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Abstract001

Large language model alignment via rein-002
forcement learning depends critically on re-003
ward function quality. However, static,004
domain-specific reward models are often005
costly to train and exhibit poor generaliza-006
tion in out-of-distribution scenarios encoun-007
tered during RL iterations. We present008
RLAR (Reinforcement Learning from Agent009
Rewards), an agent-driven framework that dy-010
namically assigns tailored reward functions to011
individual queries. Specifically, RLAR trans-012
forms reward acquisition into a dynamic tool013
synthesis and invocation task. It leverages LLM014
agents to autonomously retrieve optimal re-015
ward models from the Internet and synthesize016
programmatic verifiers through code genera-017
tion. This allows the reward system to self-018
evolve with the shifting data distributions dur-019
ing training. Experimental results demonstrate020
that RLAR yields consistent performance gains021
ranging from 10% to 60% across mathemat-022
ics, coding, translation, and dialogue tasks. On023
REWARDBENCH-V2, RLAR significantly out-024
performs static baselines and approaches the025
performance upper bound, demonstrating su-026
perior generalization through dynamic reward027
orchestration.1028

1 Introduction029

Large language model (LLM) alignment via rein-030

forcement learning (RL) has achieved substantial031

progress, where a policy model’s parameters are032

iteratively updated to maximize rewards from an033

oracle (Schulman et al., 2017; Ouyang et al., 2022;034

Shao et al., 2024). The effectiveness of this process035

hinges on the quality of the reward system, which036

is required to reliably score candidate responses037

in the context of queries and reference responses.038

This requirement often dictates the ceiling of model039

performance, thus becoming a core focus.040

1The data and code are available on https://anonymous.
4open.science/r/ACL2026-RLAR.
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Figure 1: A conceptual comparison between traditional
reward modeling and our proposed RLAR framework.

Currently, trending developing practices of build- 041

ing a reward system are to create a static judge 042

model (Liu et al., 2024; Lambert et al., 2025), in- 043

cluding gathering a wide range of training data, and 044

the judge would therefore cover the distribution. 045

However, this practice faces the out-of-distribution 046

challenges when shifting reward models to un- 047

seen domains (Agarwal et al., 2025; Krumdick 048

et al., 2025). Meanwhile, gathering reward train- 049

ing data is hindered by prohibitive annotation 050

costs, the need for niche domain expertise (Zhang 051

et al., 2025c; Li et al., 2025b), and susceptibility 052

to introducing bias from distillation of synthetic 053

data (Wang et al., 2024a; Li et al., 2025a; Krumdick 054

et al., 2025). 055

We aim at bridging the gap for a high-quality 056

and generalizable rewarding system at a controlled 057

cost without much expertise or effort. We propose 058

RLAR (Reinforcement Learning from Agentic Re- 059

wards), an automated framework capable of dy- 060

namically scaling the reward system as the training 061

data extends. We leverage the tool-calling capabili- 062

ties of LLMs to enable the agentic exploration of 063

high-quality reward model resources across the In- 064

ternet model repositories. These specialized mod- 065

els typically outperform generic reward models 066

on their intended tasks, yet they remain an un- 067

derutilized resource. Additionally, we incorpo- 068
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rate code-generation abilities to synthesize auto-069

mated verifiers for math and coding-related tasks,070

eliminating the possible loopholes introduced by071

large language reward models. By shifting from072

learning from LLMs’ “score-form feedback” to its073

“designed reward functions”, RLAR ensures high-074

fidelity reward signals with domain shifts while sig-075

nificantly reducing the inference costs associated076

with construction of additional reward models.077

We evaluate the RLAR across a diverse suite078

of tasks, including math-reasoning (Hendrycks079

et al., 2021; Cobbe et al., 2021), code (Xia et al.,080

2025; Austin et al., 2021), translation (Huang081

et al., 2025; NLLB Team, 2022; Goyal et al., 2021;082

Guzmán et al., 2019) and general chat (Ding et al.,083

2023). We compare our agentic reward synthesis-084

leveraging framework against state-of-the-art static085

reward models, including classification (Liu et al.,086

2024), generative ones (Tu et al., 2024) and GPT5-087

as-a-judge. RLAR achieves overall performance088

improvements of 10.4% and 61.9% on Llama-3.1-089

8B and Qwen3-8B, significantly surpassing static090

classification and generative baselines. Unlike091

baselines such as SkyLlama, which suffer from092

performance decrements in math reasoning tasks093

during mixed training, RLAR dynamically mod-094

els domain objectives across math, code, transla-095

tion, and chat. Notably, RLAR demonstrates en-096

hanced robustness to format and verbosity hack-097

ing, while there is still loopholes in baselines, even098

the GPT5-as-a-judge. Finally, compared to GPT-5-099

as-a-judge, RLAR reduces API token consumption100

by approximately 80% and GPU training hours by101

75%, demonstrating RLAR’s scaling potentials.102

Further experiments demonstrate that the effec-103

tiveness of RLAR mainly comes from the accu-104

rate reward tool selection, and we calibrate it with105

REWARDBENCH-V2. Our Agentic Reward Tool106

Selector obtained 90.44% accuracy by routing107

queries to the most suitable reward models, outper-108

forming both the SOTA 87.19% and SOTA-model109

logits ensembling 87.44%. These results indicate110

that dynamic routing more effectively approaches111

the theoretical upper bound.112

2 Preliminaries113

2.1 LLM post-training using RL114

In reinforcement learning from human feedback115

(RLHF), the Proximal Policy Optimization al-116

gorithm (Schulman et al., 2017) is frequently em-117

ployed for policy optimization. The typical work-118

flow begins with a warm-start training phase in 119

which a Value Model (often a reward model) is 120

learned. Training triplets (x, y+, y−) are sampled 121

from human preference data, with y+ being the 122

preferred over y−. Let rθ(x, y) be the reward as- 123

signed by model given prompt x and response y, 124

the learning objective function can be expressed as: 125

L(θ) = − 1

N
E(x,y+,y−)∼D

[
log σ

(
∆rθ

)]
, 126

where σ(·) is the logistic sigmoid function and 127

∆rθ = rθ(x, y+)− rθ(x, y−) . 128

We research a more training-efficient frame- 129

work. The Group Relative Policy Optimization 130

(GRPO) (Shao et al., 2024) modifies the advantage 131

estimation to reduce the dependence on a learnable 132

value model for estimating the advantage baseline. 133

Instead, GRPO computes the normalized advantage 134

within a group of sampled outputs: 135

Âi =
ri −mean(r)

std(r)
, 136

where r = {ri}Gi=1 are the rewards assigned to G 137

candidate outputs for the same prompt, mean(r) 138

and std(r) are computed over the group. Also, the 139

Kullback-Leibler Divergence term is removed from 140

the per-step reward and is instead applied directly 141

to the overall optimization objective: 142

max
ϕ

E x∼D,
{yi}Gi=1∼πold(yi|x)

[
1

G

G∑
i=1

min

{
πθ(yi|x)
πold(yi|x)

, 143

clip

(
πθ(yi|x)
πold(yi|x)

, 1− ϵ, 1 + ϵ

)}
Âi,

]
144

− β DKL[πϕ ∥ πref ] . 145

This formulation reduces sensitivity to reward 146

model estimation errors by leveraging relative com- 147

parisons within output groups. 148

2.2 Task Design and Evaluation 149

We studied the blended domains where real LLM 150

post-training usually focuses on: mathematical 151

reasoning, code and programming, translation, 152

and general conversation tasks. We aim to pro- 153

mote the importance of cross-domain generaliza- 154

tion and expose the need to dynamically design 155

a customized reward function for diverse task do- 156

mains. We show information about the datasets 157

used in our experiment in Table 1. 158
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Domain Dataset Train Size Test Size OOD Evaluation Metric

Math
GSM8K 1,500 1,319 ✗

Numeric MatchHENDRYCKS-MATH 1,500 500 ✗
AIME-24/25 0 60 ✓

Code LEETCODE-DATASET 2,585 223 ✗ Unit Test ExecutionMBPP 0 974 ✓

Translation FLORES-200 3,000 300 ✗ Hybrid (LLM-Judge + BLEU)WMT-24 0 500 ✓

General ULTRACHAT 2,500 200 ✗ Model-based (LLM-as-a-Judge)

Table 1: Summary of domains and datasets considered across Math, Code, Translation, and General Conversation.
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Figure 2: The Reinforce Learning with Agentic Reward (RLAR) Framework.

3 Methodology159

To address the inherent limitations of monolithic160

reward models in handling heterogeneous task dis-161

tributions, we propose Reinforcement Learning162

with Agentic Reward (RLAR). Unlike static re-163

ward functions, RLAR is a self-evolving frame-164

work that leverages the tool-use capabilities of165

LLMs to dynamically synthesize, verify, and in-166

voke specialized reward tools.167

3.1 Problem Formulation168

We formalize the RLAR framework as a dynamic169

reward synthesis and calling problem. Given an170

input context triplet (q, r, r̂) comprising a query,171

the candidate response, and the reference answer,172

our objective is to compute a precise scalar reward173

s ∈ R that reflects the response quality.174

The framework operates on a Reward Toolset175

(Library) F = {f1, f2, . . . , fn}, where each fi :176

(q, r, r̂) → s is an atomic reward tool (e.g., an177

LLM-classifier-based Reward Model, a code-based178

checker, or a heuristic rule). Initially, F is popu- 179

lated with a general-purpose base reward model 180

(e.g., Skywork-Llama). As the framework encoun- 181

ters more queries from diverse tasks, F expands 182

through agentic synthesis: Ft+1 = Ft ∪ {fnew}. 183

3.2 Adaptive Reward Routing and Selection 184

A core challenge in RLAR is determining whether 185

the current toolset F can accurately evaluate a 186

given (q, r, r̂). We introduce a Policy Router 187

πagent, which serves as the decision-making core. 188

Completeness Assessment: For each incoming 189

(q, r, r̂), πagent assesses the competency of the ex- 190

isting library. We formalize this as a classification- 191

of-intent task: 192

a = πagent(state = (q, r, r̂),F) (1) 193

where a ∈ {Select, Synthesize}. 194

Tool Selection: If F is complete (a = Select), 195

a selection module ϕselect identifies the optimal 196
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reward tool ft ∈ F by matching the task metadata197

with tool descriptions.198

Tool Synthesis: If no suitable tool exists (a =199

Synthesize), it calls the Agentic Synthesis module200

to construct the missing reward tool.201

3.3 Agentic Tool Synthesis202

When a tool is missing from the reward tool library203

F , RLAR invokes specialized agents to construct204

a new reward tool fnew. Considering different re-205

ward system types, we designed WrapLLM and206

CodeVerify to fulfill this goal.207

3.3.1 WrapLLM208

The LLM agent retrieves and encapsulates the209

most compatible lightweight (within 10B) Reward210

Model repository from the open-sourced model211

platform HuggingFace. They suit tasks requiring212

semantic nuances, creativity, or value alignment.213

The agent follows an iterative retrieval workflow:214

(1) Generate a search query for the search engine215

(2) Iteratively retrieving from the search engine (3)216

Filter and rerank results for the most related reward217

model (4) Download and implement the deploy-218

ment and inference code (5) Wrap (generating the219

function names, descriptions) into an API for tool220

calling. The workflow transforms a reward model221

checkpoint into a callable tool for F .222

3.3.2 CodeVerify223

The agent follows a Plan-and-Execute strategy to224

generate deterministic verifiers for objective tasks225

such as mathematics and programming. It would226

initially plan at most 5 possible schemes and im-227

plement the optimal one into reward tool.228

The agent generates Python-based scripts that229

vary from task type. For example, retrieving the230

final answer from a formatted solution as a reward231

tool is suited for math; retrieving and arranging232

generated code and executing it with test cases233

would be suited for code. Furthermore, for tasks234

such as translation, it would implement a metric235

(e.g., ROUGE, BLEU, METEOR) based reward236

tool. The prompts for the above are provided in237

Appendix D.4.238

3.4 Verification and Library Update239

To ensure the reliability of the synthesized tools,240

each fnew must pass a module (EvalTool) before241

being committed to F . For WrapLLM, it examines242

the consistency between the model-as-a-tool de-243

scription and its original documentation. For Code-244

Verify, it performs analysis on code implementation 245

and execution checks on synthesized scripts. Only 246

tools that satisfy these verifications are committed 247

to the library: F ← F ∪ {fnew}. 248

4 Experiments 249

4.1 Dataset and Evaluation 250

Math Reasoning: We use GSM8K (Cobbe et al., 251

2021) and HENDRYCKS-MATH (Hendrycks et al., 252

2021) for mathematical reasoning. The goal is to 253

reason for the final numeric solution. 254

Coding: We select the LEETCODE-DATASET (Xia 255

et al., 2025), which asks the testers to fill in the 256

LeetCode cloze-style function implementation. 257

Translation: We sample from FLORES- 258

101 (Goyal et al., 2021) to cover 20 translation 259

pairs across five languages (CN, DE, EN, FR, JP, 260

in alphabetical order). This task requires mastery 261

across languages and is important for LLMs’ acces- 262

sibility to worldwide users, especially non-English 263

speakers. 264

General Alignment: ULTRACHAT (Ding et al., 265

2023) is employed to train and evaluate multi-turn 266

dialogue and instruction-following capabilities. 267

Generalization Challenge. To assess the ro- 268

bustness of the trained policy, we applied bench- 269

marks including AIME-24/25 for math reasoning, 270

MBPP (Austin et al., 2021) for Python synthe- 271

sis, and WMT-24 for unseen translation contexts. 272

These benchmarks evaluate that the post-trained 273

model can generalize rather than over-fit to the spe- 274

cific heuristics of the training reward models, as an 275

indication of reward hacking. 276

Data Process. For all queries in the training 277

dataset split, we applied an automated quality fil- 278

tering process, requiring the LLM to remove sam- 279

ples that did not meet the standards based on both 280

query quality and response quality. The prompt 281

is provided in Appendix B.2. Then we uniformly 282

downsample over GSM8K, HENDRYCKS-MATH, 283

FLORES-200, WMT-24, ULTRA-CHAT to ensure 284

a balanced distribution of queries across differ- 285

ent dataset sources. To facilitate our experiments, 286

we obtained the reasoning outputs of GPT-5 on 287

all queries. For dataset queries lacking human- 288

annotated reasoning references, we supplemented 289

them with the results from GPT-5. Table 1 shows 290

the statistics of the train and validation sets. A more 291

detailed introduction of the task and our selected 292

dataset is listed in Appendix B. 293

Evaluation Metrics. To ensure evaluation rigor, 294
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we apply Numeric Exact Match (NEM) at Best@1295

for mathematical reasoning tasks. For code gen-296

eration, we report pass@1 verified by automated297

code executors. For translation tasks, we report298

both BLEU (Papineni et al., 2002) and LLM-judge299

scores, while general dialogue tasks are evaluated300

solely by the LLM-judge. Additionally, we mea-301

sure the average generation lengths across all302

benchmarks to detect potential reward-hacking be-303

haviors associated with the verbosity bias inherent304

in LLM-based rewarding. GPT-5 is utilized as the305

primary evaluator for all LLM-as-a-judge assess-306

ments, and the 0-10 scoring range is normalized307

to 0-100 in accordance with other metrics. We308

provide an average score computed by averaging309

individual benchmark results. Specifically, for the310

translation benchmark, the score is a composite of311

0.5 BLEU-2 and 0.5 LLM-judge.312

4.2 Experimental Setup313

Base Models: We use Qwen3-8B (Yang et al.,314

2025) and Llama-3.1-8B-Instruct (Weerawardhena315

et al., 2025) as base models. To examine various316

reward system architectures, we incorporate the317

following baselines:318

Classification Reward Baselines: For the319

single classification reward model setting, we320

select Skywork-Reward-V2-Llama-3.1-8B321

(SkyLlama) and Skywork-Reward-V2-Qwen3-8B322

(SkyQwen) (Liu et al., 2024), both of which323

represent the state-of-the-art on REWARDBENCH-324

V1/V2 (Lambert et al., 2024; Malik et al., 2025a).325

Additionally, we incorporate Seed-X-8B-RM326

(SeedX) due to its robust performance in327

multilingual contexts (Cheng et al., 2025).328

Generative Reward Baselines: We evaluate329

the Skywork/Skywork-Critic-Llama-3.1-8B330

(SkyCritic) (Tu et al., 2024) , which generates331

natural language justifications with its judgments.332

Furthermore, we employ GPT-5-as-a-judge333

(GPT5-judge) as a high-capacity competitor,334

following the RL from AI Feedback paradigm (Lee335

et al., 2024). In this setup, GPT-5 is prompted to336

act as an evaluator, and its numerical scores are337

extracted as reward signals. The specific prompt338

template is detailed in Appendix C.2.339

Human Baseline: We implement a task-specific340

reward system to calibrate performance against op-341

timal human-defined heuristics. For each task, the342

reward function is defined by the metrics most ap-343

propriate for the domain. Specifically, we utilize344

NEM for mathematics: 345

Rmath(r, â) =

{
1, if NEM(r, â)

0, otherwise
346

where â denotes the ground-truth numerical answer, 347

and pass@1 for coding: 348

Rcode(r) =

{
1, if Exec(r) = Pass
0, otherwise

349

For translation, the reward is calculated as a hybrid 350

score w1 · BLEU + w2 · SeedX, where the scal- 351

ing factor is w1 = 1/2, w2 = 1/2 and SeedX’s 352

score is normalized to (0, 1). The dialogue tasks 353

are rewarded only by SkyLlama. We have attached 354

the training configurations in Appendix C.1 and 355

hyperparameter for training in Appendix C.3. 356

RLAR is powered by GPT-5 by default. 357

4.3 Main Results 358

Superiority of RLAR across Mixed Domains. 359

RLAR consistently outperforms both classification- 360

based and generative reward baselines across mul- 361

tiple tasks and backbone models (average score 362

+10.4% on Llama and +61.9% on Qwen). No- 363

tably, RLAR achieves the best results in the ma- 364

jority of benchmarks (73.6 NEM on GSM8k for 365

Llama-3.1 and 23.3 Pass@1 on LeetCode for 366

Qwen3) without incurring significant performance 367

degradation in other data distributions. The in- 368

crease can also be found in the OOD benchmarks 369

AIME-24(+16.6), AIME-25(+13.3), AIME- 370

24(+5.03) and WMT-24(+3.41 BLEU). In con- 371

trast, SkyLlama, SkyQwen, SeedX suffer from 372

catastrophic failures when faced with Qwen3 on 373

GSM-8K (−31.9) and ULTRACHAT while they ex- 374

hibits benefits to HENDYRCKS and LEETCODE. 375

This indicates that RLAR maintains stable and 376

generalizable performance by dynamically mod- 377

eling domain objectives into new reward function 378

designs without neglecting specific distributions. 379

The results from Llama-3.1 indicate that RL 380

post-training might not be beneficial, probably 381

due to its near-saturated base model performance 382

(60.5 on GSM8k, 41.17 on MBPP). However, 383

RLAR still causes most increases on most in- 384

distribution and OOD test-benches (+13.1 on 385

GSM-8k, +3.41 on WMT evaluated by BLEU). 386

SkwLlama, SkyQwen, SkyCritic mostly failed 387

on GSM8k, causing catastrophic performance loss 388

(−49.2,−44.3,−15.9). They also rarely show ben- 389

efits on OOD benchmarks (AIME, MBPP, WMT), 390
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Domain Avg. Math Code Translation General

Dataset Score GSM8k HEND AIME24 AIME25 LCode MBPP Flore WMT24 UChat Avg Len

Metric - NEM Pass@k NEM NEM Pass@k Pass@k BLEU-2 LLM-J BLEU-2 LLM-J LLM-J #

Llama-3.1-8B

Base 37.81 60.50 49.80 6.67 0.00 11.21 41.17 21.04 77.27 26.39 79.24 68.97 152.84
SkyLlama 23.47 11.30 ↓49.20 47.60 ↓2.20 3.33 ↓3.34 0.00 - 8.97 ↓2.24 7.80 ↓33.37 21.16 ↑0.12 45.32 ↓31.95 23.23 ↓3.16 54.68 ↓24.56 60.03 ↓8.94 147.39
SeedX 17.29 1.21 ↓59.29 42.20 ↓7.60 6.67 - 0.00 - 0.00 ↓11.21 13.76 ↓27.41 0.00 ↓21.04 23.24 ↓54.03 0.00 ↓26.39 42.76 ↓36.48 58.73 ↓10.24 89.95
SkyQwen 31.68 16.15 ↓44.35 46.60 ↓3.20 3.33 ↓3.34 0.00 - 11.66 ↑0.45 36.04 ↓5.13 26.42 ↑5.38 77.53 ↑0.26 29.80 ↑3.41 78.74 ↓0.50 65.13 ↓3.84 134.21
SkyCritic 34.05 44.58 ↓15.92 48.00 ↓1.80 10.00 ↑3.33 0.00 - 10.31 ↓0.90 45.69 ↑4.52 25.31 ↑4.27 42.53 ↓34.74 28.21 ↑1.82 67.82 ↓11.42 65.93 ↓3.04 106.97
GPT5-Judge 39.89 71.95 ↑11.45 43.20 ↓6.60 6.67 - 6.67 ↑6.67 7.17 ↓4.04 45.17 ↑4.00 20.35 ↓0.69 82.50 ↑5.23 26.37 ↓0.02 84.42 ↑5.18 71.32 ↑2.35 203.31
Human 33.56 42.38 ↓18.12 40.00 ↓9.80 3.33 ↓3.34 3.33 ↑3.33 10.31 ↓0.90 37.37 ↓3.80 26.61 ↑5.57 70.67 ↓6.60 29.81 ↑3.42 75.88 ↓3.36 63.87 ↓5.10 76.76
RLAR(Ours) 41.73 73.61 ↑13.11 54.60 ↑4.80 13.33 ↑6.66 6.67 ↑6.67 11.66 ↑0.45 43.18 ↑2.01 26.73 ↑5.69 74.83 ↓2.44 29.80 ↑3.41 79.54 ↑0.30 67.03 ↓1.94 141.85

Qwen3-8B

Base 29.12 31.99 19.80 3.33 0.00 6.28 14.27 28.46 84.00 32.50 84.46 71.70 1064.04
SkyLlama 29.25 0.00 ↓31.99 35.80 ↑16.00 10.00 ↑6.67 6.67 ↑6.67 7.62 ↑1.34 14.85 ↑0.58 28.78 ↑0.32 85.59 ↑1.59 33.75 ↑1.25 86.54 ↑2.08 71.00 ↓0.70 844.96
SeedX 35.14 0.00 ↓31.99 72.60 ↑52.80 6.67 ↑3.34 6.67 ↑6.67 21.08 ↑14.80 20.53 ↑6.26 30.34 ↑1.88 84.97 ↑0.97 35.25 ↑2.75 85.14 ↑0.68 70.83 ↓0.87 1135.82
SkyQwen 33.48 0.00 ↓31.99 67.00 ↑47.20 3.33 - 3.33 ↑3.33 15.70 ↑9.42 21.25 ↑6.98 29.70 ↑1.24 85.72 ↑1.72 33.82 ↑1.32 85.18 ↑0.72 73.47 ↑1.77 1192.12
SkyCritic 39.07 51.71 ↑19.72 58.00 ↑38.20 20.00 ↑16.67 6.67 ↑6.67 13.00 ↑6.72 12.32 ↓1.95 28.66 ↑0.20 86.09 ↑2.09 32.52 ↑0.02 86.46 ↑2.00 73.10 ↑1.40 691.97
GPT5-Judge 45.85 91.96 ↑59.97 56.20 ↑36.40 16.67 ↑13.34 10.00 ↑10.00 21.52 ↑15.24 18.17 ↑3.90 28.31 ↓0.15 89.77 ↑5.77 32.64 ↑0.14 88.93 ↑4.47 78.32 ↑6.62 1462.29
Human 44.40 95.30 ↑63.31 53.80 ↑34.00 20.00 ↑16.67 10.00 ↑10.00 8.52 ↑2.24 18.89 ↑4.62 30.71 ↑2.25 85.11 ↑1.11 35.91 ↑3.41 85.22 ↑0.76 74.63 ↑2.93 692.71
RLAR(Ours) 47.16 93.70 ↑61.71 59.80 ↑40.00 20.00 ↑16.67 13.33 ↑13.33 23.31 ↑17.03 19.30 ↑5.03 31.12 ↑2.66 86.49 ↑2.49 36.07 ↑3.57 86.67 ↑2.21 74.81 ↑3.11 986.23

Table 2: Main Experiment Results. For each testset, Bold indicates the best result under that metric, and underline
indicates the second best within each model group. ↑Increment and ↓decrement are calculated relative to the Zero-Shot
baseline for Llama and Qwen. LLM-J is short for LLM-judge, and NEM shorts for numeric exact match. HEND
shorts for HENDRYCKS-MATH, LCode shorts for LEETCODE-DATASET, UChat shorts for ULTRA-CHAT. The
bold benchmarks (AIME24/25, MBPP, WMT24) indicate that they do not include the training data.

indicating the performance gain is less often gener-391

alized outside the training domains. GPT5-Judge392

optimized LLama on GSM8K by 11.4, while caus-393

ing degrades on HENDRYCKS-MATH by 6.60 and394

LEETCODE by 4.04. These demonstrate RLAR’s395

robustness to avoid performance degradation, bene-396

fiting from its more comprehensive reward design.397

Comparison with GPT5-Judge and Human398

Baseline. While GPT5-judge serves as a399

competitive baseline, it exhibits vulnerabilities400

in rule-heavy tasks. For example, on Llama-401

3.1, GPT5-Judge triggers performance drops on402

Hendrycks-Math and LeetCode compared to zero-403

shot levels (−6.60/−4.04) while RLAR does not404

(+4.80/+0.45), suggesting that reward systems405

lacking explicit rule verification are susceptible406

to “blind spots” in deterministic domains. Further-407

more, RLAR demonstrates significant advantages408

in cost-effectiveness and training efficiency: a409

full 80-step RL training session with GPT-5 costs410

approximately 120 million API tokens, and the411

training takes over GPU 288 hours, whereas RLAR412

reduces them to 23.7 million API tokens and 72413

GPU hours. RLAR represents a highly efficient414

and economical paradigm for RLAIF.415

Intriguingly, RLAR even surpasses the Human416

baseline in several reasoning tasks (Math and417

Code benchmarks on Llama, HENDRYCKS-MATH,418

LEETCODE on Qwen). Qualitative analysis reveals419

that RLAR’s reward signals provide more compre-420

hensive coverage than simple heuristics, incorporat-421

ing additional test cases and rigorous mathematical 422

formatting checks. This effectively increases the 423

completeness of the rule-based verifiers. 424

4.4 Reward Hacking Identification 425

Hack with Format. A critical failure mode 426

observed in classification-based RM baselines on 427

Qwen3-8B is “Format Hacking.” Specifically, all 428

three classification baselines (SkyLlama, SeedX, 429

SkyQwen) collapsed to a 0.00 score on GSM8K. 430

Manual inspection reveals that the policy models 431

learned to bypass task-specific constraints: while 432

the instructions required “####” before GSM8K 433

answers and “\boxed{}” for HENDRYCKS-MATH, 434

the models mistakenly unified all outputs into the 435

Hendrycks format. Thus, baselines may overlook 436

subtle instructional requirements, allowing the pol- 437

icy to ’exploit’ the reward system by mimicking 438

specific output formats rather than optimizing the 439

actual reward. Our method exhibits robustness on 440

such loopholes, as the trained policy can easily 441

handle the formats across all benchmarks. 442

Hack with Verbosity. Furthermore, we observe 443

a persistent verbosity bias in LLM-based rewards 444

baselines. For example, models trained with GPT- 445

5-Judge consistently produced outputs 30% longer 446

than those partly learned from rule-based rewards 447

(Human/RLAR). This confirms that verbosity bias 448

is inherently latent in reward LLMs and is poten- 449

tially triggered during RL. Due to the rewarding 450

versatility and the abundant included verifiable re- 451
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wards, RLAR did not introduce a significant long-452

tail generation problem.453

4.5 Ablations on Modules454

(a) Llama-3.1-8B (b) Qwen3-8B

Figure 3: Ablation studies on Llama-3.1 and Qwen3.

To investigate the contributions of the actions455

within the RLAR framework, we conduct an ab-456

lation study with the following configurations: (1)457

w/o CodeVerify and (2) w/o WrapLLM, which re-458

spectively disable the corresponding actions in the459

tool synthesis module; and (3) w/o Selector, where460

instead of immediate selection post-synthesis, a re-461

ward tool is randomly sampled only after all reward462

tools have been generated. The comparative results463

of these variants are visualized in Figure 3.464

Removing the components of the tool synthesis465

module consistently results in degradation. Specifi-466

cally, without CodeVerify designed tools, mathe-467

matical reasoning and coding task (GSM8K, LEET-468

CODE) drop significantly. WrapLLM is essential469

for chat and translation tasks. The above results470

confirm the necessity of query-specific reward de-471

signs, which is the core motivation of RLAR.472

Moreover, the Random Reward Selection pol-473

icy variant (w/o Selector) emphasizes that reward474

matching is important. The policy degrades on al-475

most all testbenches. This confirms that the appro-476

priate reward system design is crucial in the holistic477

procedure of RL training, and that our framework478

effectively synthesizes high-quality reward tools479

superior to random alternatives.480

4.6 Evaluating Reward Routing and Selection481

The core mechanism of the RLAR framework in-482

volves predicting and selecting the optimal reward483

function for a specific query triplet. As shown484

in the previous section, such a selection strategy485

is crucial for the performance. To demonstrate486

that RLAR achieves superior performance through487

the designed adaptive reward routing and selec-488

tion, we conducted an analytical experiment using 489

REWARDBENCH-V2. 490

Setup. We utilized a randomly and uni- 491

formly sampled subset of 400 instances from 492

the REWARDBENCH-V2 test set. Each instance 493

comprises one preferred (chosen) response and 494

three non-preferred (rejected) responses for a given 495

prompt.2. For each instance, a reward model is 496

required to score all four responses. An instance is 497

considered a pass if the softmax-normalized reward 498

score assigned to the preferred response exceeds a 499

threshold of 0.5. 500

We leveraged the evaluation records of the top 50 501

classification models from the official leaderboard. 502

RLAR is tasked with predicting the reward model 503

most likely to pass a given instance, utilizing the 504

query, candidate responses, and the models’ meta- 505

data. For evaluation simplicity, reward models are 506

presented to the agent as encapsulated tools. We 507

compared the following approaches: Backbone 508

LLM Scaling: Evaluating the impact of different 509

agentic capabilities using GPT-4o, GLM-4.6, and 510

GPT-5.1. Reward Logits Merging: Assessing the 511

effect of ensemble methods by calculating the av- 512

erage scores of the top-k models’ predictions on 513

each candidate responses (mean@k). 514

Results and Discussion. As shown in Table 3, sim- 515

ply merging reward model output logits (mean@k) 516

does not effectively expand the performance ceil- 517

ing; in fact, performance degrades significantly as 518

more models are included (mean@50). In contrast, 519

there is a clear positive correlation between the 520

agentic capability of the backbone LLM and per- 521

formance gains. These findings demonstrate that 522

leveraging LLM reasoning to dynamically select 523

reward models is a viable path for extending re- 524

ward system design, approaching the theoretical 525

performance limit of the available model pool. 526

We have further conducted the analysis on the 527

WrapLLM search engine design. The average re- 528

trieved model repository position is 5.64 in the 529

first page, showing the relatedness. Further error 530

analyses are included in Appendix G.1. 531

5 Related Work 532

5.1 LLM RL Reward Designs 533

In industry, training discriminative reward mod- 534

els (Ouyang et al., 2022; DeepSeek-AI et al., 2025; 535

Liu et al., 2024) is widely regarded as the most 536

2The “Tie” category is excluded due to the test’s input-
output format uniformity.
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Method Avg Precision IF Math Safety Factuality Focus

SOTA 87.19 57.14 60.00 97.12 85.29 99.13

Agentic Selection within RLAR framework
Random 78.39 40.48 60.00 89.42 75.49 90.43
GPT-4o 88.19 57.14 68.57 96.15 87.25 99.13
GLM-4.6 88.69 57.14 68.57 96.15 88.24 100.0
GPT-5.1 90.44 66.67 71.42 96.15 90.19 100.0

Logits Merging Methods
mean@2 87.44 61.90 68.57 95.19 83.33 99.13
mean@10 77.89 47.62 57.14 84.62 76.47 90.43
mean@50 51.51 40.48 48.57 66.35 48.04 46.09

Theoretical Best 93.47 76.19 77.14 97.12 95.10 100.0

Table 3: Comparison of Agentic Selection vs. Reward Merging on REWARDBENCH-V2.

reliable approach for constructing a human pref-537

erence oracle within reinforcement learning (RL)538

frameworks for LLM optimization. In addition,539

generative rewards extend the aforementioned task540

from classification to generation, and have demon-541

strated feasibility in mathematical domains (Zhang542

et al., 2025a), RLHF-based settings (Ke et al., 2024;543

Wang et al., 2024b; Zhu et al., 2025; Li et al., 2023),544

and can be integrated with advances in LLM reason-545

ing, such as CritiqueGRPO (Zhang et al., 2025b).546

With the rapid development of math reasoning and547

code generation, the design of verifiable rewards548

has attracted increasing attention. Binary rewards549

that can be verified through explicit rules have been550

shown to be more efficient in these domains (Shao551

et al., 2024; Lambert et al., 2025). Chang et al.552

(2025) involves employing standard NLP metrics553

to guide instruction-following alignment as an ex-554

tension of aforementioned approach.555

5.2 RL from AI Feedback556

RLAIF (Lee et al., 2024) explores the develop-557

ment of reward models without extensive manual558

labeling of training data. Self-rewarding (Yuan559

et al., 2025) require the policy model to evalu-560

ate and discriminate its own generations. The561

LLM-as-a-judge (Zheng et al., 2023) paradigm em-562

ploys a strong LLM to evaluate another LLM by563

means of a preceding evaluation prompt. RewardA-564

gent (Peng et al., 2025) utilizes an LLM to combine565

pre-specified reward designs. These approaches in-566

evitably embed strong human priors into reward567

design, either through the evaluation prompt or568

through the foundational reward specifications. In569

contrast to RewardAgent, our work extends both570

the design flexibility and the evaluation of reward571

design framework within an RL framework where572

reward is explicitly formulated (specifically GRPO573

rather than DPO). 574

5.3 Dynamic Reward Assigning 575

Recent research in integrating LLM with RL, par- 576

ticularly for reward shaping, has primarily fo- 577

cused on analyzing the agent’s policy trace from 578

prior steps to iteratively refine the reward function. 579

(Afonso et al., 2025) and (Carta et al., 2022) lever- 580

age the LLM’s reasoning to guide reward weight 581

pruning or analyze the trace to determine the appro- 582

priate reward shape design. Other methods, such 583

as (Xie et al., 2025) and (Singla et al., 2024) ex- 584

plore techniques like curriculum scheduling and 585

adjusting the reward schedule via prompt hints. 586

RLAR diverges significantly by harnessing the 587

LLM’s capability to search the web and generate 588

code, allowing it to directly design entirely new 589

rewards rather than being limited to weight adjust- 590

ments. RLAR is also flexible for cross-domain 591

optimization problems, where reward designs dif- 592

fer substantially across various sub-domains, a chal- 593

lenge that existing single-task-focused methods do 594

not fully address. 595

6 Conclusion 596

In this paper, we present RLAR, a novel agentic 597

rewarding framework that designs query-specific 598

reward functions for RL algorithm. By integrating 599

a self-evolving tool library with dynamic synthe- 600

sis and selection, RLAR achieves superior per- 601

formance across diverse domains, including math, 602

code, translation and general chat. Beyond empiri- 603

cal gains, RLAR demonstrates strong robustness 604

against format and verbosity reward hacking. By 605

significantly reducing the costs compared to RLAIF 606

practices, RLAR establishes the “LLM as Reward 607

Designer” paradigm. 608
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7 Limitations609

We primarily validated RLAR on heterogeneous610

tasks in text forms. Due to the budget constraints,611

we did not extend the scope into multi-modal, au-612

dio tasks such as text-to-image generations. We613

believe this is a good exploration field for future614

works. There is still room for further analysis on615

the scalability of the RLAR framework.616

In practice, some repository README would617

become out-dated when reporting (such as claiming618

to be state-of-the-art of that time). Though not619

directly caused by the design, RLAR is potentially620

vulnerable to readme hacking, as our assumption621

is that most of these repo readmes are trustworthy.622

We leave the development for developing more623

robust retrieval modules for future works.624

Lastly, we focus on language models that are625

modeled as text classifiers. This is quite similar626

to practices in the industry, mainly aiming to save627

the computational cost of reward calculation. For628

generative reward models, our framework can sup-629

port development on this basis; however, given the630

constraints of our experimental setup, we consider631

this to be outside the scope of the present work.632
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experiment platforms in Appendix C.3 and Sec-942

tion ??. The prompts involving the usage of LLM943

(primarily GPT-4.1) are filed in Appendix D. The944

above materials are able to reproduce our work.945

B Data Process Details946

B.1 Detailed Introduction of Datasets947

Translation (En-Fr, Fr-En): This task re-948

quires the LLM to translate between English949

and French (in our case, English to French950

and French to English). We use the dataset951

aircrypto/English-French-Translations-Train-Large (Air-952

crypto, 2019) from HuggingFace, which provides953

high-quality, paired sentence-level samples.954

Instruction Following: Given specific re-955

quirements in the provided instructions, the956

LLM should respond accordingly. We use957

tulu3-sft-reused-on-policy-8b, part of the958

Tulu-3 (Lambert et al., 2025) preference dataset,959

which contains generation pairs between different960

LLMs during the training of Llama-3.1-Tulu-3-8B.961

Multi-turn: LLM respond to instructions962

with previous interaction histories. We pick963

allenai-WildChat-1M-multiturn (Agentlans,964

2019), a collection of 1M ChatGPT interaction965

logs from the wild. We select the English subset966

aimed at RLHF queries.967

Summarization: This task requires LLM to sum-968

marize over long documents into short abstracts.969

We pick ccdv/govreport-summarization,970

ccdv/pubmed-summarization,971

ccdv/arxiv-summarization(Cohan et al.,972

2018), which includes different types of documents973

from arxiv articles to government reports.974

Math: We pick OpenAI GSM8K (Cobbe et al.,975

2021), a classic dataset of grade-school math prob-976

lems designed to evaluate multi-step reasoning. We977

choose not to use more complex math-reasoning978

datasets because our focus in this work is primarily979

on LLM text-generation tasks. Advanced math rea-980

soning often requires specialized methodologies,981

such as tree-search reasoning, which makes it un-982

suitable for single-pass direct generation.983

Conditional Generation: The LLM should gen-984

erate coherent text according to given constraints.985

In our setting, we task the LLM with filling in986

missing paragraphs in an essay or producing a com-987

plete essay based on an abstract outline. We use988

qwedsacf/ivypanda-essays (Qwedsacf, 2019),989

a HuggingFace dataset repository containing long-990

form essays covering multiple disciplines sourced991

from the IvyPanda platform3. 992

B.2 Data Filtering Prompt 993

994
995

1 You are given a set of task samples, each 996
consisting of: 997

2 1. User Query the task or request made to the 998
model. 999

3 2. Model Response the output given by the model. 1000
1001

4 1002
5 The samples may come from various task types, 1003

including: 1004
6 - Translation 1005
7 - Summarization 1006
8 - Math problem solving 1007
9 - Reinforcement Learning from Human Feedback ( 1008

RLHF) style instructional prompts 1009
10 - Conditional text generation 1010
11 - Multiturn dialogue 1011
12 1012
13 Your goal: Identify and select only the samples 1013

that did not meet 1014
14 quality standards based on: 1015
15 1016
16 A. Query Quality Issues: 1017
17 - Illformed or incomplete queries 1018
18 - Ambiguous or misleading instructions 1019
19 - Irrelevant or off-topic requests 1020
20 - Grammatically broken or nonsensical input 1021
21 1022
22 B. Response Quality Issues: 1023
23 - Incorrect or factually wrong answers 1024
24 - Incomplete responses that fail to address the 1025

query 1026
25 - Poor language quality or incoherent writing 1027
26 - Hallucinations or madeup facts 1028
27 - Misinterpretation of the query 1029
28 1030
29 Instructions: 1031
30 1. For each sample, examine both the query and 1032

response. 1033
31 2. Mark the sample as "Fail" if either the query 1034

quality 1035
32 or the response quality is below standard. 1036
33 3. Briefly explain why the sample fails, 1037
34 citing issues in query, response, or both. 1038
35 4. Output only the failing samples, in the 1039

format: 1040
36 [Sample ID] 1041
37 Query: ... 1042
38 Response: ... 1043
39 Fail Reason: ... 1044
40 1045
41 Be strict in applying the criteria even if only 1046

one 1047
42 side (query or response) is substandard, the 1048

sample 1049
43 should be considered as failing. 10501051

C Experiment Training Details 1052

C.1 Training Configuration 1053

For the SFT setting, we tuned the base model on the 1054

training dataset for 2 epochs. All RL experiments 1055

3https://ivypanda.com/
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were conducted using the GRPO (Shao et al., 2024)1056

algorithm framework for 80 steps in total. Since1057

Qwen3-8B is a reasoning model, we enforced a1058

formatting constraint: the reward was set to zero1059

if the reasoning chain failed to be properly encap-1060

sulated within ‘<think>’ and ‘</think>’ tags. We1061

did not apply a length penalty during RL training,1062

as generation length does not consistently correlate1063

with task performance. More training details are1064

filed in Appendix C.3.1065

All experiments were performed on a cluster1066

8×NVIDIA H100 GPUs (80GB), using a global1067

batch size of 128 and mixed-precision (FP16) train-1068

ing. An auxiliary cluster of 8×NVIDIA A1001069

GPUs (80GB) was dedicated to the deployment1070

and inference of the reward models.1071

C.2 Prompt for the LLM Judge1072

search results filtration

Input: propmt, candiate, reference

You are an expert evaluator of language
model outputs. You will receive:
1. **Prompt:** The original instruction/-
task given to the model.
2. **Candidate Response:** The model’s
output to be evaluated.
3. **Reference Response:** A high-quality
gold-standard or reference output.
Your task:
- Evaluate the quality of the *Candidate
Response* compared to the *Reference
Response* and in relation to the given
*Prompt*.
- Consider the category of task (which could
be: **translation**, **summarization**,
**generation**, **infilling/cloze**, **con-
ditional generation**, **math**, or **in-
struction following**), and adjust your eval-
uation criteria accordingly.
- Score on a scale from 0 to 10, according to
the rubric below.
- Output the score in the format ‘[[X]]‘
(where X is the integer score) **once** in
your reply, followed by a clear explanation
of reasoning and specific strengths/weak-
nesses.
—
### **Evaluation Dimensions by Task Cat-
egory** *(Use whichever are relevant to the

1073

given prompt.)*
- **Translation:** Accuracy, completeness,
fidelity to meaning, fluency, grammar, style.
- **Summarization:** Coverage of key
points, factual faithfulness, conciseness, co-
herence.
- **Generation (creative writing, open-
ended):** Relevance, originality, creativity,
coherence, style, adherence to constraints.
- **Infilling/Cloze:** Correctness of miss-
ing content, contextual fit, fluency, logical
continuity.
- **Conditional Generation:** Logical or
rule-based conformity, adherence to pro-
vided constraints, completeness.
- **Math/Reasoning:** Correctness of cal-
culations or logic, clarity, rigor of explana-
tion.
- **Instruction Following:** How fully
and correctly the instructions are followed,
alignment with intent, completeness.
—
### **Scoring Rubric (0–10)**
- 10: Perfect or near-perfect match. Fully
correct, faithful, or relevant. No significant
errors in meaning, facts, or execution. High
clarity, fluency, and adherence to task.
- 9: Almost perfect; tiny, easily overlookable
issues (minor style or formatting quirks).
- 8: Very good; only minor errors or slight
omissions that don’t significantly harm the
result.
- 7: Good; mostly correct but with notable
small issues (minor factual, structural, or
stylistic errors).
- 6: Fair; significant issues exist but main
content or logic remains intact. Some loss
of fidelity, clarity, or completeness.
- 5: Borderline acceptable; mix of correct
and incorrect elements, noticeable gaps or
errors, not reliably usable without fixes.
- 4: Poor; frequent errors or omissions, core
meaning partially lost. Low reliability.
- 3: Very poor; large parts incorrect, irrele-
vant, or incoherent. Only minor parts are
correct.
- 2: Minimal correctness; almost entirely
wrong or off-task, but with a trace of rele-
vant material.
- 1: Nearly useless; incomprehensible or

1074
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totally wrong, but not fully empty.
- 0: No meaningful output, completely unre-
lated, or empty.
—
### **Output Format** Respond with: “‘
[[X]] Explanation: [Your detailed explana-
tion, citing specific task-related criteria, suc-
cess points, and failure points. Mention
the type of category-specific evaluation ap-
plied.] “‘ - Replace **X** with a single
integer 0–10. Make sure your explanation
is concise within 50 words.
—
[propmt]
{prompt}
[Candidate Response]
{candidate}
[Reference Response]
{reference}

1075

C.3 Hyperparameters Details for RL Training1076

We use the volcano engine reinforcement learning1077

for LLMs framework, VERL (Sheng et al., 2024).1078

We validate the implementation of the framework1079

run all our RL experiments based on it. Below is1080

the hyperparameters for all our experiments and1081

we use the same set of hyperparameters for all1082

experiments.1083

The other hyper-parameters, such as optimizer1084

β, are set default to the framework trainer configu-1085

rations from https://github.com/volcengine/1086

verl/tree/main/verl/trainer/config.1087

D Prompt Details1088

D.1 Prompt for Task Decomposition1089

search results filtration

Input: original_task

Please break down the following generative
task into a combination of several basic gen-
erative tasks:
Basic task list: 1. Controlled generation:
Generate coherent natural language text that
meets certain given conditions. Best for
simple, clear tasks; complex writing should
be split into smaller steps like planning and
cloze generation.
2. Translation: Generate a corresponding
text in another natural language from a text

1090

Category / Parameter Value

Training & Data
Total Epochs 5
Global Train Batch Size 256
Max Prompt Length 10,000
Max Response Length 5,000
Truncation Strategy ’error’
Filter Overlong Prompts True

Algorithm (GRPO/PPO)
Advantage Estimator GRPO
Learning Rate 1× 10−6

PPO Mini-batch Size 16
KL Coefficient 0.0001
KL Loss Type low_var_kl
Entropy Coefficient 0
KL in Reward False

Rollout (vLLM Engine)
Rollout Samples (n) 8
Max Batched Tokens 65,536
GPU Memory Utilization 0.7
Prompt/Response Length 10k / 5k

Parallelism & Infrastructure
Nodes / GPUs per Node 1 / 8
Tensor Parallel (TP) Size 2
Pipeline Parallel (PP) Size 4
Gradient Checkpointing True
Micro Batch Size (Actor) 1

Table 4: Hyperparameter settings for GRPO training
with Qwen3-8B.

in one natural language.
3. Text summarization: Summarize the
given text, retaining the main information.
4. Question answering: Provide appropriate
answers based on background information
and question requests provided by the user.
5. Paraphrasing: Modify the provided text
into a different form of expression that
meets the given rewriting requirements.
6. Cloze generation: Given a continuous
piece of text with missing parts, generate
appropriate text for the missing positions
so that the original text becomes complete,
coherent, and consistent.
7. Planning generation: Plan a high-level
outline in order to accomplish a relatively
complex generative task, such as creating a
chapter list, designing character traits, de-
signing scripts, or designing a timeline.
8. Code: Generate executable code that
meets the specified requirements, or supple-
ment or revise code according to the given
requirements. The defining criterion for this
task is that the output is primarily code.

1091

14

https://github.com/volcengine/verl/tree/main/verl/trainer/config
https://github.com/volcengine/verl/tree/main/verl/trainer/config
https://github.com/volcengine/verl/tree/main/verl/trainer/config


Category / Parameter Value

Training & Data
Total Epochs 5
Global Train Batch Size 256
Max Prompt Length 10,000
Max Response Length 5,000
Truncation Strategy ’error’
Filter Overlong Prompts True

Algorithm (GRPO)
Advantage Estimator GRPO
Learning Rate 1× 10−6

PPO Mini-batch Size 16
KL Coefficient 0.0001
KL Loss Type low_var_kl
Entropy Coefficient 0
KL in Reward False

Rollout (vLLM Engine)
Rollout Samples (n) 8
Max Batched Tokens 65,536
GPU Memory Utilization 0.7
Prompt/Response Length 10k / 5k

Parallelism & Infrastructure
Nodes / GPUs per Node 1 / 8
Tensor Parallel (TP) Size 2
Pipeline Parallel (PP) Size 4
Gradient Checkpointing True
Micro Batch Size (Actor) 1

Table 5: Hyperparameter settings for GRPO training
with Llama-3.1-8B.

Decomposition goal:
- Break down the complex generative task
provided by the user into a list composed of
the above basic tasks according to its logical
steps. - Steps should be arranged in execu-
tion order, and the description should start
from the original input form and proceed
until the task is completed.
- Each step must clearly specify the “basic
task type” and the execution content of that
step.
- If the task does not need to be broken down,
provide a single-step basic task and rewrite
its description into a clearer instruction that
aligns with the type of task in the basic task
list.
Output format requirements:
- List the decomposition results step-by-step
(step number + basic task type name + spe-
cific execution description).
- Enclose the final result within <Result>
... < \Result > tags.
Below is an example:
[Example Start]

1092

Task to be decomposed: Please provide an
English summary for the following Chinese
document.
Decomposition result:
1. Translation: Please translate the follow-
ing Chinese document into an English doc-
ument.
2. Text summarization: Please summarize
the given English document, and ensure the
summary does not exceed 200 words.
[Example End]
Now, perform the above decomposition pro-
cess on the given question (or task descrip-
tion) below, and write the final decomposi-
tion result within <Result> ... < \Result
> tags.
{original_task}

1093

D.2 Prompt Details for Reward Model Choice 1094

D.2.1 Tool wrapping 1095

1096
1 { 1097
2 "type": "function", 1098
3 "function": { 1099
4 "name": "search_serper_engine", 1100
5 "description": "Performs a Google search 1101

using the Serper API restricted to 1102
finding Hugging Face model 1103
checkpoints. Use this tool only to 1104
look up Hugging Face checkpoint URLs, 1105
model pages, or related information. 1106
Short queries work best. Reward 1107
model might be confusing with base 1108
models or chat models", 1109

6 "parameters": { 1110
7 "type": "object", 1111
8 "properties": { 1112
9 "query": { 1113

10 "type": "string", 1114
11 "description": "The search 1115

query for Hugging Face 1116
checkpoints, e.g., model 1117
names or keywords to 1118
locate on huggingface.co." 1119

12 } 1120
13 }, 1121
14 "required": ["query"] 1122
15 } 1123
16 } 1124
17 } 11251126

D.2.2 Prompt for search results filtration 1127

search results filtration

Input: original_task

You are given a list of search engine results
with position IDs. Your task is to filter them

1128
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according to the following rules:
1. **Identify Reward Models:**
- Keep only results that are **reward
model** links.
- Reward models often have model names
containing keywords like ‘-Reward-’ or ‘-
RM-’.
- Discard results for base models (‘-Base’) or
instruct models (‘-Instruct’) or chat models
(‘-Chat’).
- If a model name has none of these hints,
and it’s unclear whether it is a reward model,
discard it.
2. **Hugging Face Model Repositories
Only:**
- Keep only links pointing to **Hugging
Face model repositories**.
- Discard datasets, research papers, blog
posts, or other non-model content.
3. **Score Output Format only:**
- Regression models only, in other words,
models that output a score (e.g., 0-1) rather
than generating text.
Directly discard those items that violates
rule 1, 2 or 3 and keep the rest items. Output
the resting items in list using their original
position id like "[0, 1, 3, 5, ...]". If none of
the items are left, output an empty list "[]".
{results}

1129

D.2.3 Prompt for search results Reranking1130

search results rerank

Input: original_task

You are given a list of search engine results
with position IDs. Your task is to filter them
according to the following rules:
1. **Identify Reward Models:** - Keep
only results that are **reward model**
links. - Reward models often have model
names containing keywords like ‘-Reward-‘
or ‘-RM-‘. - Discard results for base models
(‘-Base‘) or instruct models (‘-Instruct‘) or
chat models (‘-Chat‘). - If a model name has
none of these hints, and it’s unclear whether
it is a reward model, discard it.
2. **Hugging Face Model Repositories
Only:** - Keep only links pointing to
**Hugging Face model repositories**. -

1131

Discard datasets, research papers, blog
posts, or other non-model content.
3. **Score Output Format only:** - Regres-
sion models only, in other words, models
that output a score (e.g., 0-1) rather than
generating text.
Directly discard those items that violates
rule 1, 2 or 3 and keep the rest items. Output
the resting items in list using their original
position id like "[0, 1, 3, 5, ...]". If none of
the items are left, output an empty list "[]".
{results}

1132

D.2.4 Prompt for search results LLM-based 1133

Reward Model Implementation 1134

reward tool implementation

Input: original_task

Implement a python script for launching a
reward model according to the following
informative scripts. The model local check-
point is {model_local_dir}. The cuda de-
vice for the model is "{cuda_device}". You
should write a function, that support input
parameter: - prompt: str, instruction or con-
text conditions - response: str, the text need
to be evaluated - reference: str, some refer-
ence answer/response for the above prompt
Your implementation are free to use the
packages mentioned in the scripts. Name
the calculation function starting with "com-
pute_", such as "def compute_XXX(...)"
where XXX should be the reward model
name or related abbreviation. Make sure
the model checkpoint is loaded precisely
once in the script. Format your output en-
closed within "python \ n xxxx \n". Also,
additionally print the calculation funciton
after four sharp marks ####, such as "####
def compute_xxx(...)" in the end of your
output (outside the python script).
{scripts}
[your implementation]

1135

D.3 Prompt for Code-Agent workflow 1136

D.3.1 Plan 1137

1138
1 LIST_TASK_PROMPT = """You are an expert in 1139

designing reward models and evaluation 1140
metrics for the **{task}** task. 1141
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2 Your goal is to list **35 possible reward model1142
or evaluation metric choices** for this task1143
, drawing from the following two categories:1144

31145
4 1. **Rule-based** Explicit rules (e.g., exact1146

match with reference output, length1147
constraints) used directly as rewards.1148

5 2. **Metric-based** Standard NLP metrics (e.g.,1149
BLEU, ROUGE, METEOR) used to evaluate and1150

reward generated results.1151
61152
7 **Output formatting requirements:**1153
8 - Place your results **after four hash marks1154

(‘####‘)**.1155
9 - For **each choice**, indicate its **category**1156

and **name**, using the format:1157
10 ‘‘‘1158
11 #### <Category>/<Name>: <Brief description>1159
12 ‘‘‘1160
13 - Use a **new line** for each choice.1161
141162
15 **Example:**1163
16 ‘‘‘1164
17 #### Metric-based/BLEU: Measures the n-gram1165

overlap between generated output and1166
reference text.1167

18 #### Rule-based/Length: Rewards outputs within1168
the target length range for conciseness.1169

19 ‘‘‘1170
20 """11711172

D.3.2 Write1173

1174
1 WRITE_CODE_PROPMT = """Implement the following1175

metric according to description using python1176
. You are free to use packages. You should1177
write a function begin with ’compute_xxx’1178
where xxx is the name of the metric. The1179
function accepts:1180

2 - prompt: the instruction to the prompt1181
3 - candidate_response: the candidate response to1182

be evaluated by the metric1183
4 - reference_response: the reference answer for1184

the prompt1185
5 You should directly return a scaler score.1186
61187
7 Output the python code in ‘‘‘python\n xxxx\n‘‘‘.1188

And list the requirements within ‘‘‘‘‘‘ use1189
requirements.txt style.1190

81191
9 {metric description}1192

10 """11931194

D.4 Prompts for WrapLLM and CodeVerify1195

1196
11197
2 TASK_CLS_PROMPT = """1198
3 You will be given a ‘question‘ and an ‘answer‘1199

from a language model interaction.1200
4 Your job is to determine the main type of task1201

being performed. Examples include but are1202
not limited to: translation, summarization,1203
question answering, code generation, math1204
solving, creative writing, RLHF alignment,1205
explanation, classification, etc.1206

5 You do not need to list all possible task types1207
instead, use your judgment to give the most1208
fitting label for this specific instance.1209

6 Rules: 1210
7 1. Output only the task type as a concise label 1211

(maximum **three words**). 1212
8 2. Do not include any extra text, punctuation, 1213

or explanation. 1214
9 3. If uncertain, choose the closest-fitting 1215

description. 1216
10 1217
11 Provide your output results after four sharp 1218

marks ####, such as "#### Translation". 1219
12 1220
13 **Input example:** 1221
14 ‘‘‘json 1222
15 "question": "You are a helpful assistant that 1223

translates English sentences to French. 1224
Following the below input-output format\n[ 1225
English Input]\nxxxx\n[French Output]\nxxxx\ 1226
nStart your translation task now. [English 1227
Input]\nMichael Gill formed The Murder Mile 1228
with his old friend, ex- Spring Heeled Jack 1229
USA and Lost City Angels frontman, Ron 1230
Ragona.\n[French Output]\n", 1231

16 "answer": "Michael Gill a form The Murder Mile 1232
avec son vieil ami, l’ancien chanteur de 1233
Spring Heeled Jack USA et Lost City Angels, 1234
Ron Ragona." 1235

17 ‘‘‘ 1236
18 **Output:** 1237
19 #### EnglishFrench Translation 1238
20 1239
21 Now classify the given instance according to 1240

these rules. 1241
22 1242
23 """ 1243
24 1244
25 1245
26 TASK_DECOMP_PROMPT = """Please break down the 1246

following generative task into a combination 1247
of several basic generative tasks: 1248

27 1249
28 Basic task list: 1250
29 1. Controlled generation: Generate coherent 1251

natural language text that meets certain 1252
given conditions. Best for simple, clear 1253
tasks; complex writing should be split into 1254
smaller steps like planning and cloze 1255
generation. 1256

30 2. Translation: Generate a corresponding text in 1257
another natural language from a text in one 1258
natural language. 1259

31 3. Text summarization: Summarize the given text, 1260
retaining the main information. 1261

32 4. Question answering: Provide appropriate 1262
answers based on background information and 1263
question requests provided by the user. 1264

33 5. Paraphrasing: Modify the provided text into a 1265
different form of expression that meets the 1266
given rewriting requirements. 1267

34 6. Cloze generation: Given a continuous piece of 1268
text with missing parts, generate 1269
appropriate text for the missing positions 1270
so that the original text becomes complete, 1271
coherent, and consistent. 1272

35 7. Planning generation: Plan a high-level 1273
outline in order to accomplish a relatively 1274
complex generative task, such as creating a 1275
chapter list, designing character traits, 1276
designing scripts, or designing a timeline. 1277

36 8. Code: Generate executable code that meets the 1278
specified requirements, or supplement or 1279
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revise code according to the given1280
requirements. The defining criterion for1281
this task is that the output is primarily1282
code.1283

371284
381285
39 Decomposition goal:1286
40 - Break down the complex generative task1287

provided by the user into a list composed of1288
the above basic tasks according to its1289

logical steps.1290
41 - Steps should be arranged in execution order,1291

and the description should start from the1292
original input form and proceed until the1293
task is completed.1294

42 - Each step must clearly specify the basic task1295
type and the execution content of that step.1296

43 - If the task does not need to be broken down,1297
provide a single-step basic task and rewrite1298
its description into a clearer instruction1299

that aligns with the type of task in the1300
basic task list.1301

441302
451303
46 Output format requirements:1304
47 - List the decomposition results step-by-step (1305

step number + basic task type name +1306
specific execution description).1307

48 - Enclose the final result within ‘<Result> ...1308
</Result>‘ tags.1309

491310
50 Below is an example:1311
51 [Example Start]1312
52 Task to be decomposed: Please provide an English1313

summary for the following Chinese document.1314
53 Decomposition result:1315
54 1. Translation: Please translate the following1316

Chinese document into an English document.1317
55 2. Text summarization: Please summarize the1318

given English document, and ensure the1319
summary does not exceed 200 words.1320

56 [Example End]1321
571322
58 **Now,** perform the above decomposition process1323

on the given question (or task description)1324
below, and write the final decomposition1325

result within ‘<Result> ... </Result>‘ tags.1326
591327
601328
61 {original_task}1329
62 """1330
631331
641332
65 LIST_TASK_PROMPT = """You are an expert in1333

designing reward models and evaluation1334
metrics for the **{task}** task.1335

66 Your goal is to list **35 possible reward model1336
or evaluation metric choices** for this task1337
, drawing from the following two categories:1338

671339
68 1. **Rule-based** Explicit rules (e.g., exact1340

match with reference output, length1341
constraints) used directly as rewards.1342

69 2. **Metric-based** Standard NLP metrics (e.g.,1343
BLEU, ROUGE, METEOR) used to evaluate and1344

reward generated results.1345
701346
71 **Output formatting requirements:**1347
72 - Place your results **after four hash marks (‘#1348

###‘)**.1349

73 - For **each choice**, indicate its **category** 1350
and **name**, using the format: 1351

74 ‘‘‘ 1352
75 #### <Category>/<Name>: <Brief description> 1353
76 ‘‘‘ 1354
77 - Use a **new line** for each choice. 1355
78 1356
79 **Example:** 1357
80 ‘‘‘ 1358
81 #### Metric-based/BLEU: Measures the n-gram 1359

overlap between generated output and 1360
reference text. 1361

82 #### Rule-based/Length: Rewards outputs within 1362
the target length range for conciseness. 1363

83 ‘‘‘ 1364
84 1365
85 """ 1366
86 1367
87 1368
88 WRITE_CODE_PROPMT = """Implement the following 1369

metric according to description using python 1370
. You are free to use packages. You should 1371
write a function begin with ’compute_xxx’ 1372
where xxx is the name of the metric. The 1373
function accepts: 1374

89 - prompt: the instruction to the prompt 1375
90 - candidate_response: the candidate response to 1376

be evaluated by the metric 1377
91 - reference_response: the reference answer for 1378

the prompt 1379
92 You should directly return a scaler score. 1380
93 1381
94 Output the python code in ‘‘‘python\n xxxx\n‘‘‘. 1382

And list the requirements within ‘‘‘‘‘‘ use 1383
requirements.txt style. 1384

95 1385
96 [metric description] 1386
97 1387
98 """ 1388
99 1389

100 1390
101 WRAP_TOOL_PROMPT = """Write a short description 1391

of the following reward function, based on 1392
the name, python code implementation. In 1393
your description, briefly explain what the 1394
function calculates and how it can be used 1395
to evaluate text generation quality. The 1396
description should be concise and clear, 1397
suitable for someone familiar with NLP 1398
evaluation metrics. 1399

102 1400
103 NAME 1401
104 {name} 1402
105 1403
106 CODE 1404
107 1405
108 ‘‘‘python 1406
109 {code} 1407
110 ‘‘‘ 1408
111 1409
112 write your description after four sharp marks # 1410

###, such as "#### This function calculates 1411
...". 1412

113 """ 1413
114 1414
115 1415
116 1416
117 METRIC_DESIGN_PROMPT = """You are an expert in 1417

designing evaluation metrics writing with 1418
python code. Currently you nedd to implement 1419

18



the {metric}. The introduction for the1420
metric is as follows:1421

1181422
119 {info}1423
1201424
121 Suppose the input is prompt, candidate response,1425

reference response. write the metric as a1426
python function that receive the above1427
parameter, and return with the score for it.1428
Name it begin with compute_, such as def1429

compute_XXX(...)1430
1221431
123 Make sure the code is correct and can be run1432

without error. Include the script within ‘‘‘1433
python ... ‘‘‘.1434

1241435
125 """1436
1261437
1271438
128 REWARD_MODEL_DESIGN_PROMPT = """You are an1439

expert in launching reward models with1440
python code. Write a script that supports1441
calculating the reward score of some text.1442
You should write a function, that support1443
input parameter:1444

1291445
130 - prompt: str, instruction or context conditions1446
1311447
132 - response: str, the text need to be evaluated1448
1331449
134 - reference: str, some reference answer/response1450

for the above prompt1451
1351452
136 You are given the following README.md of one1453

reward model, and the local model checkpoint1454
path. The cuda device for the model is cuda1455

:0. Name the calculation function starting1456
with "compute_", such as "def compute_XXX1457
(...)". Make sure the model checkpoint is1458
loaded precisely once in the script.1459

1371460
138 README.md:1461
1391462
140 {readme}1463
1411464
142 local model checkpoint path: {model_path}1465
143 """1466
1441467
1451468
146 RERANK_PROMPT = """You are given a list of1469

search engine results with position IDs.1470
147 Your task is to filter them according to the1471

following rules:1472
1481473
149 1. **Identify Reward Models:**1474
150 - Keep only results that are **reward model**1475

links.1476
151 - Reward models often have model names1477

containing keywords like ‘-Reward-‘ or ‘-1478
RM-‘.1479

152 - Discard results for base models (‘-Base‘) or1480
instruct models (‘-Instruct‘) or chat1481
models (‘-Chat‘).1482

153 - If a model name has none of these hints,1483
and its unclear whether it is a reward1484
model, discard it.1485

1541486
155 2. **Hugging Face Model Repositories Only:**1487
156 - Keep only links pointing to **Hugging Face1488

model repositories**.1489

157 - Discard datasets, research papers, blog 1490
posts, or other non-model content. 1491

158 1492
159 1493
160 3. **Score Output Format only:** 1494
161 - Regression models only, in other words, 1495

models that output a score (e.g., 0-1) 1496
rather than generating text. 1497

162 1498
163 Directly discard those items that violates rule 1499

1, 2 or 3 and keep the rest items. Output 1500
the resting items in list using their 1501
original position id like "[0, 1, 3, 5, ...] 1502
". If none of the items are left, output an 1503
empty list "[]". 1504

164 1505
165 {results} 1506
166 """ 1507
167 1508
168 1509
169 LLMRM_IMPLEMENT_CODE = """Implement a python 1510

script for launching a reward model 1511
according to the following informative 1512
scripts. The model local checkpoint is { 1513
model_local_dir}. The cuda device for the 1514
model is "{cuda_device}". You should write a 1515
function, that support input parameter: 1516

170 - prompt: str, instruction or context conditions 1517
171 - response: str, the text need to be evaluated 1518
172 - reference: str, some reference answer/response 1519

for the above prompt 1520
173 1521
174 Your implementation are free to use the packages 1522

mentioned in the scripts. Name the 1523
calculation function starting with "compute_ 1524
", such as "def compute_XXX(...)" where XXX 1525
should be the reward model name or related 1526
abbreviation. Make sure the model checkpoint 1527
is loaded precisely once in the script. 1528
Format your output enclosed within ‘‘‘python 1529
\n xxxx\n‘‘‘. Also, additionally print the 1530
calculation funciton after four sharp marks 1531
####, such as "#### def compute_xxx(...)" in 1532
the end of your output (outside the python 1533
script). 1534

175 1535
176 {scripts} 1536
177 1537
178 [your implementation] 1538
179 1539
180 """ 1540
181 1541
182 1542
183 SELECT_INFORMATIVE_FILES = """Below are files 1543

from a Hugging Face model repository. Your 1544
task is to identify and list files that are 1545
likely to contain informative content about 1546
the model’s implementation: 1547

184 1548
185 {file_list} 1549
186 1550
187 Directly output the selected file names in a 1551

list format like ["file1.py", "file2/README. 1552
md", ...]. If none of the files are 1553
informative, output an empty list "[]". Make 1554
sure to only output the list without any 1555
extra text or explanation. 1556

188 """ 15571558
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E LLM usage in this paper1559

Large Language Models (LLMs) were used in the1560

preparation of this work as a general-purpose assis-1561

tance tool. Specifically, LLMs were employed in1562

the following ways:1563

• Translation Assistance: Converting expres-1564

sions and sentences from the author’s native1565

language into English.1566

• Language Polishing and Grammar Revi-1567

sion: Improving clarity, fluency, and gram-1568

matical correctness of the text, and ensuring1569

that phrasing is natural in academic English.1570

• Draft Review and Critique: Providing feed-1571

back on drafts, including identifying unclear1572

passages, suggesting improvements in struc-1573

ture, and flagging potential ambiguities.1574

LLMs were not used for generating original re-1575

search ideas, performing data analysis, or writing1576

substantive technical content. All core research1577

contributions, results, and argumentative structure1578

were developed by the authors. The role of LLMs1579

was limited to translation, linguistic polishing, and1580

non-substantive editorial suggestions to improve1581

presentation.1582

F Generated Tools1583
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Table 6: A list of the generated reward function tool names by our code-agent.

Type Metric Type Metric
rule_based Forbidden_Words rule_based Stepwise_Completeness
rule_based Prompt_Adherence rule_based Length
rule_based Numeric_Accuracy rule_based Exact_Template_Match
rule_based Novelty_Penalty rule_based Contradiction_Detection
rule_based Disallowed_Phrase_Penalty rule_based Exact_Output_Match
rule_based No_Unsupported_Claims rule_based Reference_Match
rule_based Exact_Answer_Match rule_based Named_Entity_Preservation
rule_based Unit_Consistency rule_based Keyword_Presence
rule_based Minimal_Edit_Distance rule_based Thesis_Inclusion
rule_based Mandatory_Content_Inclusion rule_based Scientific_Claims_Match
rule_based Pronounceability rule_based Position_Sensitivity
rule_based Section_Coverage rule_based Entity_Presence
rule_based Answer_Type_Match rule_based Stepwise_Correctness
rule_based Terminology_Accuracy rule_based Diversity_Score
rule_based Forbidden_Content rule_based Fact_Match
rule_based Forbidden_Phrase_Detection rule_based No_Information_Leakage
rule_based Annotation_Completeness rule_based Grammar_and_Spelling_Accuracy
rule_based Clarity_Constraint rule_based Answer_Presence
rule_based No_Overlap_with_Input rule_based No_Syntax_Errors
rule_based Numeric_Tolerance rule_based Edit_Distance
rule_based Keyword_Coverage rule_based No_Repetition
rule_based Length_Ratio rule_based One-Hot_Accuracy
rule_based Novelty rule_based Exact_Match
rule_based Pattern_Compliance rule_based Step_Match
rule_based Syntax_Validity rule_based Format_Compliance
rule_based Allowed_Vocabulary rule_based Entity_Overlap
rule_based Explicit_Irrelevance rule_based Accuracy
rule_based Coverage_of_Key_Points rule_based Section_Presence
rule_based Clarity rule_based Test_Case_Pass_Rate
rule_based Dictionary_Filtering rule_based Length_Expansion
rule_based Content_Inclusion rule_based Error_Pattern_Removal
rule_based Plagiarism_Check rule_based Functionality_Test
rule_based Politeness_Constraint rule_based Formatting_Compliance
rule_based Exact_Test_Case_Pass rule_based Key_Information_Coverage
rule_based Genre-Adherence rule_based Passes_Unit_Tests
rule_based Exact_Step_Match rule_based Exact_Keyword_Match
rule_based Required_Field_Inclusion rule_based Attribute_Coverage
rule_based Valid_Vocabulary rule_based Medical_Term_Coverage
rule_based Keyword_Absence rule_based Required_Component_Presence
rule_based Final_Answer_Correctness rule_based Keyword_Inclusion
rule_based Structure_Compliance rule_based Step_Consistency
rule_based Readability rule_based No-Answer_Accuracy
rule_based Length_Constraint rule_based Error_Reduction
rule_based Answer_Type_Mismatch rule_based Thesis_Presence
rule_based Case-Insensitive_Match rule_based Topic_Divergence
rule_based Exact_Numeric_Match rule_based Originality-Penalty
rule_based Keyword_Exclusion rule_based Structure
rule_based Format_Consistency rule_based Required_Elements
rule_based Reference_Citation rule_based Instruction_Match
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Type Metric Type Metric
rule_based Key_Concepts_Inclusion rule_based Stepwise_Solution_Match
rule_based Fact_Consistency rule_based Step_Count_Constraint
nlp_metric F1_Score nlp_metric METEOR
nlp_metric ROUGE nlp_metric GLEU
nlp_metric BERTScore nlp_metric Mˆ2_Score
nlp_metric chrF nlp_metric ROUGE-L
nlp_metric Levenshtein_Distance nlp_metric BLEU
nlp_metric Distinct-n nlp_metric CodeBLEU
model_based Content_Novelty_Score model_based Negative_Relevance_Score
model_based Topic_Classifier model_based Perplexity
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Source Repo Name

(Liu et al., 2024) Skywork/Skywork-Reward-V2-Llama-3.1-8B
(Liu et al., 2024) Skywork/Skywork-Reward-V2-Qwen3-8B
(Liu et al., 2024) Skywork/Skywork-Reward-V2-Llama-3.2-3B
(Liu et al., 2024) Skywork/Skywork-Reward-V2-Qwen3-4B
(Cheng et al., 2025) ByteDance-Seed/Seed-X-RM-7B

OpenAssistant/reward-model-deberta-v3-base
(Yang et al., 2024) Ray2333/gpt2-large-helpful-reward_model
(Corrêa, 2023) nicholasKluge/RewardModel
(Cai et al., 2024) internlm/internlm2-1_8b-reward
(Malik et al., 2025b) allenai/Llama-3.1-8B-Base-RM-RB2

Table 7: Successfully Top@9 deployed LLM-based
reward models.

Task Type Unmatched(%)

Infilling 47.4
Essay Generation 43.8
Multi-Turn 8.8

Table 8: Web Retrieval Page Rank

G Additional Analysis1584

G.1 Error and Robustness Analysis1585

We conducted an error analysis by counting the1586

task types of instructions for which the Web-Agent1587

could not find a specialized reward model (un-1588

matched conditions). The breakdown in Table1589

9 shows that the majority of unfound instruc-1590

tions originate from essay infilling/generation tasks.1591

Specifically, there is currently no corresponding re-1592

ward model explicitly trained for the these two task1593

domains, which accounts for the high unmatched1594

ratio in these categories. Notably, When a spe-1595

cialized tool is unmatched, RLAR defaults to us-1596

ing a generic, default LLM-based reward model1597

(skywork-llama).1598

To assess the robustness of the searching module,1599

we tracked the average item position (calculated1600

as page rank ×10) for the matched reward model.1601

Across all sampled categories, the overall average1602

retrieval position was 5.64 items. As detailed in1603

Table 8, all individual sub-categories consistently1604

found the optimal item on the first page, confirming1605

the robustness and high precision of the agent’s1606

query generation and search logic.1607

We further validate the soundness of the frame-1608

work’s design by including a detailed analysis of1609

the generated tool quality (Appendix G.2) and an1610

investigation into the reward tool usage within our1611

main experiments (Appendix G.3). In summary,1612

code-agents achieve a 94.9% executable rate when1613

utilizing rule/metric-based tools, and we observe1614

a dominant percentage of LLM-based reward tool1615

usage in text-generation tasks.1616

Category Avg Pos

Summ 7.17
Translation 2.36
RLHF 5.03
Multi-Turn 7.61
Infill/Gen 3.75
Math 6.87

Table 9: Position Ranks

Category Count

Code-agent scripts (total) 118
Executable 112 (94.9%)
Rule-based 102 (86.4%)
Metric-based 12 (10.2%)
Learned-model–based 4 (3.4%)

Web-agent repos (retrieved) 21
Deployed 10 (47.6%)
Rejected (size) 2
Rejected (not classification) 6
Rejected (insufficient docs) 3

Table 10: Summary of reward tool generation outcomes.

G.2 Reward Tool Generation Quality 1617

We evaluate the quality of reward tools produced 1618

by our two agents for tool generation mainly along 1619

their construction validity and summarized in Ta- 1620

ble 10. 1621

Code-agent tools. Across all the training queries, 1622

the code agent generated 118 reward scripts, 1623

among which 112 (94.9%) were directly exe- 1624

cutable under our standardized interface.4 By 1625

type, the set comprises 102 rule-based functions 1626

(86.4%), 12 standard metric implementations 1627

(10.2%; e.g., BLEU, METEOR), and 4 learned- 1628

model–based scorers (3.4%). Rule-based tools 1629

typically encode task-specific verifiable criteria 1630

(e.g., numeric-consistency checks for GSM8K or 1631

explicit-irrelevance penalties for RLHF-style pref- 1632

erence items), while metric-based tools provide 1633

length- or n-gram–aware surrogates for general text 1634

quality. We discard learned-model–based propos- 1635

als from the code agent since they are potential out 1636

of memory threats to the deploying server. 1637

Web-agent tools. The web agent retrieved 21 1638

candidate repositories from public model hubs 1639

(primarily Hugging Face and ModelScope) that 1640

matched the predicted task label and satisfied 1641

our reward-model filter. And the filter eliminates 1642

4Executability is checked by importing the generated func-
tion, calling it with a minimal synthetic triplet (prompt,
candidate, reference) and verifying a numeric return type
without exceptions.
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base/instruct/chat/vision models and retains text-1643

classification modeled reward models with down-1644

load access. After automatic screening and wrap-1645

ping, 10 repositories (47.6%) were successfully de-1646

ployed behind a uniform Python API. The remain-1647

ing 11 were rejected due to: model size prohibitive1648

for our inference node (2), non–text-classification1649

architectures (6), or insufficient/ambiguous reposi-1650

tory documentation for reliable wrapping (3).1651

The high executability of code-agent tools1652

(94.9%) and the moderate but reliable deploy-1653

ment rate of web-agent tools (47.6%) indicate that1654

RLAR can consistently materialize task-aligned1655

reward functions across heterogeneous inputs.1656

G.3 Reward Tool Usage and Selection1657

Patterns1658

Having established that RLAR can reliably gener-1659

ate and deploy reward tools, we next examine how1660

these tools are actually invoked during training.1661

This analysis addresses two questions: (i) which1662

categories of tools dominate in practice, and (ii)1663

how the usage patterns vary with task source and1664

affect the learned policy.1665

We plot the actual usage of tools by examin-1666

ing the tool matching conditions based on the data1667

source in the training set shown in the Figure 4.1668

Across all 8,000+ training samples, the major-1669

ity of calls are routed to LLM- based reward1670

models (96.4%), while rule- based and metric-1671

based tools are invoked only sparsely. The most1672

frequently selected individual model is Skywork/1673

Skywork-Reward-V2-Llama-3.1-8B, accounting1674

for 52.5% of calls. A significant proportion of sam-1675

ples fall back to rule-based numeric-consistency1676

checks (“explicit number match”) On translation1677

tasjs, the web-agent originated Seed-X-RM-7B1678

dominates, capturing cross-lingual adequacy more1679

effectively than generic reward models.1680

The dominance of LLM-based rewards suggests1681

that, for heterogeneous open-domain training, high-1682

capacity discriminative models remain the most1683

trusted. Nevertheless, the occasional use of rule-1684

based checks in math and RLHF tasks demon-1685

strates that RLAR is capable of combining expert1686

heuristics when appropriate. RLAR does not rely1687

on a single global reward model but instead or-1688

chestrates a portfolio of evaluators aligned with1689

each domain. As shown in the previous subsection,1690

this diversity translates into smoother advantage1691

estimation and stronger updates during policy opti-1692

mization.1693

Figure 4: Matching tools with source training dataset
distribution.

Figure 5: Maximum Advantage Estimations

G.4 Impact on Advantage Estimation and 1694

Policy Learning 1695

We examine the records from the Qwen experi- 1696

ments covering Generative RM, method, single 1697

generic reward, regarding the estimated min/max 1698

of advantage per step (Figure 5 and Figure 6), and 1699

calculated the proportion that triggered clipping. 1700

Higher rates of being clipped means a higher ab- 1701

solute value of estimated advantage. From the re- 1702

sults, for Generative RM, rollouts triggering both 1703

upper-clip and under-clip occur in every update 1704

step. Compared to single generic reward, RLAR 1705

has a significantly higher clipping rate. This is 1706

direct evidence that methods with better perfor- 1707

mance tends to estimate larger advantages in 1708

absolute values. 1709

Return to the discussion of Advantage Estima- 1710

tion Âi =
ri−mean(r)

std(r) . Consider two types of re- 1711

ward functions in Figure 7, the blue one is sensitive 1712

to extreme values (smaller variance) while the or- 1713

ange one is evenly modeled (higher variance). As- 1714

suming uniform roll-out sampling, a higher value 1715

of Âi suggests that the underlying reward function 1716

resembles the sensitive type (blue line). Therefore, 1717
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Figure 6: Minimum Advantage Estimations

Figure 7: An illustration on the sensitivity to extreme values
of reward functions.

extreme values (maximum/minimum) are divided1718

by a smaller variance, resulting in a more frequent1719

reaching of the clip threshold. This is expected1720

for policy optimization that more weights should1721

be transferred to these deviated rolls, as part of1722

exploration-exploitation balance.1723
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