, creative writing requires a strategic077

shift toward stylistic diversity.078

In this paper, we propose MAESTRO, a frame-079

work that addresses open-domain alignment by re-080

formulating reward orchestration as a contextual081

bandit problem (Li et al., 2010). Rather than re-082

lying on static scalarization, MAESTRO treats re-083

ward weighting as a context-dependent decision,084

enabling adaptive trade-offs across heterogeneous085

objectives. To instantiate this formulation, we086

leverage the observation that terminal hidden states087

serve as a semantic bottleneck (Voita et al., 2019;088

Andreas et al., 2018), encoding high-level informa-089

tion about task intent and generation characteristics.090

We use these latent representations as the context091

for a lightweight meta-policy, termed the Conduc-092

tor, which selects a reward scalarization strategy093

for each prompt–response pair. MAESTRO is op-094

timized through a bi-level optimization scheme.095

In the inner loop, the policy model (πθ) is trained096

with GRPO under the selected reward configura-097

tion, while in the outer loop, the Conductor (πϕ)098

is updated using GRPO group-relative advantage099

as a meta-reward signal, reinforcing reward con-100

figurations that lead to stronger policy improve-101

ments. A key challenge in this setting is meta-credit102

assignment: under group-relative normalization,103

naively coupling reward orchestration with policy104

updates can lead to unstable or degenerate meta-105

gradients. MAESTRO addresses this challenge106

via asynchronous, two-time-scale updates that de-107

couple the optimization of the Conductor from108

token-level policy training, substantially improv-109

ing stability. Together, these components enable110

the co-evolution of adaptive reward landscapes and111

emergent policy behaviors, allowing MAESTRO to112

dynamically adapt evaluative criteria to the context-113

dependent demands of open-ended generation.114

We evaluate MAESTRO using mainstream115

LLMs (e.g., Qwen3-8B (Team, 2025) and Llama-116

3.1-8B-Instruct (Dubey et al., 2024)) across seven117

diverse open-domain datasets. Empirical results 118

show that MAESTRO consistently outperforms 119

state-of-the-art methods like Nover (Liu et al., 120

2025b). Furthermore, our analysis shows that dy- 121

namic reward orchestration preserves the efficiency 122

of GRPO, and in some cases we even observe up to 123

a 20.1% improvement in training throughput due 124

to reduced redundant generation. 125

Our contributions are summarized as follows: 126

• Contextual Reward Orchestration Frame- 127

work: We propose MAESTRO, a meta-learning 128

framework that formulates reward orchestration 129

as a contextual bandit problem within GRPO, us- 130

ing terminal hidden states to adapt reward trade- 131

offs per trajectory. 132

• Advantage-Driven Bi-level Optimization: We 133

formulate reward scalarization as a bi-level op- 134

timization problem, and leverage GRPO group- 135

relative advantages as a meta-learning signal for 136

reward orchestration, addressing meta-credit as- 137

signment in group-relative settings. 138

• Efficiency-Preserving Open-Domain Align- 139

ment: Across seven benchmarks, MAESTRO 140

achieves superior alignment performance while 141

preserving—and in some cases improving—the 142

efficiency advantages of GRPO. 143

2 Related Work 144

Reinforcement Learning for LLMs Traditional 145

PPO (Schulman et al., 2017; Ouyang et al., 2022) 146

incurs substantial memory overhead due to cen- 147

tralized critics and reference models. Rule-based 148

RL, such as GRPO (Shao et al., 2024; Guo et al., 149

2025) and its variants (Liu et al., 2025c; Yu et al., 150

2025), sidesteps these requirements via group-wise 151

relative comparisons. However, these methods typ- 152

ically rely on monolithic rewards unsuitable for 153

nuanced open-domain tasks. MAESTRO adapts 154

this efficient paradigm to open-ended generation by 155

replacing static rules with a learned meta-controller 156

for non-deterministic alignment (Liu et al., 2025b). 157

Open-Domain Alignment with Heuristic Re- 158

wards Lacking verifiable signals, recent works 159

employ heuristic proxies like perplexity (Liu et al., 160

2025b), entropy (Agarwal et al., 2025), or LLM- 161

as-a-Judge (Zheng et al., 2023). Yet, single-metric 162

heuristics impose rigid biases prone to entropy col- 163

lapse (Yu et al., 2025), while model-based judges 164

introduce prohibitive latency. Unlike these singular 165

or expensive evaluators, MAESTRO dynamically 166

orchestrates multiple low-cost signals to balance 167
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Figure 2: Architecture of the MAESTRO framework. Given a prompt q, the policy model πθ samples a group of
candidate outputs {oi}. The Conductor πϕ simultaneously processes prompt–response hidden states to sample a
reward-emphasis action a, inducing a weighting scheme w(a). Raw reward vectors r and KL penalties are fused
by the scalarization node (Σ) to compute the scalar reward R, which is normalized via group computation to
obtain group-relative advantages Â. MAESTRO adopts bi-level optimization: πθ is updated with GRPO, while πϕ

performs meta-updates using group advantages as reinforcement signals.

semantic quality with computational throughput.168

Multi-Objective Optimization for LLMs Multi-169

objective reinforcement learning (MORL) for LLM170

alignment has been explored from multiple per-171

spectives. Single-policy approaches aggregate ob-172

jectives via static scalarization (Taechoyotin and173

Acuna, 2025; Li et al., 2025b), which are simple174

but inflexible, while multi-policy or Pareto-based175

methods approximate the Pareto frontier using evo-176

lutionary or gradient-level optimization (Callaghan177

et al., 2025; Li et al., 2025a), at the cost of178

training and maintaining multiple large-scale poli-179

cies (Mei et al., 2025). Motivated by these lim-180

itations, we formulate reward orchestration as a181

meta-policy approach with a bi-level structure, a182

direction identified as promising yet underexplored183

for MORL in LLMs (Mei et al., 2025). Related184

bandit-based methods such as DYNAOPT (Min185

et al., 2024) adjust reward weights at a global186

training-stage level based on aggregate perfor-187

mance statistics, which is primarily suited for188

domain-specific settings with relatively homoge-189

neous objectives, whereas MAESTRO performs190

instance-level, semantic-conditioned reward or-191

chestration for open-domain LLM alignment and192

is optimized via advantage-driven bi-level learning193

tailored to group-relative optimization.194

3 Methodology: MAESTRO195

We propose MAESTRO (Meta-learning Adaptive196

Estimation of Scalarization Trade-offs for Reward197

Optimization), a framework for open-domain198

alignment that dynamically orchestrates trade-199

offs among heterogeneous reward objectives via 200

meta-learning. MAESTRO is formulated as a bi- 201

level optimization framework and consists of two 202

tightly coupled components. First, we introduce a 203

lightweight Conductor that observes semantic rep- 204

resentations of prompt–response trajectories and se- 205

lects context-dependent reward scalarizations, cast 206

as a contextual bandit problem (§3.1). Second, 207

we propose an advantage-driven meta-optimization 208

scheme that leverages GRPO group-relative advan- 209

tages to stably train the Conductor alongside the 210

policy model (§3.2). 211

3.1 Conductor Network 212

Contextual Semantic Representation We de- 213

fine the context h ∈ Rdmodel as the last hidden 214

state of policy πθ after processing the full sequence 215

(prompt and response). This design is grounded 216

in the progressive abstraction property of Trans- 217

formers, where the final layer serves as a seman- 218

tic bottleneck crystallizing the comprehension of 219

task intent and linguistic realization (Voita et al., 220

2019; Andreas et al., 2018). At this stage, high- 221

level semantic features—such as logical rigor, com- 222

plexity, and structural constraints—are explicitly 223

decoded, providing sufficient statistics for instance- 224

specific reward modulation. We use hi,j to denote 225

the joint prompt–response representation h(xi, yi,j) 226

throughout the remainder of this section. 227

The Conductor Architecture Leveraging the 228

linear separability of terminal semantics, the Con- 229

ductor fϕ is implemented as a lightweight linear 230

projection head. Given a representation h, the 231
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Conductor produces a categorical distribution over232

reward-emphasis actions:233

πϕ(· | h) = softmax ((Wϕh+ bϕ)/τ) . (1)234

To facilitate stable meta-learning, the Conduc-235

tor employs sampling from a categorical mode236

distribution during training. Each action a ∼ πϕ237

induces a specific reward-emphasis mode, provid-238

ing discrete gradients for effective credit assign-239

ment. This sampling-based exploration allows the240

Conductor to probe diverse regions of the Pareto241

frontier, which matures into a smooth, continuous242

preference structure during inference.243

3.2 Advantage-Driven Meta-Optimization244

We optimize the Conductor using the policy245

improvement dynamics of the backbone model.246

Specifically, we define the meta-objective J(ϕ)247

as the expected GRPO advantage under rollout-248

conditioned reward emphases:249

J(ϕ) = E(x,y,a)∼Pϕ,θ

[
Â(x, y;w(h, a))

]
, (2)250

where w(h, a) ∈ ∆K−1 denotes the continuous251

reward-scalarization vector induced by the sam-252

pled discrete action a, serving as a meta-level ab-253

straction for stable credit assignment, with x ∼ D,254

y ∼ πθ(· | x), and a ∼ πϕ(· | h(x, y)). The255

discrete training objective is described in detail in256

Appendix E.2.257

Meta-Credit Assignment under Group-Relative258

Advantages A naive approach to reward orches-259

tration assigns a fixed, prompt-level weight vec-260

tor to all rollouts within a GRPO group. How-261

ever, due to the baseline-invariant nature of group-262

relative advantages, such uniform weighting can263

lead to signal degeneracy: since advantages are264

mean-centered within each group, the resulting265

meta-gradient may vanish, leaving the Conductor266

with little ability to distinguish effective reward267

configurations. In practice, MAESTRO adopts268

intra-group heterogeneous sampling as a sim-269

ple mechanism to expose informative variance un-270

der group-relative advantages. For a given prompt271

xi, the Conductor samples an independent reward-272

emphasis action ai,j ∼ πϕ for each response yi,j in273

the group, inducing a form of meta-competition274

across rollouts. This breaks the symmetry of the275

group baseline and provides the variance necessary276

for learning context-dependent reward trade-offs.277

Asynchronous Meta-Updates MAESTRO em- 278

ploys a two-time-scale asynchronous update 279

scheme to decouple the meta-optimization from 280

the primary policy training loop. We buffer the 281

(hi,j , ai,j , Âi,j) triplets collected during GRPO 282

training and periodically update the Conductor ϕ 283

via the Policy Gradient Theorem: 284

∇̂ϕJ(ϕ) =
1

NG

∑
i,j

[
Âi,j∇ϕ log πϕ(ai,j | hi,j)

+ λent∇ϕH(πϕ)
]
,

(3) 285

where N and G denote the meta-batch and group 286

sizes, respectively; Âi,j is the group-relative advan- 287

tage; ai,j represents the sampled reward-emphasis 288

action; hi,j is the contextual semantic representa- 289

tion; and λent scales the entropy regularization H 290

to encourage exploration of the preference space. 291

At inference time, the Conductor bypasses discrete 292

sampling and directly outputs the continuous dis- 293

tribution πϕ(· | h), providing a deterministic and 294

smooth integration of reward signals that encapsu- 295

lates the learned preference structure. 296

4 Experiments and Analysis 297

4.1 Experimental Setup 298

Tasks and Datasets Following prior work 299

on open-domain RL (Liu et al., 2025b), we 300

evaluate MAESTRO across seven open-domain 301

benchmarks spanning four task categories: (i) 302

General Reasoning (Natural Reasoning (Yuan 303

et al., 2025), GeneralThoughts (T, 2025), We- 304

bInstruct (TIGER-Lab, 2025)), (ii) Creative Writ- 305

ing (SS-GEN (Feng et al., 2025)), (iii) Social 306

Intelligence (EmoBench (Sabour et al., 2024), 307

ToMBench (Chen et al., 2024)), and (iv) Mul- 308

tilingual Generation (OPUS-Books (Tiedemann, 309

2012)). All datasets are split into train–test sets 310

following standard protocols used in prior work. 311

Additional preprocessing details are provided in 312

Appendix C.2. 313

Reward Specification Following prior work on 314

open-domain reinforcement learning (Liu et al., 315

2025b), we instantiate MAESTRO with a heteroge- 316

neous reward space R ⊂ RK comprising K = 5 317

components. Detailed mathematical formulations 318

are provided in Appendix B. These reward signals 319

are designed to capture different aspects of genera- 320

tion quality. Specifically, we employ a perplexity- 321

based reward (rppl) as a proxy for reasoning con- 322
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sistency, together with a format validity reward323

(rfmt) to enforce structural constraints. To balance324

exploration and verbosity, we incorporate an en-325

tropy reward (rent) and a length penalty (rlen).326

Finally, we include a semantic preference reward327

(rpref ) derived from a pretrained reward model such328

as Skywork-Reward (Liu et al., 2025a) to capture329

high-level qualities including helpfulness and co-330

herence.331

Training and Evaluating We run experiments332

on two backbone LLMs: Qwen3-8B (Team, 2025)333

and Llama-3.1-8B-Instruct (Dubey et al., 2024).334

All methods are trained using full-parameter fine-335

tuning under the GRPO framework implemented in336

TRL (von Werra et al., 2020). To ensure fair com-337

parison, all GRPO-based baselines share identical338

training hyperparameters within each task. Details339

of hyperparameters and Conductor update sched-340

ules are deferred to Appendix C. To ensure an341

unbiased evaluation and mitigate self-rewarding342

bias, we adopt a cross-model evaluation proto-343

col. For reasoning-oriented datasets with relatively344

well-defined target answers (Natural Reasoning,345

GeneralThoughts, WebInstruct, EmoBench, and346

ToMBench), we use Qwen3-235B-A32B as the347

evaluation judge. For SS-GEN and OPUS-Books,348

we use Gemini-2.5-Flash (Comanici et al., 2025)349

due to its stronger performance in long-form narra-350

tive generation and multilingual evaluation.351

Baselines We compare MAESTRO against a352

comprehensive set of baselines: Base (pretrained353

model), CoT (chain-of-thought prompting), SFT,354

and several GRPO variants. NOVER (Liu et al.,355

2025b) applies GRPO with conditional perplex-356

ity as the primary reward, while EM-GRPO fol-357

lows entropy-minimization approaches in prior358

work (Agarwal et al., 2025) and applies a nega-359

tive entropy reward within the GRPO framework.360

To isolate the effect of dynamic reward composi-361

tion, we additionally include two ablations: Equal-362

Weights, which uses a fixed uniform reward scalar-363

ization, and Random-Weights, which samples364

a random weight vector per response. Our full365

method predicts prompt-dependent reward weights366

using the Conductor.367

4.2 Main Results368

Table 1 summarizes performance across all bench-369

marks. MAESTRO achieves the strongest over-370

all results on both backbone models, consistently371

outperforming pretrained models, supervised fine-372

tuning, chain-of-thought prompting, and GRPO- 373

based baselines. These gains are observed across 374

diverse task categories, including reasoning, cre- 375

ative writing, social intelligence, and multilingual 376

generation, suggesting that MAESTRO generalizes 377

well beyond any single domain. Notably, MAE- 378

STRO consistently improves upon static or heuris- 379

tic reward compositions (e.g., NOVER, EM-GRPO, 380

and fixed-weight ablations), highlighting the ben- 381

efit of dynamically adapting reward trade-offs to 382

different prompts. 383

Multi-objective Rewards Outperform Single- 384

reward Single-reward GRPO variants exhibit 385

strong but task-dependent behavior: NOVER per- 386

forms well on structured reasoning benchmarks, 387

while EM-GRPO can be competitive on some 388

reasoning tasks. However, both approaches de- 389

grade on open-ended domains and fail to gener- 390

alize across task categories. By integrating mul- 391

tiple complementary reward signals, MAESTRO 392

consistently improves over strong single-reward 393

baselines, indicating that open-domain alignment 394

benefits from balancing multiple objectives rather 395

than optimizing a single inductive bias. 396

Dynamic Reward Weighting is Essential Fixed 397

uniform weighting (Eq) and randomly sampled 398

weighting (Rand) yield moderate gains over single- 399

reward baselines but remain inferior to MAE- 400

STRO. Despite using the same reward components, 401

MAESTRO surpasses Eq and Rand on nearly all 402

tasks (e.g., substantial gains on Natural Reasoning, 403

ToMBench, and SS-GEN), demonstrating that opti- 404

mal reward trade-offs are instance-dependent and 405

must be learned rather than fixed. 406

Robustness Across Models and Domains MAE- 407

STRO’s improvements hold consistently across 408

both Qwen3-8B and Llama-3.1-8B-Instruct back- 409

bones, spanning reasoning, creative writing, social 410

intelligence, and multilingual generation. This ro- 411

bustness suggests that MAESTRO captures general 412

reward trade-off adaptation principles rather than 413

exploiting dataset-specific heuristics. 414

4.3 Analysis 415

In this section, we analyze (i) why single-objective 416

GRPO variants succeed only on subsets of tasks, 417

(ii) what reward trade-offs the Conductor learns 418

across domains, and (iii) whether MAESTRO in- 419

troduces practical overhead. 420
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Qwen3-8B

Dataset Base (%) SFT (%) CoT (%) NOVER (%) Eq (%) EM (%) Rand (%) Ours (%)

NR 39.60 26.00 43.00 46.90 47.20 52.00 45.50 53.20
SS-GEN 33.10 68.70 76.77 77.76 90.55 88.78 90.35 92.52
WebInstruct 7.80 34.60 25.70 42.70 34.90 43.40 40.10 43.50
ToMBench 5.72 46.92 25.79 56.24 38.27 63.83 65.34 71.88
GeneralThoughts 34.00 34.70 34.20 64.60 66.90 68.00 35.70 68.10
OPUS-Books 5.10 5.50 6.60 10.10 11.00 11.70 11.40 12.60
EmoBench 36.71 46.09 44.53 42.19 42.97 41.40 42.19 47.66

Llama-3.1-8B-Instruct

Dataset Base (%) SFT (%) CoT (%) NOVER (%) Eq (%) EM (%) Rand (%) Ours (%)

NR 9.90 13.30 18.70 19.00 9.90 19.80 19.20 21.30
SS-GEN 11.81 33.46 20.07 36.81 58.86 54.92 51.18 60.43
WebInstruct 3.10 18.40 28.90 29.20 28.20 30.20 28.50 30.30
ToMBench 3.27 64.88 63.12 64.29 65.34 65.23 65.93 66.86
GeneralThoughts 11.30 19.90 29.00 29.10 32.50 30.10 27.20 34.90
OPUS-Books 3.80 3.90 8.10 7.10 7.30 10.20 8.10 11.80
EmoBench 3.13 34.38 42.97 42.97 43.75 43.75 42.19 44.53

Table 1: Main results across all datasets. Scores represent the preference percentage (%) evaluated by an external
LLM judge via a 3-way majority vote. All models are fine-tuned on the same backbone using identical GRPO
hyperparameters. To ensure a fair comparison, Eq, Rand, and Ours all utilize the same set of five reward functions,
differing only in their orchestration: Eq employs fixed uniform weights; Rand assigns random weights per response;
and Ours utilizes the proposed Conductor for prompt-dependent dynamic weighting. EM represents the entropy-
minimization baseline. Bold and underline denote the best and (possibly tied) second-best results, respectively.

Why EM-GRPO Excels on Reasoning Tasks421

Interestingly, EM-GRPO, which optimizes a neg-422

ative entropy objective, performs strongly on sev-423

eral reasoning-centric benchmarks. As shown424

in Table 1, it closely matches MAESTRO on425

datasets such as NR, WEBINSTRUCT, and GEN-426

ERALTHOUGHTS. This is consistent with prior427

findings (Agarwal et al., 2025) that low-entropy428

decoding encourages deterministic and concise rea-429

soning while suppressing irrelevant hypotheses.430

While reasoning tasks benefit from an entropy-431

minimization bias for deterministic logic, this432

“one-size-fits-all” approach induces mode collapse433

in open-ended generation. MAESTRO circum-434

vents this by treating inductive biases as pluggable,435

context-dependent rewards rather than global con-436

straints. However, this bias becomes misaligned437

in open-ended or socially grounded tasks (e.g.,438

TOMBENCH and SS-GEN), which demand richer439

expression and flexible structure. As a result, EM-440

GRPO degrades substantially on such domains, il-441

lustrating that a single monotonic objective can-442

not generalize across heterogeneous tasks. These443

observations motivate dynamic reward composi-444

tion. Rather than enforcing a global inductive445

bias, MAESTRO adaptively emphasizes entropy-446

sensitive objectives only when appropriate, captur-447

ing task-dependent reward trade-offs automatically.448

Training-time Overhead We evaluate whether 449

MAESTRO preserves the efficiency of GRPO 450

on three representative datasets spanning differ- 451

ent generation regimes: SS-GEN (long-form gen- 452

eration), ToMBench (short responses) and We- 453

bInstruct (medium-length structured generation). 454

Given that GRPO training time is primarily domi- 455

nated by model rollouts, these datasets collectively 456

cover short-, medium-, and long-horizon gener- 457

ation settings. Table 2 reports the total training 458

time with and without the Conductor. As illus- 459

trated, MAESTRO introduces a minimal computa- 460

tional footprint; on WebInstruct, the overhead is a 461

marginal +4.0%. Conversely, on SS-GEN, MAE- 462

STRO achieves a significant 20.1% speedup. This 463

efficiency gain stems from the Conductor’s ability 464

to learn dynamic reward trade-offs that discour- 465

age redundant or excessively verbose outputs early 466

in the rollout phase, effectively reducing the aver- 467

age sequence length. Overall, MAESTRO main- 468

tains the efficiency advantages of GRPO, remain- 469

ing highly competitive in structured tasks and even 470

providing substantial speedups in long-form gener- 471

ation settings. 472

Comparison with LLM-as-a-Judge Reward 473

LLM-as-a-Judge has emerged as a prominent 474

paradigm for reward modeling, relying on large 475

language models to evaluate and rank candidate 476
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Dataset w/ Cond. w/o Cond. ∆ Time

SS-GEN 05:20:04 06:40:25 -20.1%
ToMBench 01:18:00 01:12:47 +6.7%
WebInstruct 02:40:05 02:33:52 +4.0%

Table 2: Training time comparison with and without the
Conductor on Qwen3-8B. ∆ Time is computed relative
to the setting without the Conductor.

outputs based on a manually specified evaluation477

prompt. However, prior work has shown that the re-478

sulting reward signal is highly sensitive to prompt479

design: overly strict prompts may overlook valid480

aspects of a response, while overly permissive ones481

can introduce noisy or irrelevant criteria (Liu et al.,482

2025b). To evaluate this paradigm, we implement a483

GRPO baseline where a Qwen3-32B model serves484

as a judge to rank rollout candidates. As shown in485

Table 3, MAESTRO consistently outperforms this486

baseline across all evaluated tasks. This difference487

stems from a key methodological distinction. LLM-488

as-a-Judge relies on a fixed, prompt-defined eval-489

uation policy, whereas MAESTRO learns context-490

dependent reward weightings over multiple special-491

ized signals, yielding a more stable and informative492

optimization signal.

Dataset MAESTRO LLM-as-a-Judge

NR 53.20 52.50
SS-GEN 92.52 91.93
WebInstruct 43.50 43.30

Table 3: Comparison between MAESTRO and an LLM-
as-a-Judge reward baseline. The baseline utilizes a
smaller Qwen3-32B as a Reward Baseline Judge to
provide scalar signals during GRPO training.

493

Reward Weight Patterns Across Task Cate-494

gories To better understand how MAESTRO495

adapts reward trade-offs, we analyze the reward496

weight distributions predicted by the Conductor on497

representative tasks from different categories. Fig-498

ure 3 visualizes the evolution of reward weights499

during training on two datasets with very differ-500

ent styles: SS-GEN (creative writing) and WebIn-501

struct (structured reasoning), respectively. On SS-502

GEN, the Conductor assigns the highest weight503

to the entropy reward, encouraging exploration504

and expressive diversity, while substantially down-505

weighting the reasoning (perplexity-based) reward.506

Preference-model signals retain a moderate but507

non-dominant weight, providing weak semantic508

guidance without enforcing a single correct an-509
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Figure 3: Comparison of learned reward weight allo-
cation dynamics in the course of training across two
datasets. Both plots use the same linear training-step
axis to facilitate direct comparison.

swer. This allocation reflects the open-ended na- 510

ture of creative writing and illustrates why objec- 511

tives that favor low-entropy or strict correctness, 512

such as EM-GRPO, generalize poorly to such do- 513

mains. WebInstruct exhibits a simple and deci- 514

sive reward allocation pattern. As a structured 515

multiple-choice reasoning task, the Conductor as- 516

signs a dominant weight to the reasoning reward 517

(rppl) while substantially down-weighting all other 518

signals. This reflects the correctness-driven nature 519

of the task, where auxiliary objectives contribute 520

little useful feedback. Notably, these task-specific 521

patterns emerge rapidly during training and then 522

stabilize, providing behavioral evidence that MAE- 523

STRO learns meaningful and robust reward trade- 524

offs aligned with task semantics rather than apply- 525

ing a fixed or arbitrary weighting scheme. 526

5 Ablation Studies 527

We conduct a set of ablation experiments to eval- 528

uate the design choices behind our Conductor and 529

to understand which components are essential for 530

stable and effective dynamic reward composition. 531

Effect of Conductor Input Representation 532

MAESTRO assumes reward composition depends 533
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on the model’s internal comprehension of seman-534

tics rather than surface statistics. To verify this,535

we vary the layer for extracting h(x, y). As shown536

in Table 4, last-layer embeddings (LAST) perform537

best, while earlier representations show noticeable538

degradation. This gap confirms that dynamic or-539

chestration relies on task understanding crystallized540

in upper layers. Our findings align with Tenney541

et al. (2019), where high-level conceptual features542

localize in terminal representations. Lower layers543

lack the “self-perception” to distinguish task prior-544

ities like reasoning or creativity, justifying MAE-545

STRO’s operation over abstract latent states.546

Dataset Last (%) First (%) Middle (%)

SS-GEN 92.52 91.30 88.80
ToMBench 71.88 69.90 64.41
GeneralThoughts 68.10 64.20 63.20
OPUS-Books 12.60 12.60 11.10

Table 4: Ablation on Conductor input represen-
tation (Qwen3-8B). LAST/MIDDLE/FIRST use the
prompt+response embedding from the Last / middle
/ first LLM layer as Conductor input.

Effect of Meta-loss Formulation MAESTRO547

utilizes the GRPO advantage as a meta-reward to548

reinforce effective reward configurations. To test549

the robustness of this advantage-driven formula-550

tion, we ablate entropy regularization and evaluate551

pairwise perturbations to the REINFORCE update.552

While both variants incur moderate performance553

drops (Table 5), they consistently outperform static554

baselines with fixed or random weights. This con-555

firms that advantage-weighted gradients are the556

primary learning signals for the Conductor, while557

entropy provides stability. These results validate558

the use of GRPO advantages for meta-learning and559

demonstrate that MAESTRO’s reward composition560

is robust rather than sensitive to loss configurations.561

Dataset Ours (%) -Entropy (%) +Pairwise (%)

NR 53.20 48.40 49.50
SS-GEN 92.52 91.70 91.73
WebInstruct 43.50 42.50 42.00

Table 5: Ablation on Conductor training loss (Qwen3-
8B). OURS: full meta-loss; -ENTROPY: removes en-
tropy regularization; +PAIRWISE: adds pairwise pertur-
bation to the REINFORCE objective.

Asynchronous Meta-updates Provide Stable Im-562

provements MAESTRO employs a two-time-563

scale optimization scheme, where the LLM is564

updated at the token level while the Conductor 565

learns prompt-level preferences. This separation al- 566

lows the Conductor to optimize against aggregated 567

rollout-level advantages, rather than noisy token- 568

level gradients that fluctuate across individual up- 569

dates. We compare this asynchronous scheme 570

against joint training, where the Conductor is up- 571

dated via direct backpropagation through GRPO. 572

As shown in Table 6, joint training degrades perfor- 573

mance, whereas asynchronous updates yield con- 574

sistent gains. We attribute this to a mismatch in op- 575

timization time scales: coupling the Conductor to 576

token-level gradients entangles long-horizon prefer- 577

ences with short-term stochastic updates, obscuring 578

reliable credit assignment. In contrast, buffering 579

prompt-level advantages smooths transient noise 580

and enables the Conductor to learn stable, context- 581

dependent reward trade-offs over time. 582

Dataset Async-Conductor (%) Joint-Conductor (%)

NR 53.20 50.00
ToMBench 71.88 68.50
SS-GEN 92.52 80.71

Table 6: Comparison of asynchronous and joint
Conductor training strategies (Qwen3-8B). ASYNC-
CONDUCTOR updates the Conductor asynchronously
using buffered rollout-level advantages, while JOINT-
CONDUCTOR updates it jointly with the LLM by back-
propagating through GRPO.

6 Conclusion 583

In this paper, we introduced MAESTRO, a meta- 584

learning framework that dynamically adapts reward 585

scalarization for open-domain LLM alignment. By 586

formulating reward weighting as a contextual ban- 587

dit problem, MAESTRO leverages the optimization 588

advantage from GRPO to learn a “Conductor” pol- 589

icy, conditioned on terminal hidden states, that 590

modulates the trade-off between conflicting objec- 591

tives such as rigor, creativity, and format valid- 592

ity. Extensive experiments on seven diverse bench- 593

marks demonstrate that MAESTRO significantly 594

outperforms static weighting schemes and single- 595

reward baselines, while maintaining training effi- 596

ciency. Our findings underscore that open-ended 597

generation is inherently a multi-objective problem 598

where the optimal reward composition is highly 599

context-dependent. MAESTRO provides a com- 600

putationally efficient and robust solution to this 601

challenge, extending the success of rule-based RL 602

to broader, non-deterministic domains. 603
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7 Limitations604

While MAESTRO achieves strong performance,605

several limitations remain. First, although the Con-606

ductor adds negligible training overhead, the frame-607

work still relies on the quality of the underlying re-608

ward components; if the constituent reward signals609

(e.g., the semantic preference model) are flawed or610

biased, dynamic weighting can only partially miti-611

gate these issues. Second, our current exploration is612

limited to scalarization of five specific reward types;613

exploring a broader or automatically discovered re-614

ward space remains future work. Finally, while we615

validate our method on 8B-parameter models due616

to compute constraints, scaling the Conductor to617

larger dense models or mixture-of-experts (MoE)618

architectures requires further empirical verification.619
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A Theoretical Analysis: Conductor vs.795

Critic and Counter-Hacking796

Mechanisms797

To ensure a rigorous understanding of the MAE-798

STRO framework, we provide a detailed analysis799

of the Conductor’s role, its fundamental differences800

from the PPO Critic, and the structural constraints801

that prevent reward hacking.802

A.1 Delineation from the PPO Critic803

A common misconception is to view the Conduc-804

tor as a traditional value function (Critic) used in805

PPO. We explicitly delineate these two components806

across three dimensions:807

• Output Space and Semantics: The PPO Critic808

estimates a scalar value V (s) ∈ R, predicting809

the expected return. In contrast, the Conductor810

is a meta-policy πϕ(a|h) that outputs a probabil-811

ity distribution over the reward weight simplex812

∆K−1. It defines how the model should be evalu-813

ated for a specific context, rather than what the814

score will be.815

• Learning Objective: The Critic is trained via816

supervised regression to minimize the Mean817

Squared Error (MSE) of value predictions. The818

Conductor is trained via an advantage-driven819

meta-objective to maximize the resolution of the820

policy improvement signal (Â). Its goal is not821

to “fit” the rewards but to “steer” the optimiza-822

tion trajectory toward the most productive Pareto823

trade-offs.824

• Role in Optimization: While a Critic collapses825

all reward dimensions into a single scalar for826

variance reduction, the Conductor preserves the827

multi-dimensional nature of the reward space. It828

treats reward scalarization as a dynamic latent de-829

cision, acting as a strategic orchestrator rather830

than a passive value accountant.831

A.2 Robustness to Reward Hacking832

A central concern in meta-learning reward orches-833

tration is whether the Conductor might trivially as-834

sign high weights to reward components where the835

policy already achieves high scores (self-rewarding836

bias). MAESTRO is structurally robust to such837

hacking due to the following mechanisms:838

1. The Zero-Sum Constraint of GRPO Ad-839

vantages The Conductor is optimized using the840

GRPO advantage Âi,j , which is mean-centered by 841

definition: 842

Âi,j =
Ri,j − mean(Ri)

std(Ri)
(4) 843

Since E[Â] ≈ 0 for any group, the Conductor can- 844

not increase its meta-reward by simply inflating 845

the scalarized reward R. If all samples in a group 846

perform equally well on a “easy” metric, the re- 847

sulting advantage will be zero. To obtain positive 848

meta-gradients, the Conductor is forced to identify 849

reward configurations that maximize the differ- 850

entiation (signal resolution) between superior and 851

inferior trajectories within the same context. 852

2. Signal-to-Noise Ratio (SNR) Optimization 853

The Conductor acts as a contextual filter. If it as- 854

signs high weight to a “noisy” reward component 855

(e.g., entropy in a deterministic logic task), the re- 856

sulting Âi,j will correlate poorly with the policy’s 857

actual improvement, leading to a meta-penalty. It 858

is thus incentivized to prioritize components that 859

provide the cleanest improvement signal for the 860

given task. 861

3. Meta-Credit Assignment via Heterogeneous 862

Sampling By sampling independent orchestra- 863

tion actions ai,j for each rollout within a group, 864

MAESTRO induces a meta-competition between 865

different scalarization schemes. An orchestration 866

policy is reinforced only if its specific weight con- 867

figuration leads to higher relative advantages for 868

“better” samples. This ensures the Conductor’s de- 869

cisions are grounded in actual policy performance 870

gains. 871

B Reward Definitions 872

MAESTRO employs a heterogeneous reward space 873

consisting of five complementary components. 874

Each reward captures a distinct aspect of gener- 875

ation quality. All reward values are normalized to 876

the range [0, 1] before scalarization. 877

Format Validity Reward (rfmt) We enforce a 878

predefined response structure that separates inter- 879

mediate reasoning and final answers into distinct 880

segments. The format reward is defined as: 881

rfmt(y) =

{
1, if y satisfies the required format,
0, otherwise.

882

11



Perplexity Reward (rppl) The perplexity reward883

measures the logical consistency of the model’s rea-884

soning with respect to the reference answer. Given885

a prompt x, a model-generated reasoning segment886

ythink, and a reference answer y∗, we compute the887

token-level negative log-likelihood under teacher888

forcing:889

NLL(y∗ | x, ythink) = − 1

|y∗|
log pθ(y

∗ | x, ythink) .890

where pθ(y∗ | x, ythink) denotes the teacher-forced891

likelihood of the reference answer. Lower NLL892

indicates higher conditional likelihood. To ensure893

robustness across tasks, we apply rank-based nor-894

malization within each GRPO group:895

rppl = Norm(−NLL) ,896

where higher reward corresponds to lower perplex-897

ity. Although SS-GEN is categorized as a creative898

writing benchmark, each prompt in the dataset is899

paired with a reference continuation. This allows900

the computation of conditional perplexity with re-901

spect to the reference text.902

Entropy Reward (rent) To encourage explo-903

ration and mitigate mode collapse, we define an904

entropy-based reward. For a generated response y,905

the average token-level entropy is:906

H(y) =
1

|y|

|y|∑
t=1

Epθ(·|y<t) [− log pθ(· | y<t)] .907

Entropy values are rank-normalized within each908

GRPO group:909

rent = Norm(H),910

assigning higher rewards to responses with greater911

predictive entropy.912

Length Penalty (rlen) To discourage excessively913

long responses, we define a length-based reward.914

Let |y| denote the response length, ℓmin a soft915

length threshold, and ℓmax the maximum allowed916

length. The length reward is defined as:917

rlen(y) =


1, |y| ≤ ℓmin,

1− |y| − ℓmin

ℓmax − ℓmin
, ℓmin < |y| ≤ ℓmax,

0, |y| > ℓmax.

918

Semantic Preference Reward (rpref ) We incor- 919

porate a semantic preference reward produced by 920

a pretrained general-purpose reward model. Given 921

a response y, the reward model outputs a scalar 922

score spref(y) reflecting high-level qualities such 923

as helpfulness and coherence. We normalize this 924

score to obtain: 925

rpref = Norm(spref(y)) . 926

This reward serves as a supplementary signal and is 927

never used as the dominant optimization objective. 928

C Training Details 929

This appendix provides implementation details for 930

training the backbone LLMs under the GRPO 931

framework. Unless otherwise specified, all GRPO- 932

based methods share the same training configura- 933

tion within each dataset to ensure fair comparison. 934

C.1 Backbone Models 935

We run experiments on two backbone LLMs: 936

Qwen3-8B and Llama-3.1-8B-Instruct. All models 937

are trained with full-parameter fine-tuning. Un- 938

less otherwise stated, training is performed in bf16 939

precision. 940

C.2 Datasets and Preprocessing 941

To ensure fair comparison and minimize data con- 942

tamination, we largely follow the dataset construc- 943

tion and preprocessing pipeline introduced in prior 944

open-domain GRPO work. In particular, we adopt 945

the same dataset selection, filtering criteria, and 946

train–validation–test splits as used by NOVER. 947

Across all datasets, we prioritize recent bench- 948

marks that require multi-step reasoning and span 949

diverse domains, including general reasoning, cre- 950

ative writing, social intelligence, and multilingual 951

generation. All datasets are cleaned and filtered to 952

remove low-quality or trivial samples following the 953

protocols described in NOVER. 954

Dataset-specific Preprocessing For Natural Rea- 955

soning, GeneralThoughts, and WebInstruct, we ex- 956

clude samples without valid reference answers and 957

remove trivial cases (e.g., single-word or purely 958

numerical answers). For datasets originally format- 959

ted as multiple-choice questions, we convert them 960

into free-form question answering, ensuring that 961

reference answers include both the correct option 962

and its content. EmoBench and ToMBench follow 963

their standard task-specific formatting. 964
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Prompt Template Adjustment for Verbose Back-965

bones To ensure that performance gains in RL966

are not confounded by the inherent verbosity967

of the base model, we observed in preliminary968

runs that Qwen3-8B produces overly verbose and969

repetitive <think> segments on several datasets,970

leading to frequent truncation and format viola-971

tions. To mitigate this failure mode, we apply a972

lightweight instruction-level constraint for Qwen3-973

8B on datasets with typically short targets (e.g.,974

ToMBench and EmoBench), encouraging concise975

reasoning (e.g., fewer than five sentences) while976

keeping the same structured output format. We do977

not apply this constraint to NR and SS-GEN, where978

longer reasoning is often necessary. Importantly,979

for each dataset/backbone setting, the exact same980

prompt template is used for all compared meth-981

ods (MAESTRO and baselines). Fig 4 shows982

an illustrative example of the instruction-level ad-983

justment applied to Qwen3-8B on datasets with984

typically short responses.985

Open-domain Nature of the Benchmarks The986

evaluated benchmarks predominantly target open-987

domain generation, where responses may vary988

widely in form and content and often admit multi-989

ple valid realizations. While some datasets include990

questions with reference answers or structured for-991

mats (e.g., multiple-choice), a substantial portion992

of the evaluation involves open-ended reasoning,993

creative writing, or socially grounded responses,994

for which reliable rule-based verification is diffi-995

cult to define consistently. As a result, we adopt996

an LLM-as-a-Judge evaluation protocol, follow-997

ing prior work on open-domain RL alignment, to998

enable uniform and scalable preference-based com-999

parisons across diverse task settings. This eval-1000

uation protocol is consistent with prior work on1001

GRPO- and RL-based alignment in open-domain1002

settings, where LLM-based judges are commonly1003

adopted when deterministic verification is unavail-1004

able (Liu et al., 2025b; Guo et al., 2025).1005

Data Splits For datasets with existing train–test1006

splits, we retain the original splits. For large-scale1007

datasets without predefined splits, we follow prior1008

work and sample balanced subsets for training, val-1009

idation, and testing to ensure distributional consis-1010

tency. Dataset statistics after filtering and splitting1011

closely match those reported in NOVER.1012

Illustrative Prompt Adjustment

Original:
Answer the question and return in the fol-
lowing format:
<think> . . . </think>
<answer> . . . </answer>

Modified (used for Qwen3-8B on selected
datasets):
Keep the reasoning extremely brief with
fewer than 5 sentences. Do not include un-
necessary details.
Return the answer in the following format:
<think> [BRIEF reasoning] </think>
<answer> . . . </answer>

Figure 4: Illustrative prompt template modification ap-
plied to Qwen3-8B.

C.3 GRPO Training Configuration 1013

We train all GRPO-based methods using the TRL 1014

implementation of GRPO. For each prompt x, we 1015

sample a group of G candidate responses {yj}Gj=1 1016

from the current policy πθ. Group-wise rewards 1017

are used to compute relative advantages for stable 1018

policy optimization. 1019

GRPO Implementation Following recent prac- 1020

tice, we adopt the default DR-GRPO variant pro- 1021

vided by TRL, which incorporates several stability- 1022

oriented improvements over the original GRPO for- 1023

mulation. Importantly, this implementation choice 1024

is applied consistently to all GRPO-based baselines 1025

and to MAESTRO. Therefore, performance dif- 1026

ferences among GRPO-based methods reflect the 1027

effect of reward design and weighting strategies, 1028

rather than differences in the underlying optimiza- 1029

tion algorithm. 1030

Hyperparameters Table 7 summarizes the main 1031

training hyperparameters. Unless otherwise noted, 1032

these settings are kept identical across baselines on 1033

the same dataset and backbone. 1034

We adjust a small number of system-level set- 1035

tings by dataset/backbone to match response-length 1036

characteristics. For Qwen3-8B, we set the maxi- 1037

mum completion length to 2048 for NR and SS- 1038

GEN, to 512 for ToMBench and EmoBench, and to 1039

1024 otherwise; for Llama-3.1-8B-Instruct we use 1040

1024 across all datasets. We also set the reference 1041

synchronization interval to 6 steps by default, and 1042
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Parameter Value

Optimizer AdamW
Learning rate 1.0e-5
Weight decay TRL default
Warmup ratio / steps TRL default
Scheduler TRL default
Max training epochs 2
Prompt batch size 15
Gradient accumulation steps 1
Number of generations 5
Max prompt length TRL default
Max generation length 512-2048
Sampling temperature 0.8
Top-p / Top-k TRL default

KL coefficient β 0.1
Reference sync interval 6-12
Reference mixup alpha 0.6

Loss type DR.GRPO
Top entropy quantile 0.2
Importance sampling Sequence-level
Mask truncated completions True

Precision bf16
LoRA Disabled
Training GPUs 6 GPUs
vLLM server GPUs 2 GPUs

Table 7: GRPO training hyperparameters used in our
experiments. All unspecified hyperparameters follow
the default settings of the TRL framework. We adopt
TRL’s DR-GRPO implementation consistently for all
GRPO-based baselines and MAESTRO.

to 12 steps for SS-GEN to allow slightly more ex-1043

ploration in long-form generation. All methods on1044

the same dataset/backbone share the same settings.1045

C.4 Reward Aggregation and Normalization1046

All reward components are computed at the re-1047

sponse level. For each prompt, we obtain a raw1048

reward vector r(x, y) ∈ RK for each sampled re-1049

sponse y. The final scalar reward used by GRPO is1050

denoted as R(x, y).1051

Group-wise Normalization To stabilize opti-1052

mization across heterogeneous tasks and reward1053

scales, we apply group-wise normalization within1054

each GRPO group. In particular, rank-based nor-1055

malization is applied to selected reward signals1056

(e.g., perplexity- and entropy-based rewards), map-1057

ping values to [0, 1] within each group. The result-1058

ing scalar rewards are then used to compute relative1059

advantages.1060

C.5 GRPO Advantage Computation1061

Given a group of G sampled responses for the same1062

prompt, we compute the (scalar) reward for each1063

response and derive a group-relative advantage by1064

subtracting a group baseline. We follow the stan- 1065

dard GRPO protocol implemented in TRL. Unless 1066

otherwise specified, advantages are computed and 1067

normalized within each group before policy up- 1068

dates. 1069

C.6 Distributed Training and Implementation 1070

We conduct training on A100 GPUs using dis- 1071

tributed data-parallel training. We use the 1072

accelerate library for multi-GPU synchroniza- 1073

tion. Model rollouts dominate the overall training 1074

time; therefore, we keep generation settings fixed 1075

across baselines to ensure fair wall-clock compari- 1076

son. 1077

D Evaluation Protocol 1078

Due to the open-ended nature of the evaluated tasks, 1079

constructing deterministic or rule-based evaluation 1080

functions is infeasible. Therefore, we adopt an 1081

LLM-as-a-Judge protocol to assess model outputs 1082

across all datasets. 1083

D.1 Judge Models 1084

We use different judge models depending on task 1085

characteristics. For creative writing (SS-GEN) and 1086

multilingual generation (OPUS-Books), which re- 1087

quire strong generative and multilingual capabili- 1088

ties, we use Gemini-2.5-Flash as the judge. For all 1089

other datasets, including general reasoning and so- 1090

cial intelligence benchmarks, we use Qwen3-235B- 1091

A32B. These choices follow standard practice and 1092

are motivated by the strengths of the respective 1093

judge models in the target domains. 1094

D.2 Evaluation Consistency 1095

For each dataset, we strictly ensure that all com- 1096

pared methods and backbone models are evaluated 1097

using identical judge models, prompts, sampling 1098

settings, and comparison protocols. Thus, perfor- 1099

mance differences reflect differences in model be- 1100

havior rather than evaluation artifacts. 1101

D.3 Voting Protocol 1102

For each prompt, we sample multiple responses 1103

from each model and conduct pairwise compar- 1104

isons using the LLM judge. Each comparison is re- 1105

peated three times with independent sampling from 1106

the judge model. The final preference outcome is 1107

determined by majority vote. This procedure re- 1108

duces variance and improves the robustness of the 1109

evaluation. 1110
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Evaluation Prompt (Creative Writing)

You are a writing evaluation model.
Your task is to evaluate whether the given
answer is a high-quality and complete
response that fully satisfies the writing
prompt.

Writing Prompt:
{q}

Reference Answer (if provided, do NOT
evaluate this, just use for context):
{ref}

Model Answer to Evaluate:
{ans}

Answer the question and return in the fol-
lowing format:

...
So the result is {True/False}

Figure 5: Illustrative evaluation prompt for creative
writing tasks.

Task-specific Evaluation Prompts We employ1111

task-aware evaluation prompts to better reflect the1112

intended objectives of different benchmarks. For1113

creative writing (SS-GEN), we use a dedicated1114

creative-writing evaluation prompt as shown in1115

Fig 5 that emphasizes creativity, coherence, and1116

overall writing quality. For general reasoning tasks,1117

we primarily adopt a strict correctness verification1118

prompt as shown in Fig 6 that evaluates model out-1119

puts against reference answers. Notably, for Nat-1120

ural Reasoning (NR), which features more open-1121

ended reasoning styles and multiple valid solution1122

paths, we use a more lenient correctness prompt1123

as in Fig 7 that allows for semantically equivalent1124

answers and partial variations in reasoning.1125

Robustness to Judge Model Choice While we1126

use Gemini-2.5-Flash as the judge for SS-GEN and1127

OPUS-Books due to their higher demands on gener-1128

ative and multilingual capabilities, we observe that1129

for all other datasets, evaluation results are largely1130

insensitive to the choice of judge model. Specif-1131

ically, using different large-scale judges yields1132

highly consistent preference rankings across meth-1133

ods, suggesting that our reported results are robust1134

to the particular choice of evaluation model outside1135

of creative writing and multilingual tasks.1136

Evaluation Prompt (General Reasoning,
Strict)

You are an answer verification model.
Your task is to determine whether the
model’s answer is CORRECT with respect
to the gold answer.

Question:
{q}

Gold Answer (this is the only correct an-
swer you should use for judgment):
{ref}

Model Answer to Evaluate:
{ans}

Answer the question and return in the fol-
lowing format:

...
So the result is {True/False}

Figure 6: Strict illustrative evaluation prompt for gen-
eral reasoning tasks.

E Conductor Implementation Details 1137

This appendix provides implementation details of 1138

the Conductor module, including its architecture, 1139

training objective, update schedule, and hyperpa- 1140

rameters. The Conductor is implemented as a 1141

lightweight auxiliary network and introduces negli- 1142

gible overhead compared to the backbone LLM. 1143

E.1 Architecture and Forward Computation 1144

The Conductor is implemented as a lightweight 1145

linear prediction head parameterized by ϕ. It 1146

takes as input a contextual semantic representa- 1147

tion h(x, y) ∈ Rd, extracted from the final hidden 1148

layer of the backbone LLM after processing the 1149

full prompt–response sequence, and outputs a K- 1150

dimensional vector of logits: 1151

α = fϕ(h(x, y)). 1152

These logits are transformed into a continu- 1153

ous reward weight vector w(h) ∈ ∆K−1 via a 1154

temperature-controlled softmax: 1155

wk(h) =
exp(αk/τ)∑K
j=1 exp(αj/τ)

. 1156

To prevent degenerate solutions, we enforce a min- 1157

imum probability constraint and renormalize the 1158

resulting weights. 1159
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Evaluation Prompt (General Reasoning, Le-
nient)

Please evaluate whether the given answer is
correct for the question.

Question:
{q}

Reference Answer (not to be evaluated):
{ref}

Given Answer to be Evaluated:
{ans}

Answer the question and return in the fol-
lowing format:

...
So the result is {True/False}

Figure 7: Illustrative evaluation prompt for lenient cor-
rectness assessment.

At inference time, the Conductor always pro-1160

duces a continuous weight vector, enabling smooth1161

trade-offs among multiple reward objectives. This1162

asymmetric design mirrors the formulation in Sec-1163

tion 3.2: while training relies on discrete sampling1164

for unambiguous credit assignment, inference em-1165

ploys the full continuous distribution to achieve1166

stable multi-objective balancing.1167

E.2 Discrete Training Objective1168

Although the Conductor outputs continuous re-1169

ward weights during inference, it is trained using1170

a discrete latent action formulation to enable sta-1171

ble rollout-level credit assignment. For each sam-1172

pled rollout yi,j corresponding to prompt xi, the1173

Conductor samples a reward-orchestration action1174

ai,j ∼ πϕ(· | hi,j), where hi,j = h(xi, yi,j). Each1175

action ai,j ∈ {1, . . . ,K} corresponds to emphasiz-1176

ing a specific reward mode during training.1177

Following the formulation in Section 3.2, the1178

Conductor is optimized using a REINFORCE-style1179

meta-objective. Given a meta-batch of N prompts,1180

each with G rollouts, the meta-loss is defined as:1181

Lmeta = − 1

N ·G

N∑
i=1

G∑
j=1

Âi,j · log πϕ(ai,j | hi,j),

(5)1182

where Âi,j denotes the group-relative GRPO ad-1183

vantage of the j-th rollout for prompt xi, computed1184

under the scalarized reward induced by (hi,j , ai,j).1185

Parameter Value

Input representation Final-layer embedding
Number of reward objectives (K) 5
Optimizer AdamW
Learning rate 5e-5
Update interval (M ) 3-6 GRPO steps
Entropy regularization Enabled
Entropy coefficient λent 1e-3
Softmax temperature τ Learned (init=1.0)
Minimum probability ϵ 1e-4

Table 8: Hyperparameters for the Conductor module.

This formulation ensures that the Conductor re- 1186

ceives direct learning signals reflecting the effec- 1187

tiveness of its reward-emphasis decisions at the 1188

rollout level. 1189

E.3 Regularization and Stability 1190

To encourage exploration over reward emphases 1191

and prevent premature collapse, we augment the 1192

meta-loss with an entropy regularization term: 1193

Lent = −λentH(πϕ(· | h)) . (6) 1194

This regularization delays over-confident reward 1195

assignments and stabilizes learning, particularly 1196

during early training. Temperature scaling and 1197

minimum-probability constraints further ensure 1198

that all reward components remain explorable 1199

across diverse contexts. 1200

E.4 Hyperparameters 1201

The Conductor is optimized using a REINFORCE- 1202

style policy gradient objective with asynchronous 1203

updates. Unless otherwise specified, hyperparame- 1204

ters are fixed across datasets and backbone models. 1205

We update the Conductor periodically every M 1206

GRPO steps. By default, we use M = 3, and for 1207

SS-GEN we adopt a slower schedule (M = 6) to 1208

match the longer-horizon exploration setting where 1209

the reference model is synchronized less frequently 1210

(12 vs. 6 steps). Table 8 summarizes the hyperpa- 1211

rameters used in all experiments. 1212

F Implementation Details of 1213

LLM-as-a-Judge Rewards 1214

This section provides implementation details for 1215

the LLM-as-a-Judge reward baseline reported in 1216

the main paper. The purpose is to clarify how the 1217

judge-based reward is integrated into the GRPO 1218

pipeline, rather than to introduce additional experi- 1219

mental comparisons. 1220
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Evaluation Prompt (LLM-as-a-Judge)

You are a strict but fair evaluation model.
You are given a question, a reference an-
swer, and a candidate response to be evalu-
ated.

Question:
{-question-}

Reference Answer:
{-references-}

Candidate Answer to Evaluate:
{-completion-}

Please assign a score between 0 and 1 to
reflect the quality of the candidate answer
with respect to the question:
– 0 indicates the answer is completely incor-
rect or irrelevant;
– 1 indicates the answer is fully correct, clear,
and relevant;
– The score may be any decimal value be-
tween 0 and 1 (e.g., 0.0, 0.25, 0.73, 1.0).

You must output only a single decimal
number between 0 and 1. Do not output
any additional text, symbols, or explana-
tions. Simply output the score itself, for
example:
0.73

Figure 8: Illustrative LLM-as-a-Judge prompt for
GRPO reward.

We implement the LLM-as-a-Judge reward1221

within the same GRPO training framework used by1222

MAESTRO. All training hyperparameters, rollout1223

settings, reference model updates, and optimization1224

schedules are kept identical. The only difference1225

lies in the reward computation.1226

Specifically, for each prompt, we first filter1227

model outputs to retain only responses that satisfy1228

the required output format. Each valid response1229

is then evaluated by a large language model judge1230

using the same task-specific evaluation prompts1231

described in Fig 8. The judge produces a continu-1232

ous score in the range [0, 1], reflecting the overall1233

quality or correctness of the response.1234

Following standard GRPO practice, these judge1235

scores are converted into scalar rewards by ranking1236

responses within each rollout group and applying1237

rank-based normalization. The resulting normal- 1238

ized rewards are then used for advantage estimation 1239

and policy optimization. 1240

This implementation isolates the effect of the re- 1241

ward signal itself, ensuring a fair comparison with- 1242

out introducing additional differences in training 1243

dynamics or evaluation protocols. 1244

G Group-Relative Policy Optimization 1245

(GRPO) Details 1246

GRPO Objective Given a prompt x, GRPO sam- 1247

ples a group of G responses {yj}Gj=1 from the pol- 1248

icy πθ. For each response, a scalar reward R(x, yj) 1249

is computed, and group-relative advantages are ob- 1250

tained as: 1251

Âj =
R(x, yj)− µR

σR
, 1252

where µR and σR denote the mean and standard 1253

deviation of rewards within the group. 1254

GRPO optimizes the policy by maximizing 1255

group-relative advantages with KL regularization: 1256

LGRPO(θ) = Ex,y∼πθ

[
Â(x, y)

]
−βKL(πθ ∥πref) . 1257

Here, the KL term penalizes deviation from a refer- 1258

ence policy πref , serving as a trust-region constraint 1259

to stabilize policy updates. 1260

Group-Relative Advantages In GRPO, rewards 1261

are normalized within each rollout group before 1262

computing advantages: 1263

Âi,j =
Ri,j − µi

σi
, 1264

where µi and σi denote the mean and standard de- 1265

viation of rewards for prompt xi. This group-wise 1266

normalization removes prompt-dependent reward 1267

scale and bias, so policy updates depend only on 1268

the relative quality of responses generated for the 1269

same prompt. As a result, GRPO achieves stable 1270

optimization even when reward magnitudes vary 1271

substantially across tasks or inputs 1272

H Use of AI Assistance 1273

We used AI-based tools to assist with language 1274

editing and clarity during the writing of this pa- 1275

per. The AI assistance was limited to improving 1276

phrasing, grammar, and overall readability, and did 1277

not contribute to the scientific content of the work. 1278

All research ideas, methodological design, experi- 1279

ments, analyses, and conclusions were developed 1280

solely by the authors. 1281
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