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Abstract001

Large Reasoning Models (LRMs) benefit from002
generating intermediate reasoning steps, en-003
abling more reliable and interpretable decision-004
making. While outcome-based supervision005
has proven effective for LRMs across diverse006
tasks, it focuses solely on final answers and007
cannot guarantee high-quality intermediate rea-008
soning. In contrast, existing process supervi-009
sion is largely limited to verifiable domains010
such as mathematics or code, where interme-011
diate steps can be explicitly checked, restrict-012
ing its applicability to open-ended reasoning013
tasks. To address these limitations, we propose014
Rubrics-in-Thinking Reinforcement Learning015
(RiT), the first framework to introduce thinking-016
rubric supervision into intermediate reason-017
ing. RiT automatically generates fine-grained018
rubrics and integrates them into a reward func-019
tion via gated fusion with outcome-based re-020
wards, guiding models to reason in a coherent021
and task-aligned manner, improving both inter-022
mediate steps and the final response. Experi-023
ments on reasoning-intensive and open-ended024
benchmarks demonstrate that RiT consistently025
outperforms outcome-only RL baselines.026

1 Introduction027

Large reasoning models (LRMs) (DeepSeek-AI,028

2025; Jaech et al., 2024; Wei et al., 2022) have029

recently attracted attention for generating inter-030

mediate reasoning steps alongside final answers,031

enabling more reliable and interpretable decision-032

making. This capability benefits diverse natural033

language tasks, including mathematical problem034

solving (Mai et al., 2025), multi-step question an-035

swering (Lee and Hockenmaier, 2025), logical036

inference (Chen et al., 2025), and code genera-037

tion (El-Kishky et al., 2025). However, most train-038

ing paradigms for LRMs rely heavily on outcome-039

based rewards, optimizing primarily for final an-040

swer correctness. This can encourage shortcut041

reasoning, break multi-step logical consistency,042

Model Response 

Model Thinking

Relevance

     ...

     reason: thinking centers on flood prevention and city planning

     reason: thinking includes constraints, planning … but not  
     environmental concerns

Interpretability

     reason: reasoning steps explicit and traceable

Completeness

Thinking Rubrics

Model Input

Our proposal replaces traditional concrete barriers with a cost-
effective infrastructure. By restoring native wetlands ... This 
approach significantly reduces construction costs compared to 
hard dams while restoring local biodiversity.

Crucially, the design integrates... This system delivers robust 
protection and public utility within a sustainable budget.

First, identify the main challenge: preventing floods in the city.

Then, consider constraints: budget limits …. I should plan step by 
step: research existing solutions …

Next, anticipate conflicts: … 

Environmental issues may not be very important, and there's no 
need to consider them urgently.


Design a flood prevention system while balancing budget constraints, 
environmental concerns, and community needs.

Figure 1: Thinking rubrics guide intermediate reasoning
to maintain quality and task alignment.

and overlook qualitative aspects such as coher- 043

ence and decisiveness. Process reward models 044

(PRMs) (Khalifa et al., 2025) offer one solution 045

but are often domain-specific (Lu et al., 2025; Fan 046

et al., 2025; Yu et al., 2025b), relying on hand- 047

crafted heuristics or verifiable intermediate steps, 048

and thus struggle to generalize to open-ended tasks 049

involving subjective judgment or semantic interpre- 050

tation. These limitations highlight a key challenge: 051

how can we guide a model’s reasoning in a flexi- 052

ble yet principled way? 053

One promising direction comes from rubric- 054

based reinforcement learning (RL), which has re- 055

cently shown success in guiding model behavior 056

through structured criteria for evaluating final re- 057

sponses (Gunjal et al., 2025; Liu et al., 2025; Huang 058
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et al., 2025). However, the application of rubrics059

to intermediate reasoning remains largely unex-060

plored. As Figure 1 illustrates, extending rubric061

evaluation to the thinking process enables inter-062

pretable, multi-dimensional feedback on reasoning063

trajectories, improving both quality and reliability.064

Motivated by this, we propose Rubrics-in-Thinking065

RL (RiT), a simple and general framework that au-066

tomatically generates fine-grained thinking rubrics067

and integrates them into a reward function for RL.068

This function evaluates reasoning trajectories ac-069

cording to rubrics and is fused with outcome-based070

rewards to balance the quality of reasoning and071

final response, encouraging more coherent and in-072

terpretable reasoning across tasks.073

Our main contributions are:074

• We systematically study thinking-rubric super-075

vision in LRMs, analyzing its effects.076

• We propose RiT, which automatically gener-077

ates fine-grained rubrics and leverages them078

to supervise intermediate reasoning via RL.079

• Experiments demonstrate the effectiveness080

and generalization of thinking-rubric super-081

vision across diverse tasks and models.082

2 Related Work083

Large reasoning models (LRMs) (DeepSeek-AI,084

2025; Marjanovic et al., 2025; Jaech et al., 2024)085

are a class of large language models (LLMs) de-086

signed to produce intermediate reasoning steps087

alongside final responses. By explicitly expos-088

ing reasoning chains, LRMs enable verification,089

planning, and reasoning-aware optimization, distin-090

guishing them from conventional LLMs that out-091

put only end results (Chen et al., 2025; Xu et al.,092

2025). Existing LRMs have been primarily de-093

veloped for narrow domains such as mathematical094

problem solving, code generation, and formal logic,095

often leveraging reward models or reinforcement096

learning to supervise the coherence and correctness097

of reasoning steps (Mai et al., 2025; El-Kishky098

et al., 2025; Fan et al., 2025; Lee and Hocken-099

maier, 2025; Khalifa et al., 2025; Yu et al., 2025b).100

However, these approaches rarely generalize to het-101

erogeneous tasks, where inputs, outputs, and eval-102

uation metrics vary significantly across domains,103

such as open-ended generation and general reason-104

ing benchmarks. To address this limitation, we105

propose a thinking-rubric-based supervision frame-106

work that guides LRM training across diverse tasks,107

promoting reasoning-aware behavior beyond spe- 108

cialized domains. 109

Rubric-based RL has emerged as a paradigm 110

for aligning LLMs by replacing scalar rewards 111

with structured, multi-dimensional evaluation crite- 112

ria. While traditional RL with Verifiable Rewards 113

(RLVR) (Shao et al., 2024; Yu et al., 2025a; Zheng 114

et al., 2025) excels in objective domains like math 115

and code, recent works (Gunjal et al., 2025; Huang 116

et al., 2025) show that rubrics can extend RL to 117

open-ended reasoning tasks without ground truth. 118

To reduce manual design, methods such as Open- 119

Rubrics (Liu et al., 2025) enable automated, scal- 120

able rubric generation, capturing nuanced human 121

preferences. Rubrics further aid exploration and 122

instruction following (Zhou et al., 2025), and have 123

been specialized for high-stakes or subjective do- 124

mains (Wang et al., 2025b), collectively advancing 125

interpretable and robust reward modeling in RL for 126

LLM. Notably, however, no prior work has system- 127

atically investigated the specific impact of thinking 128

rubrics on model reasoning performance. 129

Open-ended generation tasks (Que et al., 2024; 130

Bai et al., 2025; Lin et al., 2025) such as long- 131

form and professional writing have become a pri- 132

mary focus of recent research as model capabilities 133

advance beyond traditional closed-form settings. 134

These tasks lack a single canonical target and in- 135

stead require satisfying multiple qualitative crite- 136

ria. Traditional metrics are often inadequate (Liu 137

et al., 2023b), motivating the adoption of LLM- 138

as-a-judge frameworks to assess generation qual- 139

ity (Gu et al., 2024; Bai et al., 2024). Method- 140

ologically, prior work on open-ended generation 141

primarily adopts either data-centric enhancement 142

or outcome-oriented reinforcement learning (Pham 143

et al., 2024; Jia et al., 2025; Wang et al., 2025a). 144

3 Preliminaries 145

Formalization of LRMs. Given an input query 146

q, an LRM generates an output sequence that con- 147

sists of an explicit reasoning component and a final 148

answer. Formally, the output is defined as: 149

y = ⟨r, o⟩, (1) 150

where r denotes a sequence of intermediate rea- 151

soning steps and o denotes the final response. r is 152

explicitly delimited by a special structural token 153

</think>, which separates the internal reasoning 154

process from the final answer. In this work, we 155

refer to r as the thinking process of the LRM. 156
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Reinforcement Learning for LRMs. We define157

πθ(y | q) as a parameterized policy mapping an158

input query q to an output sequence y. Reinforce-159

ment learning is employed to optimize the policy160

with respect to a scalar reward function R(q, y),161

which evaluates the quality of the generated output,162

including both the final response and the associ-163

ated reasoning process. Specifically, the learning164

objective is defined as:165

max
θ

Ey∼πθ(·|q) [R(q, y)] . (2)166

4 Methodology167

4.1 Overview168

In this section, we present our proposed RiT frame-169

work. Our key insight is that effective reasoning170

in LRMs necessitates the explicit regulation of in-171

termediate thinking processes, rather than merely172

optimizing the final response quality. To this end,173

we propose a unified training framework that inte-174

grates thinking-aware reward modeling with group-175

relative optimization, enabling stable and inter-176

pretable learning under heterogeneous reward sig-177

nals. The technical implementation of RiT consists178

of three key components, as illustrated in Figure 2.179

First, we construct a set of Thinking Rubrics180

that specify task-dependent criteria for evaluating181

thinking processes, explicitly defining what consti-182

tutes desirable reasoning behaviors under different183

queries. Second, based on these rubrics, we design184

a Gated Fusion Reward that reflects both think-185

ing and response quality while mitigating spurious186

high rewards from superficial patterns. Finally, we187

optimize the model using Group Relative Policy188

Optimization (GRPO) (Shao et al., 2024), where189

the fused reward serves as the training signal and190

group-wise normalization enables stable learning191

across heterogeneous reward scales.192

4.2 Thinking Rubrics Generation193

The first step in RiT is to generate thinking194

rubrics, i.e., explicit criteria that guide and eval-195

uate the model’s intermediate reasoning. Reason-196

ing in LRMs is often under-specified or unstruc-197

tured, which can result in incomplete, inconsis-198

tent, or logically flawed trajectories. By providing199

these rubrics, we establish clear standards for high-200

quality reasoning, enabling reliable evaluation of201

intermediate outputs and effectively guiding subse-202

quent RL. To generate the rubrics, a frontier LLM203

is prompted with instructions comprising:204

• Task Definition. The prompt specifies the 205

task requirements and, when applicable, the 206

evaluation dimensions of the final response 207

(e.g., factual correctness, relevance, complete- 208

ness). This ensures that the generated rubrics 209

are aligned with the task objectives and pro- 210

vide explicit guidance for reasoning. 211

• Positive Examples. Model-generated reason- 212

ing trajectories that successfully satisfy the 213

task requirements. These exemplify desirable 214

reasoning behaviors and facilitate the LLM in 215

inferring high-quality rubrics. 216

• Negative Examples. Reasoning trajectories 217

that fail to meet the task requirements. These 218

illustrate common errors, enabling the LLM 219

to generate rubrics that effectively distinguish 220

correct from incorrect reasoning. 221

After generating an initial rubric set, we further 222

employ the LLM to iteratively refine the rubrics 223

through a self-evaluation process. Specifically, the 224

LLM is instructed to examine whether the current 225

rubrics suffer from missing criteria, redundant or 226

overlapping conditions, or ambiguous. Based on 227

this analysis, the LLM revises the rubrics by adding 228

missing aspects, removing or merging suboptimal 229

criteria, and improving clarity and coverage. 230

The resulting thinking rubrics are denoted as: 231

Cthink = {c1, c2, . . . , cK}, (3) 232

where each ck represents an explicit criterion that 233

defines a desirable aspect of reasoning (e.g., logical 234

coherence, relevance, completeness). These rubrics 235

form the foundation for computing the thinking 236

reward Rthinking(r), ensuring that the model’s rea- 237

soning trajectories are structured, task-aligned, and 238

interpretable. Importantly, this design is flexible 239

and general, applicable to a wide range of tasks 240

including open-ended generation and structured 241

reasoning without task-specific modifications. 242

4.3 Reward Design 243

Thinking Rubric Reward. This reward quanti- 244

fies the quality of the model’s intermediate rea- 245

soning, explicitly incentivizing trajectories that 246

are well-formed, coherent, and aligned with task- 247

specific criteria. High-quality reasoning not only 248

improves the final response but also enhances inter- 249

pretability and controllability of model behavior. 250

For a reasoning trajectory r corresponding to 251

query q, its performance is evaluated against the 252
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“Actionability”: Does it provide concrete, actionable guidance rather than abstract 
or motivational statements?

“Structural Clarity”: Is the response well-structured and easy to directly use as an 
article outline or plan?

Information Density and Conciseness 
 Does it deliver high-value insights efficiently, without redundancy?

Figure 2: Overview of RiT, where a thinking-rubric reward is integrated with the response reward via gated fusion.

rubrics set Cthink. Formally, the thinking rubric253

reward is defined as:254

Rthinking(r) =
1

K

K∑
k=1

sthinkk , (4)255

where sthinkk ∈ {0, 1} indicates whether r satisfies256

the k-th criterion under the LLM-based evaluator.257

By leveraging a frontier LLM to score the rubrics,258

this design ensures evaluations that are both ro-259

bust and adaptive, capturing nuanced aspects of260

reasoning quality that are challenging to specify261

manually. Grounding the reward function in these262

structured rubrics allows RiT to guide the model263

toward producing trajectories that are simultane-264

ously high-quality and interpretable, establishing a265

principled foundation for subsequent RL.266

Response Reward. This reward evaluates the267

quality of the model’s final response and adapts268

to different task types:269

• Open-ended generation tasks: For tasks270

without a unique correct answer, we employ271

response rubrics, analogous to the thinking272

rubrics, to assess multiple dimensions of the273

output. These rubrics are constructed accord-274

ing to the evaluation criteria of the underlying275

dataset, ensuring alignment with task-specific276

standards. A frontier LLM critic assigns bi-277

nary scores for each rubric, and the aggregated278

response reward is computed as:279

Rresp =
1

M

M∑
m=1

sresp
m , (5)280

where s
resp
m ∈ {0, 1} denotes whether the re- 281

sponse meets the m-th criterion of M rubrics. 282

• Reasoning tasks: For tasks with a well- 283

defined answer, the response reward is based 284

on accuracy, i.e., whether the model’s output 285

matches the reference answer. Formally, 286

Rresp = 1{omodel = ogold}, (6) 287

where omodel and ogold denote the model- 288

generated and gold answer, respectively. 289

Gated Fusion Reward. To jointly optimize both 290

the reasoning process and the final response, we 291

integrate the thinking reward Rthinking and the re- 292

sponse reward Rresp through a weighted fusion in- 293

spired by (Yu et al., 2025b; Peng et al., 2025), fol- 294

lowed by a gated mechanism that enforces balanced 295

performance. Specifically, let α ∈ [0, 1] denote the 296

weight assigned to the reasoning component, with 297

1− α corresponding to the response component: 298

Rfusion = αRthinking + (1− α)Rresp. (7) 299

The fused score is then passed through a gating 300

function to obtain the final reward: 301

Rfinal = Gate(Rfusion, Rresp). (8) 302

In this work, we instantiate the gating function 303

as a hard minimum, such that the final reward is 304

bounded by the weaker of the two components. The 305

gating mechanism prevents degenerate optimiza- 306

tion by adaptively constraining the influence of 307

reasoning signals. This design ensures that high re- 308

ward can only be achieved when both the reasoning 309
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process and the final response exhibit strong per-310

formance. Consequently, the model is discouraged311

from over-optimizing either reasoning or output in312

isolation, while retaining flexibility for future ex-313

tensions with soft or adaptive gating mechanisms.314

4.4 Reinforcement Learning with GRPO315

To optimize the proposed reward formulation, we316

adopt GRPO as the RL algorithm. Given a query317

q, the policy πθ samples a group of candidate re-318

sponses {yi}gi=1. Each response is assigned a scalar319

reward R(q, yi) computed using the proposed gated320

fusion of thinking and response scores. GRPO then321

calculates a group-relative advantage by normaliz-322

ing rewards within each group:323

Ai =
R(q, yi)− R̄g

stdj∈g(R(q, yj))
, (9)324

where R̄g = 1
|g|

∑
i∈g R(q, yi) and std denotes the325

standard deviation over the group. Based on the326

normalized advantage Ai, the policy is optimized327

by maximizing a clipped surrogate objective:328

LGRPO(θ) = Ei

[
min

(
ρi(θ)Ai, clip(ρi(θ), 1− ϵ, 1 + ϵ)Ai

)]
,

(10)
329

where ρi(θ) = πθ(yi|q)
πθold (yi|q)

, ϵ is a hyperparameter330

controlling the clipping range to prevent exces-331

sively large policy updates.332

5 Experiments333

In this section, we conduct a detailed evaluation of334

our method RiT. Implementation details are pro-335

vided in the Appendix A.1 and the source code is336

attached as supplementary materials.337

5.1 Experimental Setup338

Datasets. We evaluate RiT on diverse datasets339

spanning open-ended generation and reasoning340

tasks. For open-ended generation, we use341

LongBench-Write (Bai et al., 2025), which tar-342

gets long-form text requiring coherent and contex-343

tually rich outputs, and WritingBench (Wu et al.,344

2025), a multi-domain dataset covering six profes-345

sional domains, including technical, creative, and346

business writing. For reasoning, we employ Strate-347

gyQA (Geva et al., 2021), consisting of multi-step348

strategic questions; LogiQA (Liu et al., 2023a),349

designed for logical deduction and inference; and350

TruthfulQA (Lin et al., 2022), which assesses the351

truthfulness of model-generated answers. RiT is352

trained on the available training sets and evaluated 353

on the corresponding test sets. Dataset statistics 354

and details are provided in the Appendix A.2. 355

Backbone Reasoning Models. We conduct ex- 356

periments using three backbone reasoning models: 357

Qwen3-8B (Yang et al., 2025), Qwen3-1.7B (Yang 358

et al., 2025), and DeepSeek-R1-Distill-Llama- 359

8B (DeepSeek-AI, 2025). These models cover dif- 360

ferent parameter scales and architectures, providing 361

a representative set for evaluating the effectiveness 362

and generality of our thinking rubric supervision. 363

Baselines. To rigorously assess the effectiveness 364

of RiT, we consider two representative baselines. 365

First, we evaluate the base model, which serves 366

as a performance lower bound. Second, we con- 367

struct a GRPO baseline with outcome-only re- 368

ward (ORM), where optimization depends exclu- 369

sively on response quality and provides no explicit 370

signal on the thinking process. This baseline shares 371

the same optimization algorithm as our method but 372

differs only in reward design. Importantly, our goal 373

is not to achieve state-of-the-art performance, but 374

to validate the utility of the thinking rubric reward. 375

Evaluation Metrics. For reasoning tasks, we use 376

the standard Pass@1 (Chen et al., 2021) metric. For 377

open-ended generation, we employ Qwen3-235B- 378

A22B-Instruct (Yang et al., 2025) as the judge for 379

all benchmarks. More details of evaluation are 380

provided in the Appendix A.3 381

5.2 Main Results 382

Table 1 reports the main experimental results across 383

different reasoning models and benchmark settings. 384

Overall, RiT consistently outperforms all baselines 385

across diverse evaluation scenarios, demonstrat- 386

ing strong generalization. In open-ended genera- 387

tion settings, it exhibits improved handling of long- 388

form composition, producing responses that better 389

satisfy complex writing conditions. In reasoning- 390

oriented tasks, it achieves higher accuracy and 391

stronger factual reasoning capability, reflecting 392

more reliable and consistent decision-making be- 393

havior. Importantly, these performance gains are 394

observed across models with varying parameter 395

scales and architectural designs, ranging from 396

lightweight models to larger, more expressive ar- 397

chitectures. This suggests that RiT is not tightly 398

coupled to a specific model size or backbone, and 399

can be effectively applied across different model 400

families, highlighting its robustness and scalability. 401
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Reasoning
Models

Methods
Open-Ended Generation Reasoning

LongBench-Write WritingBench StrategyQA LogiQA TruthfulQA

DeepSeek-R1-Distilled
-Llama-8B

Base 54.9 4.07 0.563 0.463 0.504
ORM 59.5 4.46 0.659 0.558 0.579
RiT 60.3 4.70 0.703 0.564 0.695

Qwen3-1.7B
Base 74.5 6.37 0.638 0.571 0.500
ORM 76.3 7.10 0.716 0.597 0.848
RiT 79.3 7.13 0.734 0.606 0.854

Qwen3-8B
Base 84.4 7.45 0.729 0.594 0.744
ORM 85.7 8.10 0.808 0.690 0.945
RiT 89.2 8.24 0.838 0.719 0.951

Table 1: Comparative evaluation of different methods across reasoning models and datasets. Best ones among all
methods are bold-faced, and second-best are underlined.
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Figure 3: (a) LongBench-Write: ablation on both the thinking-rubric reward and the choice of gating function. (b)
StrategyQA and (c) LogiQA: ablation on the thinking-rubric reward.

Notably, ORM can be viewed as an ablation of RiT402

without the thinking-rubric reward. Comparing this403

variant with RiT underscores the contribution of404

the thinking-rubric guidance, demonstrating that405

incorporating reasoning-quality feedback signifi-406

cantly improves performance across diverse tasks.407

We further observe that models with stronger base408

capabilities benefit more from the thinking-rubric409

guidance. This is likely because high-capacity mod-410

els can better leverage the fine-grained feedback to411

produce more coherent, accurate, and complex out-412

puts, whereas lower-capacity models may struggle413

to fully exploit the reward signal.414

5.3 Ablation Study415

Module Analysis. Table 2 presents an ablation416

study on Qwen3-8B across three benchmarks:417

LongBench-Write, StrategyQA, and LogiQA. Our418

analysis reveals four main insights: (1) The full419

RiT consistently outperforms all ablation variants,420

demonstrating that TR (Thinking-Rubric Reward)421

and RR (Response Reward) are not redundant but422

mutually reinforcing. (2) RR acts as the primary423

driver of performance in reasoning tasks, highlight-424

ing that direct feedback on the final answer is es-425

sential for ensuring logical correctness and correct- 426

ing terminal errors. (3) For open-ended tasks that 427

lack a unique "gold" label, TR provides crucial 428

guidance, effectively serving as a "compass" for 429

intermediate reasoning. (4) Replacing GRPO with 430

standard PPO (Schulman et al., 2017) results in a 431

performance drop, suggesting that GRPO is bet- 432

ter suited to balancing the heterogeneous reward 433

scales introduced by the combination of thinking 434

and response-level supervisions. 435

Fine-grained Ablation of the Thinking-Rubric 436

Reward. To further analyze the effect of the 437

thinking-rubric reward, we evaluate Qwen3-8B 438

on three representative benchmarks, including 439

LongBench-Write, StrategyQA, and LogiQA. We 440

compare RiT with ORM using checkpoints near re- 441

ward convergence, enabling a controlled examina- 442

tion of their performance trajectories. As observed 443

in the Figure 3, during the late convergence stages, 444

RiT maintains performance scores that are gener- 445

ally not lower than ORM, with relatively minor 446

fluctuations. This indicates that RiT demonstrates 447

relatively stable superiority during the convergence 448

phase, suggesting both high performance and more 449

reliable behavior as training stabilizes. 450
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Figure 4: Entropy and performance of Qwen3-8B with RiT and ORM on LongBench-Write (a) and StrategyQA (b).

Impact of Gate Function Choice. We further451

analyze the impact of different gating strategies452

through ablation experiments on Qwen3-8B eval-453

uated on the LongBench-Write, as illustrated in454

Figure 3 (a). Specifically, we compare several alter-455

natives: (1) No Gating, where the final reward is456

simply the weighted fusion of thinking rubric and457

response scores; (2) a Max-Gate, which selects458

the larger of the two scores; and (3) a Conditional459

Gate, where the thinking-rubric reward is incor-460

porated only when the response is fully correct461

(i.e., the response score equals 1). Empirically,462

we observe that most gated variants outperform463

the outcome-only baseline, indicating that incor-464

porating thinking rubric signals generally benefits465

learning. However, among all designs, the Min-466

Gate (RiT) consistently yields the most stable and467

reliable improvements. In contrast, the Max-Gate468

often leads to degenerate behaviors, as high think-469

ing rubric scores can dominate even when the final470

answer is incorrect or low quality, weakening cou-471

pling between thinking quality and task success.472
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Figure 5: Performance scores of different models at
varying fusion weights α in LongBench-Write.

Impact of Fusion Weight α Choice. Figure 5473

illustrates the performance scores of different mod-474

els under varying fusion weights α in LongBench-475

Write. Models with relatively higher baseline per-476

Methods LongBench-Write StrategyQA LogiQA

Base 84.4 0.729 0.594
RiT (w/o TR) 85.7 0.808 0.690
RiT (w/o RR) 85.8 0.769 0.638

RiT (PPO) 88.0 0.799 0.638
RiT 89.2 0.838 0.719

Table 2: Ablation on Qwen3-8B across LongBench-
Write, StrategyQA, and LogiQA. TR and RR denote the
Thinking-Rubric and Response rewards, respectively.
Best results are in bold, and second-best are underlined.

formance generally tend to achieve their best re- 477

sults at moderate α values, as excessive weight- 478

ing toward the thinking score can override the 479

model’s strong predictions and slightly degrade per- 480

formance. In contrast, the model with lower base- 481

line performance, such as DeepSeek-R1-Distill- 482

Llama-8B, benefits from higher α, suggesting that 483

the thinking score can compensate for weaker pre- 484

dictions and consequently enhance overall results. 485

5.4 Entropy Analysis 486

We further analyze the entropy dynamics of Qwen3- 487

8B on the LongBench-Write and StrategyQA 488

datasets, with a particular focus on the near- 489

convergence stage of training. As illustrated in 490

Figure 4, on LongBench-Write, the entropy of 491

both methods exhibits an overall decreasing trend 492

as training progresses. Nevertheless, RiT demon- 493

strates a noticeably slower rate of entropy reduction 494

compared to ORM, indicating its ability to preserve 495

a higher degree of exploration during optimization. 496

In contrast, on the reasoning-oriented StrategyQA 497

task, RiT maintains an increasing entropy trend 498

even near convergence, whereas ORM exhibits a 499

clear decline in entropy. This suggests that RiT 500

is able to sustain higher uncertainty and flexibil- 501

ity in its reasoning process, which may facilitate 502
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Figure 6: Comparison of the thinking quality of Qwen3-
8B under three strategies (Base, ORM, and RiT) on
LongBench-Write and StrategyQA. A frontier LLM
selects the best reasoning trajectory for each query, and
the fraction of selections (i.e., the winning rate) is used
as a proxy for the thinking quality.

the exploration of diverse solution paths. Overall,503

these observations suggest that incorporating the504

thinking rubric endows the model with stronger505

exploratory capacity, enabling more effective rea-506

soning behaviors across different task types. This507

enhanced ability to explore and deliberate allows508

the model to achieve improved performance in both509

open-ended generation and reasoning benchmarks.510

5.5 Thinking Quality Comparison511

We evaluate the thinking quality of Qwen3-8B512

under three strategies: Base, ORM, and RiT513

on LongBench-Write and StrategyQA. Following514

prior work, a frontier LLM (i.e., Claude Sonnet515

4 (Anthropic, 2025)) selects the best reasoning516

trajectory for each query, and the selection ra-517

tio is used as the thinking quality metric. As518

shown in Figure 6, RiT consistently achieves the519

highest selection rate across both datasets, indi-520

cating more coherent and goal-aligned reasoning.521

This trend aligns with our entropy analysis, sug-522

gesting that thinking-guided training enhances ex-523

ploratory capacity and overall reasoning quality524

beyond outcome-only supervision.525

5.6 Case Study526

We conduct case studies to qualitatively assess the527

impact of thinking-rubric supervision, with a repre-528

sentative example from LongBench-Write shown529

in Figure 7 (additional cases are provided in Ap-530

pendix A.4). In a task requiring a 1,200-word gen-531

eration,ORM fails to regulate content expansion, re-532

sulting in a 2,119-word output, which substantially533

exceeds the target length. In contrast, RiT pro-534

duces a more aligned 1,328-word response, closer535

to the required constraint. This precision stems536

directly from the length-planning dimension within537

our thinking rubrics: RiT ’s thinking process ex-538

Background of the research on the Design and Implementation of an Online Food 
Supermarket Management System Using the SSM Framework. Approximately 1200 words.

Model Response 

RiT 

Okay, I need to write a 1200-word ...  First, the introduction should ... around 200 words ...

Next, the second paragraph ... Keep this section to 200 words as well.

Now, the third paragraph is a ... This part should be around 250 words ... The fourth 
paragraph should ... This section is 200 words ... Moving on to the fifth paragraph ... This 
part is 200 words ... The sixth paragraph is about ... This section needs to be around 200 
words... Finally ... Keep this concise, around 100 words, to wrap up the background 
effectively ...

[Note: model plan to write 1,350 words.]

Model Thinking

The rapid advancement of  ...  The primary objectives of this research are to ... The 
research methodology ... In conclusion, the design and implementation of ...

[Note: 1,328 words in total.] ✓

Okay, the user wants a 1200-word background on ... Let me start by breaking down the 
components they need.

First, I should define what SSM is ... Next, the background... Then, the need for a robust 
management system...Also, the advantages of using SSM...

Ensure the word count is around 1200. Maybe split into sections: introduction to ... 
challenges in management ... and conclusion.

[Note: model just note that it should be around 1,200 words.]

Model Response 

ORM 

Model Thinking

Model Input

1. Introduction to ... 2. Overview of ... 3. Challenges... 4. The Role of... ... 8. Conclusion and 
Research Objectives ...

[Note: 2,119 words in total.]

Figure 7: A case study on open-ended generation show-
ing that ORM exceeds the target length due to coarse
planning, while RiT meets the length requirement by
explicitly planning word budgets during thinking.

plicitly pre-allocates word budgets to each subsec- 539

tion. This demonstrates that under thinking rubrics 540

guided supervision of intermediate planning, RiT 541

fosters the disciplined, constraint-aware reasoning 542

necessary for complex, open-ended tasks. 543

6 Conclusion 544

In this paper, we propose RiT, the first framework 545

to incorporate rubric-based supervision into inter- 546

mediate reasoning, enabling direct evaluation and 547

optimization of thinking trajectories. RiT automat- 548

ically generates fine-grained thinking rubrics using 549

and assigns thinking-level rewards based on rubric 550

compliance. To balance reasoning quality with 551

final-task performance, we integrate the thinking 552

reward with an outcome-based reward through a 553

gated fusion mechanism, ensuring consistency be- 554

tween intermediate reasoning and final responses. 555

Experiments demonstrate that RiT improves rea- 556

soning quality across diverse tasks, highlighting the 557

value of thinking-rubrics as a scalable and flexible 558

framework for guiding human-aligned reasoning. 559
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Limitations560

Despite the effectiveness of RiT, several limitations561

remain. First, the generation of thinking rubrics562

relies automated processes with minimal human563

oversight, which may limit their alignment with564

nuanced human expectations or domain-specific565

knowledge. Incorporating human-in-the-loop ver-566

ification could help mitigate this issue in future567

work. Second, the integration of thinking-rubric568

and response rewards currently requires manual569

hyperparameter tuning. Future work could explore570

adaptive mechanisms to dynamically balance these571

reward scales across tasks of varying complexity.572

Finally, due to computational constraints, experi-573

ments were conducted on moderately sized models574

(e.g., 8B parameters), leaving the scalability and575

emergent behaviors of RiT on ultra-large models576

(e.g., >70B parameters) to be investigated.577
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A Details of Experiments823

A.1 Implementation Details824

We train our models using the VeRL frame-825

work1 (Sheng et al., 2025) and follow standard826

GRPO hyperparameter settings. Specifically, the827

learning rate is set to 2 × 10−6, and each rollout828

consists of 8 sampled responses. For open-ended829

generative tasks, we use a batch size of 32, while830

for reasoning or inference tasks, the batch size is831

set to 128. The thinking rubrics are generated by832

Claude Sonnet 4 (Anthropic, 2025). During train-833

ing, model outputs are scored by Qwen3-235B-834

A22B-Instruct. For open-ended generation, the835

fusion weight α is generally set to 0.5, while for836

DeepSeek-R1-Distilled-Llama-8B on LongBench-837

Write, α is set to 1. For reasoning tasks, α is consis-838

tently set to 1. Training proceeds until the reward839

converges. The models are run for around 500840

steps on reasoning tasks, and around 200 steps for841

open-ended generation tasks.842

A.2 Datasets843

Here we detail the training and test splits for all844

datasets used in our experiments. Different split845

ratios (50:50 vs. 80:20) are chosen based on dataset846

size and evaluation needs, while ensuring that train-847

ing and test data are drawn from the same under-848

lying distribution. An overview of the splits is849

provided in Table 3.850

• LongBench-Write is split 50:50 by type and851

text length, preserving the original distribu-852

tion across these attributes to ensure balanced853

evaluation of long-form generation quality.854

• WritingBench is split 50:50 via stratified sam-855

pling over major/minor domains and language,856

ensuring representative coverage of all six pro-857

fessional writing domains in both splits.858

• StrategyQA uses the official benchmark split,859

, with the training set and development set as860

the test set for comparability with prior work.861

• LogiQA adopts an NLI task formulation as862

suggested by (Liu et al., 2023a), focusing on863

logical inference between premise and hypoth-864

esis. We use the benchmark-provided training865

and test sets to ensure consistency with the866

standard evaluation protocol.867

1https://github.com/volcengine/verl

• TruthfulQA uses the multiple-choice 1 868

(MC1) task format and is split 80:20 into train- 869

ing and test sets. This ratio provides sufficient 870

training data given the limited dataset size 871

while preserving a reliable test set. 872

Dataset Training Set Test Set

LongBench-Write 60 60
WritingBench 500 500
StrategyQA 2,061 229
LogiQA 30,908 3,942
TruthfulQA 653 164

Table 3: Overview of the training and test splits for all
datasets used in our experiments.

A.3 Evaluation Protocol 873

Here we describe the evaluation protocol and scor- 874

ing procedures used in our experiments. 875

For LongBench-Write and WritingBench, we 876

use the official evaluation protocols and directly 877

adopt the evaluation scripts released in their public 878

GitHub repositories2, without any modification to 879

the evaluation prompts or scoring logic. 880

For LongBench-Write, the final score ranges 881

from 0 to 100 and is computed as the average of 882

a length score (Sl) and a quality score (Sq). For 883

WritingBench, the evaluator independently assigns 884

a 10-point score to the generated response for each 885

quality criterion ci ∈ Cq, and the final score is 886

computed by averaging across all criteria. 887

A.4 Case Study 888

We present additional case studies to illustrate the 889

effectiveness of thinking-rubric supervision in guid- 890

ing model reasoning and content generation. 891

WritingBench (Open-Ended Generation). As 892

shown in Figure 8, the task is to write a detailed 893

guidance document for parents, incorporating in- 894

terview summaries and industry reports. ORM 895

lacks explicit planning for integrating external in- 896

puts, resulting in omissions and disorganized con- 897

tent. RiT leverages content-mapping from the 898

thinking rubrics, specifying which information be- 899

longs in which section, and produces a coherent, 900

information-complete document. 901

2https://github.com/THUDM/LongWriter and https:
//github.com/X-PLUG/WritingBench
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Write a detailed guidance document on how parents can work with educational consulting 
agencies to develop personalized learning plans for their children. The document should 
include but not be limited to: ... Interview summaries from experts or educational 
consultants, or public industry reports Summary of Interviews with Experts or Education 
Consultants and Public Industry Reports: ...

Model Response 

RiT 

... The industry reports they provided are about the future of education consulting in 
China, market growth, integration with the internet, talent development, etc. I need to 
weave these into the document where relevant, especially in sections discussing the 
industry's growth and the role of consulting agencies. ... The industry reports mention 
the growth of the education consulting industry, integration with the internet, and talent 
development. I need to connect these points to the document. For instance, when 
discussing the future of the industry, mention how technology integration (like 
"Internet+" platforms) can enhance personalized learning. Also, when talking about 
talent, emphasize the importance of professional consultants and the need for ongoing 
training ...

[Note: Specifies content and maps it to sections]

Model Thinking

VII. The Role of the Education Consulting Industry in Future Development… Integration 
with Technology (‘Internet+’)… Segmented Services… Talent Development… System 
Integration… Example: ...

[Note: Interviews and industry reports have been integrated and placed in Section VII as 
planned.] ✓

... The user also provided interview summaries and industry reports. I need to integrate 
that information into the document. For example, the future of the education consulting 
industry, market growth points, integration with the internet, and talent training. Maybe add 
a section on industry trends and how they affect the approach parents take. ...

[Note: No clear plan for placement]

Model Response 

ORM 

Model Thinking

Model Input

Introduction: The Role of Educational Consulting in Personalized Learning ... Section 1: 
Preparing for Engagement with Educational Consulting Agencies ... Section 2: Initial 
Communication with Educational Consulting Agencies ... Section 3: The Process of 
Developing a Personalized Learning Plan ...

[Note: Missing summaries of interviews and industry reports]

Figure 8: A case study on open-ended generation. ORM
lacks structured planning and omits key details, while
RiT uses content-mapping from thinking rubrics to map
content to sections and produce a coherent document.

Are all the elements plants need for photosynthesis present in atmosphere of Mars?

Model Response 

RiT 

Okay, so the question is whether all the elements plants need for photosynthesis are 
present in Mars' atmosphere. Let me break this down step by step ...

But I'm still uncertain because I remember that Mars' atmosphere has very little water, but 
the question is about presence.

...

Thus, the answer is Yes.

Model Thinking

Answer: Yes.  

✓

Okay, let's tackle this question ...

Wait, the question is about elements needed for photosynthesis. Let me think about the 
elements. Carbon, hydrogen, oxygen ...

Wait, but the question is about elements plants need. Let me think about the elements ...

So, if the elements are present, even if in low amounts, the answer is yes. Therefore, the 
answer is yes.


Model Response 

ORM 

Model Thinking

Model Input

Answer: No. 

[Note: The thinking and the response are inconsistent]

[Note: The thinking and the response are consistent]

[Note:  Repeated thinking]

Figure 9: A case study on a reasoning task. ORM
exhibits repetitive and unfocused reasoning, producing
an incorrect answer, whereas RiT follows a disciplined
reasoning process guided by thinking rubrics and arrives
at the correct answer.

StrategyQA (Reasoning Task). As shown in902

Figure 9, the task asks whether Mars’ atmosphere903

contains all elements needed for photosynthesis.904

ORM exhibits looping reasoning, repeatedly revis-905

iting similar content and ultimately producing an906

incorrect answer despite internally concluding cor-907

rectly. RiT, guided by thinking-rubric supervision,908

maintains a disciplined reasoning trajectory, pri-909

oritizing critical elements and avoiding redundant910

loops, leading to the correct answer.911

Overall, these case studies show thinking-rubric912

supervision enables RiT to produce more precise,913

structured, and constraint-aware outputs across rea-914

soning and open-ended generation tasks.915
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