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Abstract

Reinforcement learning with verifiable rewards (RLVR) trains language
models to use long chain-of-thought reasoning (CoT) in domains like
mathematics and code with rule-based verifiers.  However, long
CoT learned through RLVR does not generalize well to open-ended
tasks—such as writing essay outlines or making meal plans—where hu-
mans reason routinely. This paper establishes the benefits of long CoT
for general-purpose chat capabilities and introduces RL with Model-

rewarded Thinking (RLMT)"} which pushes RLVR beyond verifiable do-
mains. Using diverse real-world prompts, RLMT requires LMs to generate
long CoT reasoning before responding, and optimizes them with online RL
against a preference-based reward model used in RLHE. Across 40 train-
ing runs on Llama-3.1-8B and Qwen-2.5-7B (both base and instruct) and
multiple optimization algorithms (DPO, PPO, and GRPO), RLMT consis-
tently outperforms standard RLHF pipelines. This includes substantial
gains of 3-7 points on three chat benchmarks (AlpacaEval2, WildBench,
and ArenaHardV2), along with 1-3 point improvements on other tasks
like creative writing and general knowledge. RLMT can also be applied
directly to base models without an SFT stage, akin to DeepSeek-R1-Zero.
Remarkably, with only 7K prompts, Llama-3.1-8B base trained with our
RLMT recipe outperforms Llama-3.1-8B-Instruct post-trained with a com-
plex multi-staged pipeline with 25M+ examples. We close with qualitative
and quantitative analyses of how trained models plan their responses. Our
results rethink the post-training pipeline and call upon future work to un-
derstand and employ thinking more broadly.

1 Introduction

Thinking through the consequences of one’s actions—and revising them when needed—is
a defining feature of human intelligence (often called “system 2 thinking”, [Kahneman
(2011)). It has also become a central aspiration for large language models (LLMs). Recent
progress toward this goal has been driven by reasoning models trained through reinforce-
ment learning with verifiable rewards (RLVR; Lambert et al., 2025; [DeepSeek-Al, [2025).
In RLVR, models are optimized with automatically checkable rewards from domains such
as mathematics and code, encouraging them to reason with a long chain-of-thought (CoT;
Nye et al., 2021} |Wei et al., 2022) before answering.

RLVR has been applied extensively to math, coding (DeepSeek-Al, 2025 |Zeng et al., 2025),
STEM problems (Ma et al., 2025), puzzles and games (Chen et al., [2025; |Liu et al., [2025b;}
Stojanovski et al., 2025} |Liu et al., 2025c), demonstrating strong performance and incentiviz-
ing LMs to use sophisticated reasoning patterns such as branching and reflection. How-
ever, we find that skills acquired from RLVR do not generalize to broader tasks requiring
open-ended reasoning—such as writing emails, drafting essay outlines, and making to-do
lists—where humans also engage in everyday reasoning. Figure [2|shows that open-source
reasoning models trained via math-focused RLVR lag behind standard instruction-tuned

*Equal contribution.
1We release our code and data publicly at https://github.com/princeton-pli/RLMT.
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Figure 3: We train LMs with long chain-of-thought on diverse, general user prompts
through reinforcement learning with a reward model. RLMT allows models to think com-
pared to RLHF, and extends RLVR to broader, open-ended tasks.

models on WildBench (Lin et al., 2025b)), a widely used chat benchmark with diverse user
queries. Complementary studies report limited generalization of RLVR-trained models to
reasoning tasks beyond verifiable domains (Huan et al., 2025;|Zhou et al., 2025). Such gap
raises an important question: whether and how long CoT benefits open-ended reasoning?

This paper pushes the RLVR paradigm beyond ,

. e . . - If Andy Dufresne wrote a book of philosophy, what
verifiable domains, and introduces Reinforcement & would be his philosophy and why? What would become
Learning with Model-rewarded Thinking (RLMT). T o oS
As in Figure 3| RLMT trains LMs to generate long

CoT reasoning before final answers, using online RL think> Q : -
., . & The user wants to know Andy's hypothetical philosophy
algorithms such as GRPO (Shao et al., 2024). Unlike book, and some quotes from his book...
RLHF (Ziegler et al.,[2020; |Ouyang et al., 2022), this 0. B o s o Ay Diicencs HE bommiar,
. ) 0 intelligent, ... His story Is a powertul metaphor
design encourages explicit reasoning. Compared to 2. Synthesize his experiences into a philosophy:
: . * Key theme: The Power of Mind, Hope, and ...
RLVR relying on rule-based rewards tied to ground- * Core principles:
truth answers, RLMT only requires prompts and o S RO S Ul
) mphasizing the role of positive expectation ...
uses reward models trained on human preference 3. Explain *why* this philosophy: .
data over diverse prompts, as in RLHE to evalu- 5. Structure the response: 1) Introduction: Set the
. . .. . he Phil hy: il th id
ate responses. RLMT recipe is surprisingly effective Aimics | 1o Phicsophy: Detallthe core ideas
across a wide range of tasks, enabling long CoT for
. Title of The Hypothetical Book:
open-ended tasks (see Flgurefor an example). Beyond the Walls: A Philosophy of Hope and Resilience”

We systematically study the benefits of long CoT en- The Philosophy: tHope esthe Architect, Mind as the Key'
abled by RLMT through extensive experiments cov-

ering various optimization algorithms (on-policy Figure 1: Example reasoning trace
DPO, PPO, and GRPO), model families (Llama-3.1- generated by an LM trained with
8B and Qwen-2.5-7B), and training configurations. RLMT for an open-ended query.
We apply RLMT on both base models and those

warm-started with supervised fine-tuning (SFT), akin to R1-zero and R1 (DeepSeek-Al,
2025). Across all settings, we find consistent benefits of long CoT: RLMT produces sizable
improvements over standard RLHF, with average gains of 3-7 points on chat benchmarks
and 1-3 points on other tasks including creative writing and general knowledge. Notably,
Llama-3.1-8B-Instruct trained with RLMT (GRPO) scores 58.7 on AlpacaEval2 and 50.4 on
WildBench (Table [2), surpassing models 10x larger that do not use long CoT (Llama-3.1-
70B-Instruct), and even outperforming GPT-4o0 (OpenAl et al|[2024) on WildBench.

Wildbench Score Remarkably, RLMT also delivers substantial gains

EE our Model when applied directly to base models without an

46'3 SFT stage, revealing insights into the open-ended

reasoning capabilities already embedded in base

22.2 models. In this setting, RLMT achieves average chat
115 158 scores of 15.6 on Llama-3.1-8B and 29.0 on Qwen-
- ’—‘ 2.5-7B (Table P)—higher than Llama-3.1-8B-Instruct

Quen-78  General gwm}w 78 OpepThinker Q(Woijrs:B and Qwen-2.5-7B-Instruct by more than 5 points, de-

spite the latter relying on far more complex post-
Figure 2: Score on WildBench (Lin| training pipelines involving millions of examples,
et all 2025b). Thinking models rejection sampling, and iterative preference opti-
trained only on verifiable domains mization (Llama3,2024).

do not generalize well to general-

purpose chat Our analyses surface several interesting findings.

Comparisons between prompt mixtures suggest
that diverse, challenging real-world prompts better elicit reasoning skills during RL than
simpler synthetic prompts. We also observe an interesting reversal in model performance:
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while Llama-3.1 underperforms Qwen-2.5 before RL, the trend reverses after RLMT train-
ing, suggesting that RLMT can reinforce latent capabilities even when not fully optimized
during pretraining or SFT. Lastly, we observe emergent reasoning behaviors in Llama-
3.1-8B after RL, such as constraint enumeration and iterative refinement, accompanied
by increased CoT length. Together, our results demonstrate the promise of the long CoT
paradigm and open productive directions for future work.

2 Reinforcement Learning with Model-rewarded Thinking

2.1 Background

We first set up the preliminary background on two LM training paradigms, RL from Hu-
man Feedback (RLHEF; Ziegler et al.|(2020) and RL with Verifiable Rewards (RLVR; Lambert
et al.|(2025).

RLHE. The goal of RLHF is to align LM outputs with human preferences. Let 77y denote
a language model with parameters 6. Given a prompt x ~ X, the LM generates a response
y ~ 7t(- | x). Let r denote a reward function that assigns a scalar score to response y for
prompt x,ie., r(y,x) € R. In practice, r is instantiated as a reward model trained on human
preference data, so that higher scores correspond to outputs better aligned with human
judgments. RLHF optimizes 6 to maximize the expected reward of responses generated
from 7tgy:

max B [y 12y7(9)| v

RLVR. RLVR has become the de facto method for training LMs in domains where
ground-truth verification is possible, such as mathematics or code. RLVR modifies the
RLHF framework by replacing the model-based reward r with a verification function; for
example, the indicator function 1{y = y*} against a ground-truth answer y*. In practice,
the verification function may go beyond simple equality checks (e.g., using unit tests for
code generation).

Another distinction of RLVR from RLHEF is that the LMs usually first produce a reasoning
trace z ~ my(- | x) before a response y ~ my(- | x,z) (DeepSeek-Al [2025), instead of
directly generating responses. The optimization objective then maximizes the expected
correctness of the final response:

mgaxlanX {E(y,z%ﬂs('\x)]l{y - y*}] ' @

For both RLHF and RLVR, there is a variety of RL or on-policy preference learning algo-
rithms that can be used. In this work, we focus on three widely adopted methods (DPO,
PPO, and GRPO). We provide more details in Appendix

2.2 RLMT: Combining RLHF and RLVR

While recent RLVR models achieve strong results in formal domains, they exhibit limited
generalization to broader reasoning problems (Huan et al.,[2025;|Zhou et al.,[2025) and chat
benchmarks (see Figure 2]and results in §4). Meanwhile, planning and reasoning do help
humans perform a wide range of day-to-day tasks.

We propose Reinforcement Learning with Model-rewarded Thinking (RLMT) to employ
broad supervision for open-ended tasks. RLMT uses the following objective:

meax]ExNX E(y,z) Nne(_|x)r(y,x) . (3)

As in Eq (B), RLMT requires LMs to generate a reasoning trace z before producing the final
response Y, which differs from RLHF, and uses a reward model  to score responses, rather
than rule-based verification as in RLVR. We study several key design choices for RLMT:
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Training algorithm. We experiment with different RL algorithms:  on-policy
DPO (Rafailov et al., 2023), PPO (Schulman et al| 2017), and GRPO (Shao et al.,
2024){| The choice of training algorithm leads to different performance outcomes (.
Our best-performing models are trained with GRPO, but our models remain better than
baselines in all settings.

Reward model. We adopt Skywork-vi-Llama-3.1-8B-v@.2 (Liu et al, 2024a) as our re-
ward model r, which has shown strong performance on reward benchmarks (Liu et al.,
2024b) and downstream applications (Malik et al., 2025). We find that having a strong
reward model is instrumental for RLMT (ablations in Section [4).

Prompt mixture. We construct the prompt distribution from diverse, real-world user re-
quests. Concretely, we use 7.5k prompts from the WildChat-IF subset of the Ttilu3 SFT mix-
tureﬂ This subset prioritizes conversational prompts sampled from WildChat (Zhao et al.,
2024), covering a wide range of realistic user queries. In contrast to the full Ttlu-3M SFT
mixture that contains a high proportion of math and jailbreak prompts, using WildChat-
IF allows us to better capture general usage. Analysis shows that this choice improves
general-purpose chat performance over alternatives such as UltraChat (Cui et al.} [2024);
see §4for details.

2.3 Warm-start SFT Training and “Zero” training

Since the LMs we use do not naturally adopt the desired thinking format, we try two meth-
ods to elicit this behavior: (1) warm-starting with supervised fine-tuning (SFT), and (2) di-
rectly prompting base models without SFT (the “Zero” approach of DeepSeek-Al| (2025)).

Warm-start thinking with SFT. We begin by teaching models the desired thinking format
via supervised fine-tuning (SFT). Specifically, we sample 6k prompts from the Tlu3 SFT
mixture (disjoint from those prompts used for RLMT) for SFT. We generate responses using
Gemini 2.5 Flash (0417 Preview), a popular teacher model in recent approaches that distill
reasoning behavior from reasoning models (Muennighoff et al., 2025; (Guha et al., [2025).
Since Gemini’s CoT is not accessible, we prompt it to produce a simulated thinking trace
before the final response. We additionally experiment with SFT data generated by GPT-4.1-
mini and observe similar results and trends (see §4.2). We list details of hyperparameters
in Appendix [Bland prompt formats in Appendix

Zero training with base models. We also directly apply RLMT to base models without a
warm-start, which we refer to as the Zero setting. Concretely, we experiment with Llama-
3.1-8B (Llama3, 2024) and Qwen-2.5-7B (Qwen-2.5, 2025), neither of which has undergone
post-training. In this case, we elicit the desired output structure by prepending a fixed
instruction prefix (“A conversation between User and Assistant...”; see Appendix [E).
The subsequent RL training procedure is otherwise identical to that for RLMT.

3 Thinking Benefits Open-ended Reasoning

3.1 Settings, Benchmarks and Evaluated Models

Setting and models. We evaluate RLMT in two settings: (1) applied to models after SFT
warm-start (Tables 2] and [I8), and (2) applied directly to base models (the “zero” setting;
Tables[2and [18). We apply setting (1) with SFT on top of the Base and Instruct versions of
Llama-3.1-8B and Qwen2.5-7B. Following |DeepSeek-Al| (2025), we apply the zero training
(2) only to base models. In Table 2| we report GRPO as our main results, since it achieves
the best overall performance and serves as the basis for our analysis. We provide results
with DPO and PPO in Table[18|for comparison.

2Unlike standard DPO using a static preference dataset, we sample preference pairs using the
policy model.
3https://huggingface.co/datasets/allenai/tulu-3-wildchat-if-on-policy-8b
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Benchmarks. We evaluate our models on a suite of 7 benchmarks spanning general chat,
creative writing, instruction following, and general knowledge—these are chosen to repre-
sent a meaningful selection of broadly applicable tasks. We list the benchmarks below:

1. Chat. We include the widely used WildBench (WB) (Lin et al., 2025b), AlpacaEval 2
(AE2) (Dubois et al., [2024), and ArenaHardV2 (AH2) (Li et al.,[2024a}b)) for chat eval-
uation. AE2 and AH2 use a free-form judgment procedure, whereas the WB relies on
carefully crafted rubrics.

2. Creative writing. We augment these benchmarks with CreativeWritingV3
(CWv3) (Paech, 2025) to evaluate the creative writing abilities of our models. The WB
score ranges from -100 to 100, while the other three range from 0 to 100.

3. Instruction following. We use the recently published IFBench (IFgen) benchmark (Py-
atkin et al., 2025) to produce a score ranging from 0-100.

4. General knowledge. We evaluate our models on MMLU-Redux (MMLUR) (Gema
et al, [2025) and PopQA (Mallen et al., 2022) to test general and long-tail knowledge,
respectively. The resulting scores span 0-100.

We provide more details on the evaluation process (e.g., judge model, length control) along
with four more benchmarks, including math and logical puzzles, in Appendix|D}

Baselines and algorithms. We pair every RLMT
model with an RLHF baseline under the same Table 1: Comparison of Llama-3.1-

training setup, differing only in the absence of 8B-Instruct-RLMT with strong open-
thinking. To rigorously isolate the effect of in- gource and closed models, includ-

tegrating long CoT in post-training, we con- ing GPT-40 and Claude-3.7-Sonnet (a
struct a matched set of non-thinking baselines thinking model).

trained with RLHF paradigm. For every think-
Model Avg. WB AE2 AH2 CWwv3

ing model in any setting, we train a correspond-

: thinld Our model
ing non-thinking model that follows the same  2/#09¢ 541 504 587 229 843

setting without thinking. Concretely, we still  Other models
take prompt-response pairs distilled from Gemini L3§15-77021]33-11115ttrucft Zg% }LZ'Z gé-g %8-8 ggé
thinking for a fair comparison, but we removed ~Sgp; 0 nstruct 152 742 302 21 778

the thinking trace in this case. We evaluate our Claude3.7-Sonnet 58.9 47.8 58.1 39.3  90.3

models and baselines with DPO, PPO, and GRPO
(more details in Appendix|B).

3.2 Results

Thinking models excel in chat and creative writing. Table 2| contains results after SFT,
and after GRPO for both thinking and non-thinking models. Thinking models trained
with RLMT consistently outperform non-thinking counterparts by 1.5-4 points on aver-
age across all benchmarks (Tables[2]and [18). The gap over baselines is maximum on chat
(WildBench and AlpacaEval2): 3-8 points on average. They are usually also better at cre-
ative writing and factuality (PopQA). To provide a further reference, Table [T compares our
best model, Llama-3.1-8B-Instruct-RLMT, to four strong models. Remarkably, despite be-
ing 10x smaller than the two open source models, our RLMT model outperforms them
both by large margins (922 points). It also outperforms GPT-40 on chat and creative
writing. We also compare it to the frontier thinking model Claude-3.7-Sonnet. (February
2025, rumored to be 150B+ scale and post-trained on millions of examples). Llama-3.1-
8B-Instruct-RLMT rivals Claude-3.7-Sonnet (thinking) on AlpacaEval2 and Wildbench,
though it is worse on ArenaHardv2, likely due to the high proportion of math and coding.

RLMT remains effective with PPO and DPO. Comparing Tables [2| and in Ap-
pendix shows that RLMT performs best with GRPO, but remains effective with other
RL objectives —PPO and DPO—as well.

RLMT can elicit chat capabilities even without SFT. The zero training sections of Ta-
bles 2| (and [18|in the Appendix) summarize the results in the setting that directly applies
RLMT to base models. With GRPO (Table[2), the models show large improvements on all
benchmarks. RLMT delivers a further 3-point improvement on average, allowing Qwen-
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Table 2: GRPO results for models trained from Llama-3.1-8B and Qwen2.5-7B (base and
instruct) in both warm-started and zero settings. € shows whether thinking was enabled,
with v* denoting RLMT models and x denoting RLHF models. The best numbers are
bolded in each category. Our main focus is on chat benchmarks: WildBench (WB), Al-
pacaEval2 (AE2), and ArenaHardV2 (AH2). When evaluating untrained base models, we
prompt them with both thinking and nonthinking templates (tpl). Thinking models out-
perform non-thinking baselines, especially on chat and creative writing,.

Backbone Training ¢ WB AE2 AH2 Avgcp, CWw3 PopQA IFg,, MMLUR Avg
SFT Warm-Started Models
Llama-3.1-8B + SFT x -10.6 268 5.1 7.1 75.2 264 15.6 59.7 283
v 16 297 6.5 11.5 75.1 30.5 17.0 611 312
+ GRPO x 332 46.7 16.3 32.1 84.2 245 177 61.2 405
Llama-3.1-8B-RLMT v’ 381 523 159 35.4 80.9 303 15.6 617 421
Qwen2.5-7B + SFT x 09 288 80 12.0 61.9 21.1  19.0 652 29.0
v 120 339 10.6 18.8 69.5 220 211 62.1 33.0
+ GRPO x 289 51.0 13.1 31.0 60.9 244 197 728 387
Qwen2.5-7B-RLMT v 31.0 540 19.1 34.7 65.7 228 21.8 673 40.2
Llama-3.1-8B-Instruct x 70 321 51 10.1 55.0 364 23.8 70.0 308
+ SFT x 121 335 99 18.5 78.5 31.1 235 648 36.2
v 143 345 95 19.4 78.7 325 24.8 70.6  37.8
+ GRPO x 420 456 199 35.8 83.6 31.8 21.1 71.7 451
Llama-3.1-8B-Instruct-RLMT v’ 504 58.7 229 44.0 84.3 340 221 70.0 489
Qwen2.5-7B-Instruct x 222 371 10.0 23.1 49.8 222 282 754  35.0
+ SFT x 126 28.6 10.0 17.1 65.4 21.1  19.0 672 320
v 187 337 109 21.1 71.0 21.8 21.8 60.5 341
+ GRPO x 374 416 163 31.8 72.6 219 17.0 73.1  40.0
Qwen2.5-7B-Instruct-RLMT v’ 463 50.5 20.8 39.2 75.6 225 20.1 715 439
Zero Training (No SFT)
Llama-3.1-8B Base (nonthink tpl) x -87.6 1.7 0.8 -28.4 30.2 252 17.0 36.6 34
Base (think tpl) v 882 16 06 287 318 207 167 265 14
+ GRPO x 48 298 45 9.8 47.5 295 16.0 552 254
Llama-3.1-8B-RLMT-Zero v 72 340 56 156 490 312 18.0 56.2 287
Qwen2.5-7B Base (nonthink tpl) x -65.8 45 2.0 -19.8 39.1 231 173 632 119
Base (think tpl) v 684 44 15 -20.8 36.7 230 17.3 59.9 10.6
+ GRPO x 134 484 88 23.5 50.7 252 16.0 719 335
Qwen2.5-7B-RLMT-Zero v’ 222 54.0 10.8 29.0 54.0 242 18.0 71.8 36.4

RLMT-Zero to outperform Qwen2.5-7B-Instruct. Llama-RLMT-Zero performs just under
Llama-3.1-8B-Instruct, but outperforms it on chat benchmarks by 5.5 points.

Shifts in relative performance across model families. An interesting observation is that
while Llama-3.1 initially lags behind Qwen-2.5 before going through RL, it surpasses
Qwen-2.5 after applying RLMT. We hypothesize that this arises because Qwen-2.5 under-
goes more extensive tuning targeted at these benchmarks, whereas RLMT can reinforce
and unlock these capabilities in models like Llama-3.1 that are less optimized initially.

4 Analysis

In this section, we undertake several analyses and ablation studies to gain a better un-
derstanding of what affects the performance of the thinking models, and in what aspects
precisely they improve.

41 Comparison of our RLMT models against models trained on math

Several models have tried replicating DeepSeek-R1’s success on math and other reason-
ing domains via distillation, RL, or a combination of the two. Do they perform as well
on chat and creative writing? We compare the four RLMT models we train with the
prominent models in this space: (1) DeepSeek-R1-Distill (Llama and Qwen) (DeepSeek-
Al| 2025)), (2) Q2.5-7B-SimpleRL-Zoo (Qwen) (Zeng et al. 2025), (3) DS-R1-Distill-Q-7B
(Qwen) (DeepSeek-All [2025), and (4) OpenThinker2-7B (Qwen) (Guha et al) 2025). We
list these models in Table[3] We see that these models do not perform well on chat or cre-
ative writing. All RLMT models outperform all math models by margins of 10-25 points on
average. While training OpenThinker2-7B—the leading math model—with RLMT yields
some improvement, our models remain comfortably better.
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Table 3: Comparison of RLMT models with math-trained (thinking) models.

Model Avg. WB AE2 AH2 CWwvu3
(Models sharing similar backbones)

Our models

Llama-3.1-8B-RLMT 468 381 523 159 80.9

Qwen2.5-7B-RLMT 424 310 540 191 65.7

Llama3.1-8B-Inst-RLMT 541 504 58.7 229 84.3
Qwen2.5-7B-Inst-RLMT 483 463 50.5 208 75.6
Thinking models trained on math

DS-R1-Distill-L-8B 199 -102 238 6.1 60.0
(Q2.5-7B-SimpleRL-Zoo 255 49 354 8.5 53.2
DS-R1-Distill-Q-7B 82 -298 16.2 6.3 40.1
OpenThinker2-7B 374 158 477 175 68.4
— + RLMT 405 217 527 187 68.8

Table 4: Ablation of the GRPO prompt mixture, SFT data source, and reward model. Rows
marked with “<" denote ablations. We highlight the main model in light green.

Ablation Objective 9 WB AE2 AH2 Avge CWwv3 PopQA IFg,, MMLUgr Avg
Ablation: using different RL prompt mixture (GRPO prompts)

Prompts: WildchatIF +GRPO v | 381 523 159 354 80.9 303 15.6 61.7 421
— Prompts: UltraFeedback ~ + GRPO v 355 473 13.8 322 78.0 333 16.0 50.7  39.2
< Prompts: Tiilu3 Random  + GRPO v 222 427 115 255 76.4 31.0 16.3 595 371
Ablation: SFT warm-start with dzﬁ‘erent data source (GPT-4.1-mini)

— Warm-start: GPT-4.1-mini + SFT x 59 251 53 82 67.7 313 18.0 59.2 287
— Warm-start: GPT-4.1-mini v 70 266 73 136 729 331 194 68.2 335
— Warm-start: GPT-4.1-mini + GRPO x 38.6 44.8 162 332 82.1 282 163 60.5 41.0
— Warm-start: GPT-4.1-mini v 406 519 17.5 36.7 82.8 31.0 16.7 56.3 424
Ablation: Reward model (SkyworkV2 & ArmoRM)

— RM: SkyworkV2 +GRPO x 326 478 188 33.1 82.2 326 194 55.6  41.0
— RM: SkyworkV2 v’ 409 532 228 39.0 80.4 33.7 19.7 47.7 42.6
— RM: ArmoRM +GRPO x -102 309 58 88 712 354 15.0 58.9 29.6
— RM: ArmoRM v -59 433 69 148 63.3 326 167 546 302

4.2 Ablations

Impact of prompt mixture. We vary the prompt mixture used for GRPO to study its
impact on downstream performance. To avoid confounders due to instruction tuning or
due to oddities of the Qwen models (see |Shao et al.| (2025)), we perform this study on the
Llama-3.1-8B. We experiment with two other data sources in Table [} UltraFeedback (Cui
et al., [2024), popular for preference optimization, and a randomly sampled subset of the
Tulu3 SFT mixture (Lambert et al., 2025).

We see that the Wildchat-IF subset of Tiilu-3 outperforms both of these sources: we at-
tribute this to the relatively simple prompts in UltraFeedback and the abundance of math
and jailbreak (non-chat) prompts in the unfiltered Tulu SFT mixture. In effect, the prompts
used for RL matter: more “chatty” and harder prompts lead to more improvements.

Impact of warm-start data. Since Gemini 2.5 Flash is a “thinking” model, one might won-
der if our takeaways are an artifact of the specific choice of this model. To this end, we
repeat a subset of our experiments (Llama-3.1-8B — SFT — GRPO) using GPT-4.1-mini to
generate the warm-start data, leaving the prompts and other hyperparameters unchanged.
As Table 4| shows, thinking models still outperform non-thinking models, especially on
chat benchmarks. The final numbers achieved by the GRPO thinking models are roughly
the same as the ones warm-started on Gemini 2.5 Flash.

Impact of reward model. To assess the importance of the reward model, we run RLMT
(GRPO) with (1) Skywork-V2 (Liu et al., [2025a), a newer version of the Skywork reward
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Weighs trade-offs/perspectives - —— 2
d persp <think> The user wants... This thread should... The
Groups ideas into themes — ! . .
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Figure 4: Left: Traitwise head-to-head win rates for the SFT and GRPO models. Red colors
indicate that the trait diminished after GRPO, while green indicates that it increased. Right:
Example reasoning behavior. When asked to write a tweet thread, the model first maps out
the requested constraints and then plans the tweet progression. It also runs everything
through the checklist and notes necessary refinements before producing the final output.

model with carefully curated training dataﬁ (2) ArmoRM (Wang et al.,[2024), another popu-
lar reward model used in alignment research (Meng et al.,[2024). Both are based on Llama-
3.1-8B backbones, with Skywork-V2 generally representing a stronger reward model than
our default Skywork-V1, and ArmoRM representing a weaker one. Table |4/ summarizes
the results with and without thinking. We find: 1) Stronger reward models lead to better
performance. The gap between the SkyworkV2 and ArmoRM results is large. A weaker
model leads to drops on the non-chat benchmarks—especially with thinking. On the other
hand, a strong reward model can maintain performance on non-chat benchmarks while
also boosting chat performance. 2) RLMT outperforms standard RLHF on chat across
RMs. With both RMs, thinking models continue to outperform their non-thinking coun-
terparts by a large gap on chat benchmarks.

4.3 How does RL training change model behavior?

Qualitative Analysis We analyze why precisely do the thinking models perform bet-
ter on chat benchmarks. To this end, we take the best model from our suite, Llama-3.1-
8B-Instruct-RLMT, and the warm-started model before RLMT. We employ the following
pipeline to automatically extract the traits that maximally changed between the two ver-
sions: (1) We pass all the prompts from WildBench, and the associated thoughts generated
by the two models to GPT-4.1-mini, and ask it to extract the traits most prevalent in each
thought. (2) We then pass trait-sets from both models in batches of 20 prompts to GPT-
4.1-mini to identify the ones consistently more prevalent in one model than the other. (3)
We further summarize the identified differences across 10 random batches of 20 prompts.
(4) At this point, we have a list of traits that were potentially amplified or suppressed after
RLMT. For each, we compute a head-to-head win rate of which model shows the trait more
across all 1024 examples of WildBench.

We plot the results in Figure [ (left). We observe that the SFT model often starts by
hierarchically planning out sections, subsections, and then use a checklist to guide the
plan. On the other hand, Llama-3.1-8B-Instruct-RLMT lists out the relevant constraints and
subtopics first, then groups ideas into common themes, only then does it plan out specific
details. We show one (compressed) example of the thinking process in Figure {4 (right) that
highlights the identified traits in the model’s thoughts. We also observe that while the SFT
model’s planning is often linear, the RLMT model’s planning is often iterative: it returns
to and refines older parts of the plan, e.g., to cross-reference points mentioned elsewhere.
We believe that the strategies reflected in these differences are often the traits exhibited by
good writers; it is encouraging that they emerge naturally from the training process.

“Most of our experiments were conducted before the release of Skywork-V2. We believe some of
our results may also be pushed further with this version.
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Increased CoT length. We also find that as training progresses, the model learns to think
longer and generate longer responses (Figure[5).

o
o
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Figure 5: Llama-3.1-8B-RLMT-Zero thinks and answers longer as training progresses.

4.4 More experiments and discussion

In Appendices|C|and [D} we provide extensive additional results and comparisons:

* Reward hacking (Appendix|C): We study whether RLMT is more prone to reward hack-
ing than RLHEF, using both a deliberately hackable reward and “organic” reward-hacking
features. We find that thinking and non-thinking models hack different features: the non-
thinking models hack surface-level features like bullet lists, while the thinking models
engage in more subtle behaviors like engagement bait.

e Additional benchmarks (Appendix : We evaluate our models on IFEval,
WildBench-G (evaluated against Gemini 2.5 Flash), MATH-500, and ZebralLogic. We
find that RLMT preserves or improves performance on MATH-500 (unlike prior prefer-
ence optimization methods), though thinking models do not substantially outperform
non-thinking models on this benchmark.

* Human evaluation (Appendix [D.2): We back our results with LM judges with human
evaluation, showing that Llama-3.1-8B-RLMT outperforms the non-thinking counterpart
as well as Llama-3.1-70B-Instruct on WildBench.

¢ Combined RL on verifiable and unverifiable domains (Appendix [D.3): We run RL on
a 1:1 mixture of chat and math prompts. The combination improves both chat and math
performance, and the thinking model outperforms the non-thinking model uniformly.

¢ Comparison with a large model prompted to think (Appendix : We show that
RLMT outperforms a large instruction-tuned model (Llama-3.1-70B-Instruct) that is
prompted to think before responding.

* Comparison with work using alternative rewards (Appendix|D.5): We compare RLMT
with approaches that rely on BLEU-based rewards (Chang et al., 2025), checklist-style
rewards (Viswanathan et al., 2025), and TPO (Wu et al., [2025a). RLMT consistently
achieves substantially stronger results. For example, RLMT outperforms TPO by 19
points on average in the zero-shot setting.

* Scaling behavior (Appendices|[D.6.1Jand[D.6.2): We show how RLMT scales with higher
thinking token budgets and more training examples. Performance consistently improves
with longer thinking (up to 512+ tokens) and more training data (2K to 8K examples).

5 Related Work

Training stages of language models. Modern LMs are typically trained in three stages.
First, they are pre-trained on large corpora to acquire general language abilities (Vaswani
et al.,2017; Devlin et al., 2019;|Radford et al.,2019). Second, they undergo supervised fine-
tuning (SFT) on curated prompt-response pairs (Radford et al., [2018;} Taori et al., 2023}
Wang et al., 2023} [Llama3, [2024; Qwen-2.5| 2025), which encourages traits like instruc-
tion following (Ouyang et al), 2022; Wang et al., [2022). Finally, models are refined via
reinforcement learning to enforce desirable behavior, either through preference optimiza-
tion (Ouyang et al.} 2022} |Rafailov et al., 2023; Ethayarajh et al., 2024; [Meng et al.,[2024; Ah-
madian et al.,|[2024) or domain-specific objectives, such as math (Chen et al.,[2024; Kazem-
nejad et al.}[2025)) and tool use (Luo et al.,2025). In this work, we show that RLMT, when
applied directly to base models, can also yield strongly aligned models.
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Reinforcement learning from human feedback (RLHF). To capture subjective attributes
such as human preference, RLHF relies on a learned reward model trained on pairwise
human judgments (Christiano et al., 2017;|[Ziegler et al., 2020;|Ouyang et al., 2022). Building
on this foundation, preference optimization methods such as DPO (Ratailov et al., [2023),
KTO (Ethayarajh et al., [2024), and SimPO (Meng et al., 2024) directly optimize models to
generate preferred responses. Most approaches directly generate the response. We instead
first generate internal reasoning and only later the final answer. Closely related to our work
are the efforts that combine preference optimization with chain-of-thought reasoning (for
example, Pang et al.|[(2025); Wu et al.| (2025a)). Unlike these approaches, which elicit long
CoT traces by prompting instruct models and typically rely on offline algorithms, we show
the promise of directly applying online RL with long CoT to base models.

Reinforcement learning with verifiable rewards (RLVR). Particularly for domains with
objectively verifiable solutions, more suitable algorithms have been proposed, such as
GRPO (Shao et al}2024). GRPO and its variants (Zheng et al.| 2025;|Yu et al.|, 2025) compute
advantages by mean-centering rewards within a group, eliminating the need for a learned
critic. DeepSeek-R1 (DeepSeek-Al| 2025) combined GRPO with long CoT reasoning, where
models generate reasoning traces that are stripped before evaluation. This enables effec-
tive test-time scaling (Snell et al., 2025), and has also been applied successfully beyond
math to other reasoning domains (Liu et al.,[2025¢;|Cheng et al.} 2025;[Huan et al.} 2025} Ma
et al.,|2025). Nonetheless, RLVR remains largely confined to formal settings and has shown
limited generalization to open-ended reasoning, the focus of our work.

RLVR beyond rule-based rewards. Recent efforts have extended RLVR beyond strict
rule-based verification by designing alternative reward signals. In verifiable domains,
reference-free signals such as entropy (Agarwal et al., 2025) or model confidence (Zhao
et al| 2025) have been shown to be effective. Some other works also explored using com-
pact models to verify responses against ground-truth answers (Ma et al., [2025; [Liu et al.}
2025d) or designing rewards for a specific domain (Gurung & Lapata) [2025; Wu et al.
2025b; [Jia et al., 2025} |Li et al., 2025). More closely related to our work, one line explores
rubric-based judges (Viswanathan et al., [2025; |(Gunjal et al., 2025; |Wadhwa et al., |2025) or
reference-based scores (like BLEU) (Chang et al.}|2025) for general chat. These approaches
typically do not integrate long CoT reasoning, whereas our work shows that thinking train-
ing, when paired with a strong reward model, leads to clear benefits in general chat.

6 Conclusion

We have introduced RLMT, which integrates two core components of RLVR - long chain-
of-thought and online RL learning, with reward models used in RLHE. For Llama-3.1-8B
and Qwen-2.5-7B (base and instruct), across DPO, PPO, and GRPO, RLMT outperformed
standard RLHF by 1.5-3 points on average on a range of benchmarks spanning creative
writing and general knowledge. The models improved by up to 13 points on chat bench-
marks, which rivals models orders of magnitude larger, and trained on millions of prompts.
RLMT also showed promise when skipping the SFT warm-start entirely. Finally, we ana-
lyzed the resulting models and found that (1) the RL prompt mixture plays a pivotal role in
achieving good performance, and (2) desirable reasoning strategies for open-ended tasks
emerge naturally from the training process. We hope our results inspire future work to
enable models to reason for even more general domains.

Statement on LLM use

Large language models were used to assist in writing code, and in critiquing and rephras-
ing the content of the paper. All other original content of this submission originates from
humans.
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A Limitations and Future Work

While our work finds the effectiveness of training LMs with thinking, it is unclear how
much of the improvement is due to amplification of traits already present in the model,
versus the learning of new traits during the SFT warm-start or RL training (Yue et al., 2025;
Zhu et al., [2025).

The study of this question is important for the design of better training pipelines. It is
also possible that a set of benchmarks larger than the seven considered here would lead to
takeaways that were missed here—we choose a reasonable and representative set for the
purpose of this paper. Since our aim was to explore how a simple method can aid model
performance, we did not extensively optimize the format used for the internal CoT, the
hyperparameters, or the construction of the prompt mixtures. It is possible that doing so
can push our results further, and we invite future work to do so.

B Hyperparameters

In our warm-start experiments, we used the hyperparameters shown in Table[5|for SFT. We
provide the corresponding hyperparameters for DPO and PPO/GRPO in Table

We train in bfl6 and enable the use of Liger-Kernel (Hsu et al., 2025) for efficient train-
ing.We use the trl library for SFT and DPO (von Werra et al} 2020), and verl (https:
//github.com/volcengine/verl) for PPO and GRPO. All sampling from the actor for
DPO/PPO/GRPO is done at temperature 0.7.

Hyperparameter Value
Number of datapoints 6003
Batch size 16
Num. epochs 2
Learning rate 4e-6
Warmup ratio 0.1
LR scheduler cosine
Weight decay le-4
Adam betas (0.9, 0.95)

Table 5: Supervised fine-tuning (SFT) hyperparameters used in our experiments.
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Hyperparameter Value
# Prompts 7560
#H%’foerlfigameter \;?5161%)6 Batch size 64
4R p ’ Samples per prompt 8
esponses Group size 88
Reward model Skywork-Reward-Llama-3.1-8B-v0.2 Max prompt length 1024
I]ila:rcrﬁl selzichs 158 Max response length 4096
Learlriinp rate 3e-7 Num. steps 1201 epoch)
Ta— gratio 0.05 Actor learning rate 16-%]
P e Critic learning rate le-5
LR scheduler cosine Weight decay 0.01
Weight decay le-4 Scheduler constant
Adam betas (0.9, 0.95) Warmup ratio 0
Dro g 0.1 Advantage estimator ~GRPO/GAE
KL coefficient 0.001

Table 6: Direct Preference Optimization
(DPO).

?Sampled from the initial model before
DPO.

Table 7: PPO / GRPO. Entries marked
P or & are only used for PPO or GRPO,
respectively.

“We used 3e-7 for the warm-started in-
struct models.

C Is RLMT more prone to reward hacking than RLHF?

In Section2] we found that RLMT is sensitive to the choice of reward model. In this section,
we check whether this means that RLMT is more prone to reward hacking than RLHF. In
other words, does RL on a thinking model reward hack more than RL on a non-thinking
model? To this end, we perform two experiments.

RL with a fake reward. We repeat the RL training of the Llama-3.1-8B SFT checkpoints
from Section |3} but add half-standard-deviation (=6.81) of reward to the Skywork-RM
whenever the response contains the word “absolutely” (case-insensitive). Then, we mea-
sure the percentage of rollouts containing the word “absolutely” over the course of 100
gradient steps. We report this percentage over the course of 100 training steps in Table

Based on this result (Table[8), it does appear that thinking
models exploit a hackable reward sooner - though both Taple 8: Percentage of rollouts
types of models eventually converge to near-maximum containing “absolutely” dur-

hacking. ing RL with a fake reward.

Organic signs of reward hacking. We also check the _Step Nothink (%) Think (%)

two GRPO checkpoints atop Llama-3.1-8B (non-thinking 0 3 1
and thinking, respectively) for “organic” signs of reward 40 3 15
hacking that have been widely discussed in popular me- 70 19 96
dia. We measure four such features across model re- 100 95 9%

sponses to the prompts in AlpacaEval2 and WildBench:

(1) length (#words), (2) bullet lists (avg. #bullets per re-

sponse), (3) engagement-bait closer (0/1 score - for exam-

ple, “Would you like hear about some ways you can do X?”), and (4) Self-praise (e.g., “Here
is a comprehensive response”, “I have compiled a thorough report”) as a 0/1 score. We
measure each of the four attributes as the difference between the SFT and RL checkpoints,
i.e., RL - SFT, averaged over all the prompts. We report these results in Table [}

Our results (Table [J) suggest that thinking models do not necessarily exploit length more,
and use fewer bullet lists than non-thinking models. On the other hand, more subtle kinds
of reward hacking like engagement bait (that have been observed with recent GPT and
Claude models), show an increase. In effect, reward hacking remains an important problem
for both thinking and non-thinking models.
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Table 9: Changes in organic reward-hacking features from SFT to RL. Length is measured in
words, bullets as counts, and engagement-bait and self-praise as rates. Reported numbers
are averaged over all prompts in AlpacaEval2 and WildBench.

Feature (unit) Nothink Think Think — Nothink More
Length (words) +166  +170 +3.6 tie
Bullets (count) +6.83 +3.10 -3.73 nothink
Engagement-bait closer (rate) +0.176  +0.232 +0.056 think
Self-praise (rate) +0.114 +0.217 +0.103 think

D Additional Results

We present in this appendix results on benchmarks beyond those used in the main text.

D.1 Benchmark descriptions and additional evaluation

We evaluate the models trained in this paper on the following benchmarks:

1.

[WB] WildBench (Lin et al) 2025b) evaluates models on their ability to converse
with users. It has 1,024 user prompts, some of which involve multiple turns.
Unlike AlpacaEval2, WildBench is evaluated using an instance-wise manually
checked rubric which is less susceptible to reward hacking. Each response is com-
pared against a reference response from GPT-4, and scored one of -100 (much
worse), -50 (worse), 0 (similar), 50 (better), or 100 (much better). The final score
is the mean of the instance-wise scores.

. [AE2] AlpacaEval2 (Dubois et al| 2024) has 805 user prompts paired with reference

responses from GPT-4-1106-preview. It outputs a head-to-head win rate between
0-100% as generated by a generative judge. We use the length-controlled win-rate
as recommended by |[Dubois et al|(2024), but replace the default GPT-4 judge with
GPT-4o.

. [AH2] ArenaHardV2 (Li et al} 2024ajb) has 500 challenging real-world user

queries. We use the setting with a GPT-4.1 judge and style control to mitigate
potential bias.

. [CW3] Creative Writing V3 (Paech) 2025) evaluates models on their ability to write

96 story chapters under various constraints. We generate an absolute score be-
tween 0-100 using GPT-4.1 as the judge.

. PopQA (Mallen et al.,2022) consists of around 14k factual questions about popular

and less known entities. The result is a percentage score between 0-100%.

. [IFgen] IFBench (Pyatkin et al., 2025) provides models with 294 prompts from var-

ied domains that each has multiple constraints such as “include three numbers
in your 22-nd sentence.” We average the compliance rate across all examples to
produce a score between 0-100.

. [IMMLUR] MMLU-Redux (Gema et al.,2025) is a manually cleaned version of the

MMLU (Hendrycks et al., 2021) benchmark, consisting of 5,700 questions that test
the model’s ability to answer general knowledge questions across 57 subjects.

. IFEval, only in Appendix D} (Zhou et al, 2023) provides models with 541 simple

questions under a set of constraints such as “do not use commas,” and generates a
score between 0-100 that signifies how well the model follows instructions. This is
an alternate evaluation of instruction-following capabilities.

. WildBench v.s. Gemini 2.5 Flash Preview 0520 (WildBench-G, only in Ap-

pendix @, (Lin et al., 2025b)) is WildBench, but evaluated against reference re-
sponses from Gemini 2.5 Flash Preview 0520. Our motivation for including this
is that beyond a certain number, being X% better than GPT-4-Turbo’s responses
(the default reference) may be less correlated with actual improvements.
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10. MATH-500, only in Appendix|D} (Lightman et al.,2023) consists of 500 hard math
problems filtered from the MATH dataset (Hendrycks et al., 2021) by OpenAl We
report the exact match accuracy from 0-100%.

11. ZebraLogic, only in Appendix|Dj, (Lin et al., 2025a) tests language models on 1,000
logical grid puzzles. We report the exact match accuracy from 0-100%.

We list the corresponding results in Table 10} We observe that

1. Neither the thinking nor non-thinking models perform well on IFEval. Therefore
we attribute blame here to the reward model: a preference model finds it difficult to
determine if specific instructions like “do not use commas” are followed. Lacking
a reliable reward model, GRPO is (and other objectives are) not able to optimize
for the desired behavior.

2. We see large gaps on WildBench-G, consistent with our findings in the main text.
In fact, the gaps here are larger by 0.5-1 points; the difference in quality is more
important when the reference is better.

3. While prior work optimizing user preferences (Rafailov et al., 2023; Meng et al,
2024) found that it tanked scores on MATH-500, we find that our post-training
actually improves mathematical abilities compared to the SFT models. On the
other hand, the thinking and non-thinking models perform similarly (and the lat-
ter sometimes even outperforms the former)—therefore, building a thinking post-
training pipeline for all domains constitutes a useful direction for future work.

4. While the initial models perform poorly on ZebraLogic, our thinking post-training
shaves a further 1-3 points off the scores.

D.2 Human evaluation

In this section, we account for possible judge bias in the automated evaluation metrics by
performing human evaluation.

We selected 50 random prompts from WildBench and then selected one response each from
the three models - (1) Llama-3.1-8B-SFT + GRPO (thinking, RLMT), (2) Llama-3.1-8B-SFT
+ GRPO (no thinking), and (3) Llama-3.1-70B-Instruct. We abbreviate these models to “8B-
NT”, “8B-T”, and “70B-1”, respectively. We then ranked each set of three responses in a
blind human evaluation. Table 11| reports the Mean Reciprocal Rank (MRR, higher is
better) and pairwise win-rates (%) of the three models.

We note that 8B-T obtains a distinctly higher

MRR than both 8B-NT and 70B-I, and has a
win rate of 60.0% or above against both, in-
dividually (Table ).

Qualitatively, we noticed that 70B-I pro-
duced very short responses - e.g., listing a
plain bullet list with 6-8 words of descrip-
tion when asked for places to visit (8B-NT
and 8B-T both provided a lot of detail, in
contrast). This was in fact preferred in some
questions regarding, e.g., math problems;
but overall, it hurt 70B-I's performance. We
did not observe a significant difference be-
tween the output lengths of 8B-T and 8B-NT.
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Table 11: Blind human evaluation over 50
WildBench prompts. We report mean re-
ciprocal rank (MRR) and pairwise win rates
(WR).

Model MRR WR vs. (%)
8B-T 8B-NT 70B-I
8B-T 0.72 - 62.0 60.0
8B-NT 0.55 38.0 - 40.0
70B-1 0.57 40.0 60.0 -
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Table 10: Additional benchmark results for all model variants. indicates long chain-of-
thought. Best numbers are bold and second best are underlined within each model group.

Backbone Objective § IFEval WB-G MATH-500 Zebra
Llama-3.1-8B + SFT X 50.5 -63.3 13.0 8.4
v 56.0 -61.3 18.8 6.2

+DPO X 514 -51.8 15.6 7.6

v 451 -50.5 21.2 7.7

+PPO X 420 -51.8 17.6 7.2

v 434 514 20.4 7.3

+GRPO  x 36.8 -34.4 18.8 5.9

v 364 -271 19.4 7.0

Qwen2.5-7B + SFT X 46.6  -58.8 60.8 8.7
v 564 -55.0 63.0 7.8

+DPO  x 44.7  -56.2 63.2 9.0

v 571 -475 64.8 7.7

+PPO X 460 -454 61.6 8.2

v 50.3 -45.5 66.0 7.9

+GRPO  x 384 -46.4 65.0 7.3

v 46.8 -33.3 64.4 6.7

Llama-3.1-8B-Instruct X 75.6 -65.8 452 133
+ SFT X 70.8 -53.3 288 103

v 723 514 40.6 11.0

+DPO X 712 -442 362 110

v 69.3 423 430 116

+PPO X 625 -27.1 406 108

v 549 -18.6 412 109

+GRPO  x 612 -275 50.6 8.8

v 571 -15.8 452 108

Qwen2.5-7B-Instruct X 71.5 -59.2 746 103
+ SFT X 616 -56.2 54.0 7.5

v 664 -52.4 62.6 8.9

+DPO  x 621 -53.3 64.4 8.8

v 65.1 -46.8 63.0 9.3

+PPO X 63.8 -42.7 64.6 9.2

v 654 -35.6 63.4 8.7

+GRPO x 63.0 -389 65.8 8.5

v 60.1 -31.6 65.0 7.4
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D.3 Combined RL on unverifiable and verifiable domains

In this section, we test whether the combination of RL on verifiable domains (RLVR) and
unverifiable domains (RLMT) can improve performance on both domains.

To test the combination, we performed the Taple 12: Results from RL on chat prompts,

following experiment on top of the two math prompts, or a 1:1 mixture of both do-
SFT checkpoints from Llama-3.1-8B (think-  ,5ins.

ing and non-thinking, see top row of Ta-

ble . We filtered those prompts from the Model MATH-500 (%) AE2 (%) WB (score)

DeepScaleR-preview datasef’] where the -

pass rate of either model was between 20% nothink 130 26.8 -10.6

and 80% over 16 responses. This leads to think 188 29.7 16

7144 chat examples (from our original set-  RL, chatonly

ting), and 8172 math examples to perform nothink 188 467 332
think 194 523 38.1

RL on. We check three settings: (1) chat-
only RL (RLMT) (2) chat-math RL where Rl chatmath=11

N nothink 214 36.6 28.8

we select each only one domain per-batch think 24.0 39.0 332
(i.e., alternate between the two) (3) math- "5/~ oy "

only RL (RLVR). nothink 215 253 74

think 247 285 18

We perform all three experiments with the
same hyperparameters as the submission, and for 120 gradient steps.

We observe from Table[12}

1. RLVR+RLMT can improve both chat and math performance. When combining chat
and math prompts, we achieve performance on MATH-500 close to that of RLVR
on math only. Conversely, we also achieve a strong performance on the two chat
benchmarks (+22 points on average), though this performance is a bit worse than
that of pure RLMT.

2. The thinking model outperforms the non-thinking model on all three benchmarks. In the
combined RL setting, we see a gap of 2.5-4 points across all three benchmarks.

D.4 Comparison with large model prompted to think

A possible explanation of our results can be that they are a result of the thinking pro-
cess and not the training of RLMT itself, which can be performed by an instruction-tuned
model. Below, we copy the results of the two Llama-3.1-8B (Base) GRPO checkpoints (think
and no-think), and the original Llama-3.1-70B-Instruct results. We also include a new row,
where we prompt Llama-3.1-70B-Instruct to think before responding, with the following
system prompt:

You are a helpful assistant. When prompted, first plan your
response using <think>...</think> tags. Then, respond to the user’s
question. That is, use the following format when responding:
<think> [thought process and planning] </think>

[response]

We show the results in Table[13]

We find that the 70B instruct model performs worse when prompted to think first (Table[13).
The takeaway remains that the 8B thinking model outperforms the other models handily;
and thus that the GRPO training is an integral part of the RLMT method.

D.5 Comparison with concurrent RLVR work using alternative rewards

Our work extends RLVR to general domains by leveraging a reward model. Concurrent
efforts have also sought to move beyond verifiable domains through alternative reward de-
signs, such as BLEU-based reward to reference responses (Chang et al.,[2025) and checklist-
style rewards where an LM scores outputs against LM-generated

Shttps: //huggingface.co/datasets/agentica-org/DeepScaleR-Preview-Dataset
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Table 13: Comparison of Llama-3.1-8B GRPO checkpoints against Llama-3.1-70B-Instruct

with and without a thinking prompt.

Model

AE2 (%) WB (score) CW3 (score) Avg. (score)

Llama-3.1-8B + SFT + GRPO (nothink)
Llama-3.1-8B + SFT + GRPO (think)
Llama-3.1-70B-Instruct
nothink-prompt
think-prompt

46.7 33.2 84.2 54.7
52.3 38.1 80.9 57.1
42.0 16.3 59.4 39.2
21.8 -14.5 54.8 20.7

Table 14: Comparison of RLMT models with concurrent work using different reward sig-

nals for RLVR
Model Backbone Avg. WB AE2 AH2 CWuo3
(Models sharing similar backbones)

Our models

Llama-3.1-8B-RLMT-Zero Llama-3.1-8B (Base) 24.0 72 340 5.6 49.0
Qwen2.5-7B-RLMT-Zero  Qwen-2.5-7B (Base) 302 222 540 108 54.0
Llama-3.1-8B-Inst-RLMT  Llama-3.1-8B-Instruct 541 504 58.7 229 84.3
Qwen2.5-7B-Inst-RLMT Qwen-2.5-7B-Instruct  48.3 463 50.5 20.8 75.6
Models trained using BLEU-based reward or checklist-based reward
Llama3.1-8B-BLEUBERI Llama-3.1-8B (Base) 11.6 -185 174 24 45.3
Qwen2.5-7B-BLEUBERI Qwen-2.5-7B (Base) 197 -65 295 1238 42.8
Qwen2.5-7B-RLCF Qwen-2.5-7B-Instruct  32.1 236 402 104 54.3

rubrics (Viswanathan et al., 2025). We compare RLMT against these open-source models of
these concurrent work on open-ended benchmarks (chat and creative writing). Specifically,
we include: (1) Llama-3.1-8B-BLEUBERI, (2) Qwen-2.5-7B-BLEUBERI, and (3) Qwen-2.5-
7B-RLCE. Table [14summarizes these models along with their source backbones.

Across the same backbones, RLMT consistently achieves substantially stronger results. For
example, Llama-3.1-8B-RLMT-Zero outperforms Llama-3.1-8B-BLEUBERI by roughly 13
points on average across open-ended benchmarks, despite the latter leveraging reference
responses. These findings suggest that a strong reward model provides robust and effec-
tive signal for online RL training in general-purpose domains, surpassing these alternative

reward designs.

In addition, we also compare RLMT with
TPO (Wu et all, 2025a). Table[I5 shows the
comparison on chat benchmarks. We see
that RLMT substantially outperforms TPO
on chat and creative writing—especially in
the “zero” setting, where the difference is
19 points on average.

D.6 Scaling behavior of RLMT

We investigate how RLMT performance
changes when scaling inference budgets
(thinking token length) and training data
size. Due to compute constraints, we can-
not scale model sizes (scaling to 12B or

Table 15: Comparison of RLMT with TPO on
chat benchmarks, on Llama-3.1-8B.

Setting WB AE2 AH2? ChatAvg
Warm-start
+RLMT 381 523 159 35.4
+TPO 237 435 139 27.0
Zero
+RLMT 72 340 5.6 15.6
+TPO -31.2 152 2.2 -4.6

larger models would require 16 or more GPUs with 80 GB of memory each).

D.6.1 Inference budget scaling

We evaluate our RLMT model (Llama-3.1-8B-Warm-start-RLMT) under different thinking-
token budgets by comparing three settings: (1) forcing a maximum of 127 thinking tokens
(by closing thinking with </think> early and forcing the model to answer), (2) our main
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setting, which does not constrain thinking length and yields an average of ~260 thinking
tokens across benchmarks, and (3) encouraging additional thinking by appending “Wait,
let’s re-analyze the plan to make a better response” whenever the model produces fewer
than 513 thinking tokens. As shown in Table 16| restricting the model to fewer thinking
tokens causes substantial drops in performance. Interestingly, encouraging the model to
think more yields moderate improvements on chat benchmarks.

Table 16: Performance of RLMT under different thinking-token budgets. Performance con-
sistently improves with more thinking tokens.

Budget WB AE2 AH2 ChatAvg CWwv3 PopQA IFp,, MMLUR OwverallAvg
<128 235 449 131 272 733 302 17.6 56.3 37.0
~260 (Main) 38.1 52.3 159 354 809 303 15.6 61.7 42.1
> 512 42.7 52.6 17.2 375 827 304 16.3 60.5 43.2

D.6.2 Data size scaling

We also conduct a scaling study by varying the amount of RL training data (2K, 4K, 8K)
using the WildChat-IF dataset (which provides up to 8K examples). As shown in Table
using more training data consistently improves performance, especially on chat bench-
marks.

Table 17: Performance of RLMT with varying amounts of training data. Performance con-
sistently improves with more training data.

Setting WB AE2 AH2 ChatAvg CWuv3 PopQA IFg,, MMLUR OuverallAvg
WildChat 2K 377 441 144 321 809 30.2 16.7 57.7 40.2
WildChat 4K 374 485 155 33.8 812 29.8 163 61.5 41.5
WildChat 8K (Main) 38.1 52.3 15.9 354 809 303 156 61.7 421

D.6.3 GRPO achieves the best performance, but RLMT remains effective with DPO and
PPO.

Comparing Tables[2Jand Certifies that GRPO usually weighs in at about 1-3 points better
than PPO, and about 5pp better than DPO on average. RLMT models retain (and indeed,
extend) their edge over non-thinking baselines even with DPO and PPO. Not only are
they better at Chat and Creative Writing, but they also show relative gains on instruction
following (IFgey), factuality (PopQA) and world knowledge (MMLUR). While preference
optimization has often turned to DPO and PPO in recent years, we invite researchers to
explore the trade-offs of using GRPO more in future work.

E Prompts

In this Appendix, we provide the prompts used for various aspects of the experiments.

Prompt used to sample the warm-start data. We used Gemini 2.5 Flash
(gemini-2.5-flash-preview-04-17) with the following instruction appended to each
user prompt:

FORMAT: First showcase a detailed planning phase where you plan your response
within <think>...</think> tags. Then produce the actual response within
<response>...</response> tags. The content within the <think>...</think> tags
should *not* refer to the fact that a planning phase was prompted - they should
refer to the user prompt only.

Model output formats and corresponding prompts. For the warm-started models, we
used the following format for the thinking models” outputs:
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Table 18: DPO/PPO results for warm-start and zero training. ¥ shows whether thinking is
enabled, with v" denoting RLMT models and x denoting RLHF models. The best numbers
are bolded and the second are underlined. Warm-start + RLMT remains effective with
DPO/PPO, but they lag GRPO. The two algorithms are ineffective compared to GRPO for
zero training.

Backbone Training ¢ WB AE2 AH2 Avgcp,y CWou3 PopQA IFp,, MMLUR Avg
SFT Warm-Started Models
Llama-3.1-8B + SFT x -10.6 268 5.1 7.1 75.2 264 156 59.7 283
v -16 297 65 11.5 75.1 305 17.0 61.1 312
+ DPO x 144 346 9.0 19.3 78.3 282 17.0 60.3 345
v 173 36.8 109 21.7 76.6 324 173 625 363
+ PPO X 234 402 119 25.2 71.3 29.6 16.7 62.1 36.5
v’ 21.7 433 107 25.2 81.9 33.0 18.0 64.3 39.0
Qwen2.5-7B + SFT x -09 288 8.0 12.0 61.9 21.1  19.0 652 29.0
v' 120 339 106 18.8 69.5 220 211 62.1 33.0
+ DPO x 12.8 325 11.6 19.0 70.5 214 170 70.1 337
v 249 381 14.1 25.7 74.8 226 211 664 374
+PPO X 29.0 355 149 26.5 69.7 219 18.0 68.6 36.8
v 309 422 152 29.4 772 223 204 671 393
Llama-3.1-8B-Instruct x -7.0 321 5.1 10.1 55.0 364 238 70.0 308
+ SFT x 121 335 99 18.5 78.5 31.1 235 64.8 362
v 143 345 95 19.4 78.7 325 248 70.6 37.8
+ DPO x 279 372 133 26.1 80.2 321 224 67.0 40.0
v’ 297 451 154 30.1 81.6 334 252 70.5 43.0
+PPO x 434 509 17.8 37.4 832 324 211 695 455
v’ 46.8 58.2 23.0 42.7 85.3 332 241 68.7 48.5
Qwen?2.5-7B-Instruct x 222 371 10.0 23.1 49.8 222 282 754  35.0
+ SFT x 12.6 28.6 10.0 17.1 65.4 21.1  19.0 67.2 320
v 187 33.7 109 21.1 71.0 21.8 218 60.5 34.1
+ DPO x 211 314 114 21.3 71.3 214 167 68.5 345
v’ 281 37.6 149 269 73.7 220 228 66.0 379
+PPO x 331 374 153 28.6 71.1 221 19.0 715 385
v’ 39.8 453 17.7 34.3 76.5 224 224 71. 42.2
Zero Training (No SFT)
Llama-3.1-8B Base (nonthink tpl) x -87.6 1.7 0.8 -284 30.2 252 17.0 36.6 34
Base (think tpl) v -882 16 06 -28.7 31.8 20.7 16.7 26.5 14
+ DPO X -746 24 0.3 -24.0 26.1 325 133 47.3 6.8
v -689 45 1.0 -21.1 30.1 353 136 14.5 4.3
+ PPO x -1.2 195 35 7.3 529 28.0 153 444 232
v 104 26.1 3.8 13.4 56.6 319 187 315 25.6
Qwen2.5-7B Base (nonthink tpl) x -65.8 45 2.0 -19.8 39.1 231 173 63.2 119
Base (think tpl) v 684 44 15 -20.8 36.7 23.0 173 59.9 10.6
+ DPO x -245 217 54 0.9 38.3 25.0 16.0 69.3 21.6
v -183 24.6 49 3.7 40.4 253 146 68.8 229
+PPO x -70.0 29 1.2 -22.0 36.9 219 163 49.2 8.3
v -658 59 1.8 -194 35.1 229 16.0 541 10.0

<think> Some thinking here </think> Response here

The non-thinking models converse as usual.

For the prompted base models, we used the following format to elicit a model response
with thinking:

A conversation between User and Assistant. Following the User’s query, the
Assistant first plans a response, and then provides the response. The internal
reasoning process is enclosed within <think> </think> tags and the response
is enclosed within <response> </response> tags, i.e., in the format <think>
reasoning process here </think> <response> response here </response>.

User: <query> ...user text... </query> Assistant:

The corresponding prompt for the non-thinking models is:

A conversation between User and Assistant. The user asks a question, and the
assistant provides the user with a response. The response is enclosed within
<response> </response> tags, i.e., <response> response here </response>.
User: <query> ...user text... </query> Assistant:
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Prompts used for trait extraction. We use the following prompt for the extraction of the
initial set of traits

You are analyzing the hidden planning part produced by a model before its final
answer. From the planning excerpt below, infer the key characteristics of how
the planning is performed. Focus on the style and intent of the planning, not
the specific content of the question. Return ONLY a compact JSON array (no
extra text), where each element is a short string naming one characteristic.
Aim for 3-8 distinct, non-redundant items.

We then prompt the model to compare batches of traits from the two models as follows.

You will compare planning styles for model A vs model B. You are given multiple
examples. For each, you will see the user prompt and two lists: A_plan and
B_plan. Identify 1-3 concise, consistent differences describing how A’s planning
differs from B’s. Focus on stylistic/strategic patterns that recur across the
provided examples. Return ONLY a JSON array of short difference statements (no
extra text).

To run the identified (and summarized) traits through each prompt and calculate win rates,
we prompt GPT-4.1-mini as thus:

You are given two hidden planning excerpts from two models: A and B. For each
trait, decide which planning shows the trait MORE strongly: ’A’, ’B’, or ’tie’.
Return ONLY a JSON object mapping trait_keys to ’A’, ’B’, or ’tie’ (lowercase
also accepted). Output strictly a JSON object with these keys only, each value
one of ’A’, 'B’, or ’tie’.

F Brief Overview of Preference Optimization Algorithms

For the benefit of readers, we provide a short overview of DPO, PPO, and GRPO here;
interested readers should refer to the cited papers for more details.

Setup. Let 71y be a policy LM with parameters 6 that maps a prompt x to a distribution
over responses y. We write 7, for a frozen reference policy (often the SFT model), and
r(y, x) for a scalar reward coming from either a reward model (preference-based) or a veri-
fier (verifiable/automatic). We denote log-probabilities by log 77(- | -) and use a KL penalty
weight A and a clipping parameter ¢ where applicable.

DPO (Direct Preference Optimization). (Rafailov et al., 2023) Objective. Given offline
pairwise preference data D = {(x,y",y )} with a preferred y* and a dispreferred y—,
DPO optimizes a logistic preference objective that implicitly constrains the policy to stay
close to 7t

Lppo(0) = —E(xyt y-)~D [log(f(ﬁ[(log me(y" | x) —log me(y~ | x))

(108 ey | %) — log mes(y™ | 2)]) .

where ¢ is the logistic function and B is a temperature. DPO is an offline preference-
optimization method: no on-policy rollout is required. It reframes RLHF as a calibrated
logit-difference classification against the reference, avoiding a learned value function and
making training simple and stable.

PPO (Proximal Policy Optimization). (Schulman et al., 2017) Objective. At each itera-
tion, sample responses y ~ 71g_ (- | x), compute rewards R = r(y, x) (often with a per-
sample KL penalty to 7t..¢), estimate token- or sequence-level advantages A, and optimize
the clipped surrogate:

Lrpo(8) = E [ min (ppA, clip(pg,1—,1+¢)A)| = AKL(o(- | %) || res(- | %)
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where
mo(y | x)
Tloga (Y | X)°
PPO is an on-policy algorithm: the model rolls out new samples, gets a reward (e.g., from
a reward model), uses generalized advantage estimation (GAE, |Schulman et al| (2016))

to form A, and updates with a clipping rule for stability. KL-to-reference regularization
maintains alignment and prevents reward hacking.

Po =

GRPO (Group Relative Policy Optimization). (Shao et al., [2024) Objective. For each
prompt x, GRPO generates a group of K candidates {y;}X | from 7tg,,» Obtain rewards r; =
r(yi, x), and compute group-centered advantages A; =r; — % Z]K:l rj instead of employing

GAE. Update the policy with a PPO-style clipped objective using these A; (often without a
learned critic), plus an optional KL penalty:

& i . i
Lerro(8) = x| 2 Y- min (o) A, clip(py’,1— &1+ €)A;) | = AKL((- | ) || Ter(- | %))
i=1

)
GRPO is on-policy but avoids a learned value function by using a per-prompt baseline (the
group mean reward). It is especially convenient when rewards are naturally comparable
within a prompt (e.g., verifiable correctness or a shared reward model). In practice it pairs
well with reasoning rollouts (sample multiple candidates per prompt, keep relative scores,
and update toward better-than-average ones).

G Frequently Asked Questions

This appendix discusses relevant questions and directions that might stem from RLMT.

Can RLMT and RLVR be combined to build models that excel at both verifiable and
non-verifiable tasks? Appendix [D| provides preliminary results by applying RLMT on
top of OpenThinker2-7B, a model already strong on verifiable tasks via distillation from
DeepSeek-R1. Adding RLMT improves performance on chat-oriented benchmarks, but
the resulting model still falls short of standalone RLMT models on non-verifiable tasks.
These findings suggest that simply applying RLVR followed by RLMT in sequence is in-
sufficient to obtain a model that excels across all domains. Training pipelines that combine
or balance multiple reward sources more effectively—for instance, by mixing verifiable
and non-verifiable prompts during RL training, or by using reward ensembles—represent
an important direction for future work.

Why does long-CoT benefit chat and creative writing? Long-CoT benefits chat and cre-
ative writing because it allows the model to (1) plan narrative structure and ensure consis-
tency with previous plot points, (2) refine presentation to avoid common pitfalls like bullet-
point formatting or repetitive character descriptions, and (3) balance multiple requirements
(word count, style, plot elements) before committing to a response. Figurein the main text
shows which specific traits were learned during RLMT training that contribute to higher
creative writing scores, and Figure [I| provides an example response demonstrating these
improvements.

Why reward only the final response, instead of the thinking and response together?
In RLMT, rewards are measured only on the actual response (the visible output after
</think>), while the CoT traces are optimized implicitly through backpropagation. An
alternative approach would be to reward both the thinking and response using a reward
model. Table[19|compares these two approaches.

Rewarding both thinking and response leads to substantially worse performance, partic-
ularly on chat benchmarks (WB, AE2, AH2). This suggests that the reward model is not
well-calibrated to evaluate internal reasoning traces, and that the model learns thinking
patterns more effectively through the final output reward alone.
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Table 19: Comparison of rewarding only the response versus rewarding both thinking and
response. Rewarding only the response leads to substantially better performance, particu-
larly on chat benchmarks.

Model WB AE2 AH2 CWwv3 PopQA IFg, MMLUg Avg
Llama-3.1-8B-RLMT 38.1 523 159  80.9 303 156 61.7 42.1
+ reward thinking & response 19.8 369 9.2  77.8 30.7 18.0 62.1 36.4

Doesn’t “thinking” bring with it excess cost for the additional tokens? Long CoT uti-
lizes extra tokens, costing both time and compute. However, we believe that the trade-off
is worth navigating, since (1) model providers are already deploying models that always
think, such as OpenAl’s o1, 03, 04, and 04-mini (2) Recent releases like GPT-5 (and sub-
versions) route requests to different models based on complexity, which represents one
approach to alleviating costs. Additionally, we observe that far shorter CoT traces are suf-
ficient to achieve strong performance on chat benchmarks (as compared to math, where we
often need thousands of tokens), suggesting that the trade-off is not as severe as one might
think.

Why does performance on some benchmarks (MMLU, PopQA, MATH-500) not improve
substantially? It is unlikely for RL to teach new knowledge to the model, rather than re-
fine already existing behavior. For this reason, our primary goal for knowledge-intensive
benchmarks like MMLU and PopQA is to avoid performance degradation rather than
achieve large gains. For math benchmarks such as MATH-500 (Appendix[D.I), we see that
performance does increase significantly from the SFT model, but that RLMT achieves sim-
ilar gains to non-thinking settings. We chalk this up to the fact that our reward model has
been trained largely on general chat prompts, rather than math. RLMT relies on a reward
model and hence inherits the biases of the methods that use reward models. Nonetheless,
note that prominent preference optimization methods like SimPO (Meng et al., 2024) show
significant performance drops on math benchmarks, and hence achieving gains itself is
noteworthy.
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