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Abstract

On-policy reinforcement learning has become a central paradigm for improving
the reasoning abilities of large language models. However, its effectiveness is
often limited by reward sparsity: when a model fails to discover correct trajectories
for difficult problems, the optimization process receives little useful signal and
may stagnate. Existing approaches mitigate this issue by incorporating off-policy
demonstrations, expert traces, or model-generated solutions, but they typically
require the auxiliary data to match the format of the reinforcement-learning task,
often relying on rejection sampling from stronger models to obtain suitable training
trajectories. We introduce Rationale-Guided Policy Optimization (RGPO), a
framework that adaptively leverages ground-truth rationale information according
to the model’s current capability while preserving its freedom to explore. Rather
than treating reference solutions as fixed imitation targets, RGPO uses them as
temporary scaffolds: rationales help the model generate improved responses, after
which only higher-reward, model-generated solutions are transferred back to the
original unguided setting. This design allows training to exploit available ground-
truth information without requiring off-policy data to follow the same format as the
RL task. Across both language-only and vision-language reasoning settings, RGPO
consistently improves performance over RLVR baselines, and ablation studies show
that adaptive rationale guidance is a key contributor to these gains. These results
suggest that RGPO offers a practical and general approach for reducing reward
sparsity, stabilizing reinforcement learning, and improving reasoning performance
in both text-only and multimodal models. Our implementation is available at
https://anonymous.4open.science/r/hint-rlvr-D643/,

1 Introduction

Recent advances in large language model reasoning have shown that reinforcement learning,
particularly reinforcement learning with verifiable rewards (RLVR), can elicit long-horizon reasoning
behaviors from pretrained models. Recent frontier reasoning models, including GPT-5 [1} 2], Gemini
2.5 [3]], Claude Opus 4 and Claude Sonnet 4 [4], Qwen3 [5], Kimi K2 [6], and GLM-4.5 [7], have
demonstrated rapid progress in mathematics, coding, tool use, and agentic problem solving by using
reinforcement learning during post-training [8, 9]. Despite its effectiveness, on-policy reinforcement
learning remains fundamentally constrained by the current capability of the policy model. When
the model is trained on problems beyond its evolving reasoning ability, all sampled rollouts for
a prompt may be incorrect. In such cases, rewards become sparse or uniform, and the resulting
learning signal provides little information about how to reach a correct solution. This capacity—
difficulty mismatch is especially severe for weak or small models, where standard on-policy RL may
spend substantial computation sampling failed trajectories without obtaining positive examples for
improvement [10, [11} [12]]. Consequently, the training process can stagnate precisely on the hard
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Figure 1: Overview of the proposed method: Inspired by how humans approach a problem, the
model first tries to solve each problem without access to hints. When it succeeds, the correct response
is directly reinforced. When it fails, progressively stronger rationales are introduced as temporary
scaffolds to guide the model toward a correct solution.

examples that are most important for improving reasoning. A natural direction for mitigating reward
sparsity is to incorporate external guidance, such as reference solutions or expert traces 10} [13]]. Prior
work has explored several forms of such guidance. However, directly using external rationales also
introduces important challenges. Maximizing the likelihood of those reference solutions may force
the model to imitate trajectories that are far from its own policy distribution, causing distribution
mismatch, memorization, and limited generalization [[14]. Off-policy expert traces can provide
successful solutions, but they may not reflect the reasoning style or token-level decisions that the
current model can naturally reproduce.

Human learning research suggests that effective reasoning instruction requires a careful balance
between independent problem solving and guided assistance. Since initial struggle can prepare
learners to better recognize, organize, and internalize later guidance [[15} [16], they can benefit from
attempting a problem before receiving explicit instruction. At the same time, intelligent tutoring
research identifies an “assistance dilemma”: too little help may leave learners stuck, whereas too
much help may reduce effort, encourage shallow processing, and weaken transfer [[17]. Motivated by
this perspective, we propose Rationale-Guided Policy Optimization (RGPO), a simple yet effective
framework that builds on the standard RLVR training loop for improving reasoning by using reference
rationales as temporary scaffolds for exploration rather than as direct imitation targets. For each
prompt, the model first generates ordinary on-policy rollouts and receives rewards from the verifier.
Then, for examples where guidance may be useful, RGPO constructs a second-round refinement
prompt that includes the original problem together with a rationale, solution hint, or feedback derived
from the training example. The model is asked to generate a new standalone solution to the original
problem. If this yields a better response than the original rollout, RGPO applies a supervised update
to maximize the likelihood of the refined response conditioned only on the original prompt, rather
than on the hint-augmented prompt.

To further balance guidance and exploration, we introduce an adaptive hinting mechanism. Rather
than always revealing the full reference solution, the scheduler adjusts the amount of guidance
according to the model’s current success on each problem (see Figure[I). If the model repeatedly
fails to solve a problem, RGPO reveals more of the rationale to help it reach a successful trajectory.
If the model can already solve the problem, the scheduler reduces or removes the hint, encouraging
independent reasoning and avoiding unnecessary simplification. This adaptive mechanism allows
RGPO to concentrate guidance on difficult examples while preserving on-policy exploration for
problems within the model’s current capability. Overall, our contributions are summarized as follows:

* We propose RGPO, a rationale-guided optimization framework that augments RLVR with
hint-assisted refinement. In particular, we show how reference rationales can be used as
temporary reasoning scaffolds rather than direct imitation targets, reducing reward sparsity
without requiring the rationale to match the final-answer format used in RL rollouts.
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* We introduce an adaptive hint mechanism that dynamically increases or decreases the
amount of revealed solution guidance according to the model’s current ability.

* We conduct experiments on both language models and vision-language models, where
RGPO consistently shows superior training sample efficiency over standard RLVR and
outperforms other hybrid baselines that combine both on-policy and off-policy training.

2 Related Work

RL with verifiable rewards. PPO optimizes a clipped policy-gradient objective and is widely used
for language-model post-training [8]. GRPO replaces value estimation with group-relative reward
normalization, reducing training complexity for mathematical reasoning [9]. DeepSeek-R1 further
demonstrated that large-scale RLVR can elicit sophisticated reasoning behaviors without relying
entirely on supervised reasoning traces [[L8]. RGPO is compatible with either PPO or GRPO: it
leaves the first-round RL update intact and adds a second-round reward-gated distillation term.

Off-policy guidance and mixed SFT-RL training. A major limitation of pure on-policy RL is that
the policy can only learn from trajectories it already samples. LUFFY addresses this by incorporating
off-policy reasoning traces while using policy shaping to avoid rigid imitation [10]. CHORD reframes
SFT as a dynamically weighted auxiliary objective within RL [19]. Minimalist rejection-sampling
and reinforce-style methods also show that filtering positive trajectories can be a strong baseline
[20]. RGPO differs in that its auxiliary examples are generated online by the current policy under
rationale-guided refinement, then trained under the original prompt distribution. GHPO adjusts the
amount of guidance according to the model’s ability to solve the problem [11]. QuestA augments
hard questions with partial solutions [21]. BREAD inserts expert prefixes and branches rollouts from
them [[12]. HINT supplies heuristic hints and argues that external guidance should preserve training
affinity [13]).

Failure-conditioned guidance. The design of RGPO is primarily motivated by cognitive studies
on when and how guidance should be provided. Effective reasoning instruction depends on both the
timing and form of guidance, as learners often benefit from attempting problems before receiving
instruction, because initial struggle can help them notice relevant structures, activate prior knowledge,
and better internalize subsequent explanations [[15|16]. Besides, active recall and testing improve
long-term retention more effectively than passive study, motivating an initial phase of independent
answer generation [22]]. The “assistance dilemma” [[17] states that too little help may leave learners
stuck, while too much help may reduce effort, encourage shallow processing, and weaken transfer.
Studies of help seeking also show that learners may engage in hint abuse, using assistance to obtain
answers rather than to understand the underlying reasoning process [23]]. Complementary work on
worked examples demonstrates that examples can support schema acquisition, but their benefits
depend on active engagement, such as self-explanation, rather than copying solution steps [24, [25].
Finally, fading worked-out steps helps learners transition from guided examples to independent
problem solving, suggesting that explanations and hints are most useful as temporary scaffolds rather
than permanent supports [26].

3 Background

3.1 Supervised Fine-Tuning

Supervised fine-tuning (SFT) is one of the most widely used post-training procedures for adapting a
pretrained language model to a target task, domain, or response format. Given a dataset of prompt—
response pairs Dy = {(7i,9:)}i;, SFT optimizes the model by maximizing the conditional
likelihood of the reference response:

lyl
Lt (0) = —E(o,y)~Dore Zlogﬂe(yt | 2, y<t) | - (1)

t=1

In instruction-following pipelines, SFT is commonly used to initialize the policy before preference-
based or reward-based optimization. For example, Ouyang et al. [27] first fine-tuned a language
model on human-written demonstrations and then further optimize it using reinforcement learning
from human feedback.
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In reasoning tasks, SFT can teach the model answer formatting, step-by-step reasoning style, and
task-specific conventions. However, human-written or oracle solutions may be concise or stylistically
different from model-generated reasoning (i.e. outside the model’s current reasoning distribution).
As a result, simply maximizing the likelihood of such demonstrations can lead to superficial imitation
or memorization [[14], rather than improving the model’s ability to independently discover correct
reasoning trajectories. This limitation is particularly important for weaker models, where expert
traces may be too difficult to imitate directly. We can see how an 2B model cannot follow Mulberry’s
reasoning template [28]] and thus cannot learn how to answer user’s questions properly in the appendix.

3.2 Policy Optimization for Language Model Reasoning

Reinforcement learning (RL) provides an alternative post-training paradigm in which the model is
optimized according to a reward signal rather than fixed demonstrations. For reasoning tasks, the
reward can often be automatically verified, for example by checking whether the final answer matches
the ground truth. Given a prompt z, the policy mg samples a response y, and a reward function
R(x,y) assigns a scalar score. The goal is to maximize expected reward:

J(@) = EzND, y~mo(+|x) [R((E7 y)} . (2)

Group Relative Policy Optimization (GRPO) [9] estimates the baseline using a group of responses
sampled for the same prompt. For each prompt z, the old policy samples a group of G responses:

{yla'~'ayG}N7T9old(' |‘T) &)
Each response receives a reward r; = R(x, y;). The group-relative advantage is then computed by
normalizing rewards within the group:

R Ty — mean({rj}jczl)
A = . 4
td((r,)E) @

Using this relative advantage, GRPO optimizes a PPO-style clipped objective:

G [yl
1 1 _ o )
Ela > il > min (pi,t(e)Ai7 clip(p;(6), 1 — €1+ E)Ai) + BDxu, (7o [| meet) ,  (5)
i=1 17" =1

where we have defined
We(yz',t | l'vyz',<t) 6)
Tooa Wit | T, Yi,<t)

pi,t(a) =

REINFORCE++ emphasizes global advantage normalization rather than prompt-local normalization
[29]. If B denotes a global batch of sampled responses, the normalized advantage can be written as

Az, y) = W, %)

where i and o are the mean and standard deviation of rewards or advantages over the global batch.
This design aims to produce more stable advantage estimates than small prompt-level groups. The
resulting objective can be viewed as a critic-free policy-gradient objective:

lyl

—E(zy)~B ZA(%Q) log mo(ye | T, y<t) | + BDxL (o || ret) - 3
=1

We follow recent reasoning-focused RL pipelines that reduce or remove KL (8 = 0) both to encourage
exploration [30} 31] and for simplicity.

4 Method: Rationale-Guided Policy Optimization

4.1 Problem setup

Let D = {(z, 5i, a;) }£, denote the training set, where z; is the original prompt, s; is a reference
rationale, and a; is the final ground-truth. We assume access to a verifiable reward function
r(x,y,a) € R, which assigns reward to a model response y for prompt & given answer a.
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We train the model for N + 1 epochs with the first epoch fully unguided and is used to estimate the
model’s initial capability on each training example. The following N epochs adaptively reveal or
hide increments of size 1/N of the reference solution according to whether the current model can
already solve the example. For each example, we partition the reference solution into N ordered
segments,
8 = [8i158i2; -} 8i,N],

where each segment contains approximately 1/N of the solution. The partition may be defined by
token count, sentence boundaries, reasoning steps, or another deterministic segmentation rule. We

employ raw character counts for simplicity in our experiments. Let ggt) € {0,1,..., N} denote the
number of revealed segments for example ¢ at epoch ¢. The corresponding hint is the prefix
hgt) — [Si,l; cee SLg;t)],

with hgt) = () when gi(t) = 0. We initialize ggo) = 0 for all examples, so the first epoch uses no hint.

After each epoch, the hint level is updated adaptively: if the model produces no correct rollout for
an example, then the next epoch reveals one additional segment; if the model produces at least one
correct rollout, then the next epoch removes one segment. Formally, if Cft) indicates whether any
rollout for example 1 is correct at epoch ¢, then

@y _ fmin(g” +1,N), ifc? =0,
! max(g(t) —-1,0), if Ci(t) =1.

K2
This update rule creates a curriculum that automatically moves each example toward the smallest
amount of hinting needed to keep the problem learnable. Hard examples gradually receive more of
the reference solution until the model can discover a correct trajectory, while easier examples are
annealed back toward the original no-hint setting. In this way, RGPO avoids a fixed hint schedule
that may over-assist easy problems or under-assist hard ones.

4.2 Adaptive rationale-guided rollout

The first epoch is a standard on-policy RL epoch without any solution hint. For each prompt z;, we
sample K rollouts from the current policy,

0 0
Uy~ (| @),

and compute their rewards rgo,g = r(xy, y2(0k)7 a;). We estimate the initial solvability of each example

under the current policy. We define

CZ(O) = H[m]?X Tl(?k) > Tcorrect]

If C’Z-(O) = 0, then none of the sampled unguided responses solved the problem, and RGPO reveals the

first 1/IN of the reference solution for this example in the next epoch. If CZ-(O) = 1, then the example
remains unguided in the next epoch because the model has already demonstrated that the problem is
learnable without assistance.

For epoch t € {1,..., N}, each example is assigned a hint prefix hl(-t) according to the previous
epoch’s correctness. We then perform two rollout passes. The first pass is the ordinary unguided
rollout from the original prompt,

t
v ~mo(- | @),
which is used for the main on-policy RL objective. The second pass is a guided revision rollout, used

only when a nonempty hint is available or when feedback from the first pass is included. The guided
prompt is constructed as

:%Et) = Reprompt(z;, hz(t), fi(t)),

where fi(t) includes verifier feedback and answer-level correctness, ... Note that i’l(t) is used only to
generate candidate improved trajectories. The guided rollout is sampled as

g ~ (- | ),
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and evaluated using the same reward function,

ff’ii = 7”(%17527%)
We compare the guided candidate to the unguided rollout distribution from the same epoch. A guided
response is accepted into an auxiliary buffer only if it improves over the unguided attempts:

Zjl(tlz € Brgpo < fgtg > max ’I’Z(t} + 6,
) ) b )

where § > 0 is a margin. In the simplest exact-reward setting, & = 0, so a guided response is accepted
whenever it achieves a higher verifier reward than all unguided rollouts for the same example. This
reward gate is crucial because the reference solution prefix may not always help the model reason
correctly. Instead of assuming that every hint-conditioned response is useful, RGPO treats the guided
pass as a proposal distribution and keeps only proposals that improve measured task reward.

4.3 Policy optimization objective

RGPO combines a main on-policy RL objective with an auxiliary reward-gated supervised objective.
The RL objective is computed on the unguided rollouts sampled from 7y (- | x;), so the policy is
directly optimized for the deployment condition. The auxiliary supervised objective is computed on
accepted guided responses, but conditioned on the original prompt:

ACSFT(Q) = _E(Ii,Q)GBnGPo [log 7T9(g ‘ xz)] .

This objective intentionally maximizes py (¢ | «;) rather than py (7 | ;%Et)). The distinction is central to
RGPO, because training on :E,Et) would teach the model to rely on rationales at inference time. Training
on z; instead transfers the benefit of the guided revision back into the original task distribution. The

full objective for each epoch is
Liota1(0) = LrL(0) + A\ LsrT(0)

where Lgy, is the main RLVR objective (e.g. with GRPO or REINFORCE++), and \; controls the
weight of the auxiliary term. Our proposed method is formally presented in Algorithm [I]in the
appendix.

S Experiments

We evaluate our method on post-training of language models and vision-language models, and find it
to be effective across a range of settings, often outperforming standard baselines. All experiments are
conducted using the verl framework [32].

5.1 RGPO on Language Models

For the language-model experiments, we follow the training protocol of HINT [13]] and use Qwen2.5-
3B [33] as the base model. To ensure a consistent comparison across methods, we train on the
DAPO-Math-27K split used by HINT, which is derived from the DAPO-Math170K dataset [34]]. We
optimize the model with GRPO [9]]. Unlike HINT, which trains for 10 epochs, we train for 3 epochs,
as we observe that the model already outperforms the compared baselines under this setting. We use a
training batch size of 256, a maximum prompt length of 1024 tokens, and a maximum response length
of 4096 tokens. For each prompt, the rollout engine samples eight responses, four with hints and four
without hints to ensure a fair comparison. The base model is optimized with AdamW [35] using a
learning rate of 1 x 1075, For efficient large-model training, we use the FSDP2 [36]], together with
bfloat16 precision [37], fused kernels, and gradient checkpointing [38]. We do not enable parameter
or optimizer offloading.

We benchmark against the base model, vanilla GRPO, PPO where applicable, and representative
approaches for improving rollout quality or efficiency in reinforcement learning with verifiable
rewards such as LUFFY [10], CHORD [19]], GHPO [11], QuestA [21]], BREAD [12], and HINT
[13]. Evaluation is conducted without providing hints at test time. We consider both in-distribution
and out-of-distribution settings. For mathematical reasoning, we use AIME24, MATH-500 [39],
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Table 1: Overall Performance Comparison of RGPO vs. Baselines. RGPO achieves notable
performance improvements on in-distribution datasets, surpassing the base Qwen2.5-3B model and
the second-best approach by 5%. The method further exhibits strong generalization on out-of-
distribution datasets, delivering an additional 2.3% performance gain.

Methods In-Distribution Avg Out-of-Distribution Avg
AIME Math Olympiad Minerva ARC GPQA MMLU
Vanilla 2.9 39.8  12.0 9.8 16.1 448 114 28.8 28.3
GRPO 4.3 440 182 12.2 19.7 450 118 28.0 28.3
CHORD 4.5 46.6  20.2 13.0 21.1 400 110 26.4 25.8
LUFFY 33 40.0 18.0 13.2 18.6 40.8 112 24.0 253
GHPO 4.0 422  19.6 12.8 19.7 455 120 28.2 28.6
QuestA 39 420 196 12.4 195 448 120 29.0 28.6
BREAD 4.1 444 204 134 206 455 118 29.2 28.8
HINT 4.9 486 202 134 218 488 118 302 29.9
RGPO 5.1 552 249 22.1 268 512 147 30.8 32.2

OlympiadBench [40]] and Minerva Math [41]]. Because AIME24 contains a relatively small number
of test items, we report avg @32 on this benchmark, while pass@1 is used for the remaining datasets.
To examine broader reasoning transfer, we also evaluate on ARC-Challenge [42], GPQA-Diamond
[43], and MMLU-Pro [44].

Table [T] reports the overall performance of RGPO against the vanilla model, standard GRPO, and
other hybrid RL training baselines. Overall, RGPO achieves the best result on every in-distribution
benchmark, improving the average score from 19.7 with GRPO to 26.8, and outperforming the
strongest prior baseline, HINT, by 5.0 points. The gains are especially pronounced on Math and
Minerva, where RGPO improves over HINT by 6.6 and 8.7 points, respectively, suggesting that
rationale-guided optimization is particularly effective on problems requiring longer or more structured
reasoning. RGPO also generalizes well beyond the training distribution, achieving the highest scores
on ARC, GPQA, and MMLU, with an out-of-distribution average of 32.2 compared with 29.9 for the
best baseline.

5.2 RGPO on Vision-Language Models

For vision-language experiments, we follow the experimental protocol of MINT-CoT [45]] and use
Qwen2-VL-7B-Instruct [46] as the base multimodal model. We additionally conduct experiments on
Qwen2-VL-2B-Instruct as a weaker base model to highlight the benefit of using rationales to guide
the main RLVR training. Similar to the language model experiment, we train each model for 3 epochs
with adaptive hinting. We use a training batch size of 512, a maximum prompt length of 768 tokens,
and a maximum response length of 1024 tokens. Other hyperparameters are kept the same as in the
language-model experiment.

Evaluation. We follow MINT-CoT and evaluate on multimodal mathematical reasoning
benchmarks: MathVista-Math [47]], and MMStar-Math [48]]. For reference, we report results from
contemporary VLMs, including R1-VL-7B [49]150], Open-R1-Multimodal [51]], Mulberry [28], MM-
Eureka [52], LLaVA-OneVision-Qwen2-7B-0OV [53]], InternVL2-8B [54], InternVL2-8B-MPO [335]],
DeepSeek-VL2 [56], and Qwen2.5-VL-7B-Instruct [57]. We compare RGPO primarily against
contemporary VLMs that were available under comparable experimental conditions but later-released
state-of-the-art VLMs because they have often undergone stronger post-training pipelines. Our goal is
to evaluate whether RGPO improves reasoning when applied to a fixed backbone and compared with
contemporaneous models and controlled training baselines. Accordingly, we report the performance
of on-policy and off-policy training methods on the MINT-CoT dataset of in this experiment.

Figure 2] compares RGPO against standard RLVR algorithms, including GRPO and REINFORCE++,
on Qwen2-VL-2B-Instruct and Qwen2-VL-7B-Instruct. We report accuracy over training steps
to evaluate both final reasoning performance and learning efficiency. Across all settings, RGPO
improves the data efficiency over the corresponding RLVR baseline. On Qwen2-VL-2B with GRPO,
RGPO reaches the baseline performance about 2.95x faster and achieves a higher final accuracy.
The improvement is even larger when compared with REINFORCE++, where the baseline struggles
to learn effectively, while RGPO continues to improve and obtains a substantial final gain. On the
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Figure 2: RGPO accelerates and improves RLVR training. Across Qwen2-VL-2B and Qwen2-VL-
7B models, RGPO reaches the final performance of RLVR baselines substantially faster and achieves
higher final accuracy. The gains are especially pronounced for weaker models and less stable RLVR
algorithms (e.g. REINFORCE++).

stronger Qwen2-VL-7B model, both methods improve during training, but RGPO still converges
faster and reaches a higher final accuracy.

As shown in Table 2] RGPO delivers the strongest overall performance among the compared methods.
On MMStar-Math, RGPO reaches 70.1, outperforming the base Qwen2-VL-7B-Instruct model by
23.7 points and surpassing other open-source multimodal reasoning models such as R1-VL-7B
and Mulberry. On MathVista-Math, RGPO achieves the highest overall score of 73.65, improving
substantially over the base model’s 41.11 and also outperforming strong reasoning-oriented baselines
such as MM-Eureka. The gains are especially clear in the GEO, ALG, and GPS subsets, where
RGPO obtains the best scores of 73.47, 73.62, and 73.89, respectively. In contrast, the gain on the
Textbook Question Answering subset is relatively modest. This may be due to a small degree of
domain overlap between the MINT-CoT [435] training set and this subset of MathVista, which leaves
less room for additional improvement on this category.

Table 2: Performance comparison on MMStar-Math and the mathematical subset of MathVista
We compare RGPO with the base Qwen2-VL-7B-Instruct model, CoT supervised fine-tuning variants,
and representative open-source multimodal reasoning models. Dashes indicate unavailable results.

MathVista-Math

Model MMStar-Math

All GEO ALG GPS TQA
LLaVA-OneVision-Qwen2-7b-ov [53] - 67.04 69.34 67.04 69.71 58.06
InternVL2-8B [54] 66.8 62.59 6226 62.92 6250 62.90
InternVL2-8B-MPO [55] - 68.52 68.87 6891 69.71 64.52
DeepSeek-VL2 [56] - 65.56 63.68 65.54 63.94 70.97
Qwen2.5-VL-7B-Instruct [57] 66.8 66.66 65.56 66.29 6587 69.35
Open-R1-Multimodal [51] 59.2 54.81 5236 54.68 53.37 59.68
R1-VL-7B [50] 68.4 69.63 68.87 69.66 69.71 69.35
Mulberry [28] 66.8 68.52 67.92 68.54 68.75 67.74
MM-Eureka [52] - 72.59 7122 72.66 72.60 72.58
Qwen2-VL-7B-Instruct [58] 46.4 41.11 35.85 4157 36.54 56.45
Original Image CoT SFT - 40.37 38.68 40.82 39.42 43.54
Bounding Box CoT SFT - 65.56 6321 65.54 6394 70.97
Text-only CoT SFT 67.6 64.07 64.15 64.04 6442 62.90
RGPO 70.1 73.65 7347 73.62 73.89 70.35

Figure [3|compares RGPO with a full-hint setting, where the model is given the complete hint during
training. Although the full-hint model quickly obtains high training reward, this improvement is
misleading: the model can simply use the provided hint to output the correct answer with only a few
tokens, without learning to perform the reasoning process independently. This behavior indicates
lazy learning, where the policy exploits the availability of the hint rather than developing robust
reasoning ability. The full-hint model initially produces extremely short outputs while still receiving
high reward, indicating that it can bypass reasoning and directly answer from the hint. Moreover, the
policy-gradient loss and gradient-norm curves show that full-hint training is less stable, with large
early spikes and sharp fluctuations. In contrast, RGPO achieves more gradual reward improvement,
maintains longer reasoning responses, and exhibits smoother optimization dynamics. These results
suggest that always providing hints can create a shortcut that harms stable reasoning learning, while
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Figure 3: Effect of failure-conditioned hinting versus always-on full hints: Training (solid lines)
and validation (dashed lines) rewards. Full hints rapidly inflate training reward but generalize poorly,
while RGPO learns more gradually and achieves stronger no-hint validation performance.

RGPO’s failure-conditioned hinting mechanism provides guidance only when needed and avoids
encouraging the model to rely on hints as a substitute for reasoning.

Figure [] highlights an important
interaction between prompt format,
optimization objective, and exploration
during reasoning training. With the
concise DeepSeek-R1-style prompt, both
RGPO and GRPO begin improving
rapidly once the model discovers the
correct answer format, but RGPO reaches

a consistently higher reward plateau.

At the same time, its entropy decreases
smoothly and remains close to GRPO,
suggesting that the performance gain
does not come from simply collapsing
the policy into a narrow set of outputs. In
contrast, when using the more structured
Mulberry-style prompt, AHPO [359],
which combines off-policy expert SFT
loss with RLVR, shows a delayed
reward increase but undergoes a sharp
entropy collapse shortly afterward. This
suggests that AHPO learns to satisfy
the complex template by concentrating
probability mass on a limited response
pattern, reducing exploration once the
formatting objective is acquired. These
results support the design choice of
using a simpler reasoning format for RL
training: it makes the reward signal easier
to optimize while allowing RGPO to
improve reasoning performance without
prematurely sacrificing policy diversity.

6 Conclusion
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Figure 4: Training dynamics under different

reasoning prompt formats. Left: using the concise
DeepSeek-R1-style format, RGPO achieves higher
reward than GRPO while maintaining a comparable
entropy trajectory throughout training. Right: under
the original Mulberry-style template, AHPO eventually
improves reward after learning the required output
structure, but this improvement is accompanied by a
sharp entropy collapse, indicating reduced exploration
and more deterministic generation behavior.

In this paper, we introduced Rationale-Guided Policy Optimization, an RL framework that improves
reasoning by using rationales as temporary scaffolds rather than direct imitation targets. RGPO’s
design reduces hint dependence by preventing the model from relying on rationales for every example,
and reduces rationale memorization by avoiding direct training on the rationale text itself. Motivated
by cognitive principles, RGPO treats rationales as instructional interventions that help convert failed
attempts into useful learning signals. Empirically, RGPO consistently shows superior performance
on both language models and vision-language models post training.
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Due to space constraints, some implementation details, additional analyses, and supplementary results
are omitted from the main paper. In this appendix, we provide a more complete description of the
RGPO training procedure, including the prompt templates, algorithmic details, and hyperparameter
settings. We also include additional experimental results and ablation studies to better understand the
effects of rationale guidance, prompt format, and failure-conditioned hinting on model learning and
final performance.

A Experimental Details

A.1 Algorithm

Algorithm [T| summarizes Rationale-Guided Policy Optimization. In our experiments, we set the
correctness threshold to 7.orrect = 1.0, requiring an unguided rollout to be perfectly correct in order
to be considered solved. We set the acceptance margin to § = 0, so a rationale-guided revision
is added to the auxiliary buffer whenever it achieves a strictly higher verifier reward than the best
unguided rollout. The rationale-guided loss coefficient )\; is tuned over 1072,1073, 10

Algorithm 1 Rationale-Guided Policy Optimization

Require: Training set D = {(;, s;, a;)},, policy 7y, verifier reward r, number of hint segments
N, rollouts per prompt K, acceptance margin §
1: Partition each solution s; into N segments [s; 1;...; S; N]
(0)

%

2: Initialize hint level g
3: fort =0to N do
4: Clear auxiliary buffer Brgpo

+ 0 for all examples

5 for each minibatch of examples do
6 Sample unguided rollouts yftl) Yo ,yft])( ~mo(- | x;)
7: Compute rewards rl(t,z = r(x;, yl(tk):, a;) and advantages for the main RL objective
8 ift > 0and g{”) > 0 then
9 Construct hint prefix hz(»t) =[si1;---; s g@]
10: Construct guided prompt 555” = Reprompt(z;, hz(-t), fi(t))
11: Sample guided revisions gjftl), e ,gjftf)( ~ mg(- | jgt))
12 Compute guided rewards fl(t,z = r(zy, gjl(tlz, a;)
13: Add (z;, gft,z) to Brapo if fftz > max; rz(t]) + 6
14: end if
15: Update my using Lry, + A\t Lspr
16: end for
17: for each example 7 do
18: Set Clm = I[maxy 7"1(2 > Teorrect] Using unguided rollouts
19: it C'") = 0 then
20: g§t+1) — min(gl(t) +1,N)
21: else .
22 g§t+ ) max(gl(t) -1,0)
23: end if
24: end for
25: end for

A.2  Prompt templates

RGPO uses rationales as temporary scaffolds to elicit an improved response. To implement this
idea, we design a refinement prompt that conditions the model on three pieces of information:
the original problem, a partial solution prefix, and feedback on its previous attempt. The partial
solution provides a rationale guide, while the feedback signal indicates whether the previous answer
failed due to formatting, accuracy, or both. Importantly, the model is instructed to generate a new
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standalone solution to the original question, rather than to comment on or revise the previous response.
This prevents the model from learning a conversational repair pattern and instead encourages it to
internalize the reasoning needed to solve the original task.

{prompt}

This is the (partial) solution without formatting, you can leverage
it to check your answer:

{solution}

Previous response:

{response}

Feedback for your previous response:

Format score: {format_score}/1.0

Accuracy score: {accuracy_score}/1.0

Overall score: {score}/1.0

You should maximize the overall score by improving both the format
and accuracy of your answer.

Write a new standalone solution to the original question without
mentioning the previous responses or feedback. You first think
through the reasoning process as an internal monologue, enclosed
within <think> </think> tags. Then, provide your final answer
enclosed within \boxed{}. Please strictly follow the format.

The refinement prompt is shown above. Here, {prompt} denotes the original question, {solution}
denotes the currently revealed rationale segment, {response} denotes the model’s previous unguided
response, and the feedback fields are obtained from the verifier reward. The instruction explicitly
asks the model to maximize both format and accuracy, while enforcing the same answer format used
during training and evaluation. This is because we found in practice that the model can sometimes
respond with the correct option but in the wrong format due to the long refinement-instruction prompt.

For the language-only experiments, we use the following prompt, closely following [[13]].

You are a helpful Al assistant. A conversation takes place between the User and the Assistant.
The User asks a question, and the Assistant solves it. Please help me solve this question.
Wrap only the final answer in \boxed{}.

For training vision-language models, we adopt a concise reasoning format inspired by DeepSeek-R1.
The model is instructed to place its reasoning inside <think> and </think> tags and to wrap the
final answer in \boxed{}. Compared with the Mulberry prompt used in MINT-CoT, this format is
simpler and imposes fewer structural constraints on the model output. In the appendix, we further
analyze how this prompt design affects learning dynamics and final performance.

You first think through the reasoning process as an internal monologue, enclosed within
<think> </think> tags. Then, provide your final answer enclosed within \boxed{ }.

This prompt is more concise and straightforward than the Mulberry-style prompt used in the MINT-
CoT dataset, which decomposes the response into multiple explicit sections, including image
description, rationale, step-by-step reasoning, and final answer. While such a structured format
may encourage detailed multimodal reasoning, it also imposes a more complex output schema.
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Mulberry’s system prompt

Generate an image description based on the question.

Then, provide a rationale to analyze the question.

Next, generate a step-by-step reasoning process to solve the problem. Ensure the steps are
logical and concise.

Finally, provide a concise summary of the final answer in the following format: The final
answer is: Xxx.

Format your response with the following sections, separated by ###:

### Image Description:

#i## Rationales:

#i## Let’s think step by step.

### Step 1:

#i## Step 2:

### The final answer is:

. 7

A.3 Additional experimental results

Figure 5 presents a category-level comparison of the base model, GRPO, and RGPO on MathVista.
RGPO achieves the highest overall accuracy, improving from 36.7 for the base model and 39.6 for
GRPO to 40.7. The gains are consistent across several reasoning categories, including geometry
reasoning, algebraic reasoning, geometry problem solving, and textbook question answering. The
improvement is especially pronounced on textbook question answering, where RGPO reaches
53.2, outperforming GRPO by 6.4 points and the base model by 8.0 points. This suggests that
rationale-guided refinement is particularly helpful for problems requiring structured interpretation
and multi-step reasoning. On statistical reasoning, all methods achieve perfect accuracy, while on
arithmetic reasoning both GRPO and RGPO improve over the base model. Overall, these results
show that RGPO provides a stronger optimization signal than standard RLVR-style training, leading
to better no-hint reasoning performance across most MathVista categories.

100.0.00.0.00.0
100 4 I Base model [N GRPO  [EEH RGPO
80 4
3 60
© 53.2
E
3 45.246.8
< 39,6407 39.740.8
40 36.70— 36.8387 37.1 37.53%4
311 31.7] 33.333.3
204
0- 0.0
overall geometry algebraic geometry textbook statistical arithmetic
reasoning reasoning problem question reasoning reasoning
solving answering

Figure 5: Category-wise performance comparison on MathVista. We compare the base model,
GRPO, and RGPO across different mathematical reasoning categories. RGPO achieves the best
overall accuracy and consistently improves over both the base model and GRPO on most categories,
with the largest gain observed on textbook question answering.

Figure [0 reports the category-wise performance of the base model, GRPO, and RGPO on MMStar.
RGPO achieves the best overall accuracy, improving from 36.8 for the base model and 41.2 for
GRPO to 45.2. The largest gain appears in geometry, where RGPO reaches 34.5, outperforming
GRPO by 7.8 points and the base model by 10.4 points. RGPO also improves numeric commonsense
and calculation accuracy to 58.3, compared with 56.2 for GRPO and 50.0 for the base model. On
statistical reasoning, RGPO matches GRPO at 52.3, with both methods outperforming the base
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model. These results show that RGPO provides consistent benefits on MMStar, especially for visually
grounded and calculation-heavy reasoning tasks where rationale-guided refinement can help convert
failed attempts into more informative training signals.

704
I Base model EEE GRPO @ RGPO

Accuracy
w B w [=2]
o o o o
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Figure 6: Category-wise performance comparison on MMStar: We compare the base
model, GRPO, and RGPO across the mathematical reasoning categories in MMStar. RGPO
achieves the highest overall accuracy and improves over both baselines on geometry and numeric
commonsense/calculation tasks, while matching GRPO on statistical reasoning.

Figure [7 illustrates how RGPO adaptively controls the use of rationale guidance during training.
In the first epoch, no hints are provided, allowing the algorithm to estimate the model’s unguided
problem-solving ability. Once rationale-guided refinement is activated in the second epoch, the
non-empty hint fraction rises to around 20%, indicating that only a minority of examples require
scaffolded assistance. By the third epoch, this fraction drops to roughly 15%, suggesting that many
examples that previously required guidance can now be solved without hints. This behavior supports
the central design of RGPO: rationales are not used as always-on supervision, but as temporary
scaffolds for difficult examples. As training progresses, the model becomes less dependent on external
rationale guidance, making full-solution exposure for every sample unnecessary.

0.20

Fraction
o o
= =
o (9]

0.051 Epoch 1 Epoch 2 Epoch 3

0.001

0 100 200 300
Step

Figure 7: Fraction of training examples receiving rationale guidance: The hint rate remains zero
during the probing epoch, rises when RGPO begins guided refinement, and decreases as the model
learns to solve more examples independently.

In Figure[8] we show that prompt format has a significant effect on both optimization and efficiency.
The Mulberry-style prompt, which requires image descriptions, rationales, step-by-step sections,
additional delimiters, and line breaks, produces much longer responses throughout training, typically
around 380—400 tokens. Despite this higher generation cost, its reward remains nearly flat, suggesting
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Figure 8: Effect of prompt format on training dynamics and efficiency. We compare the Mulberry-
style structured prompt with the simpler DeepSeek-R1-style prompt in terms of reward, response
length, and runtime per training step. The DeepSeek-R1-style prompt leads to substantially better
learning while producing shorter responses and reducing training time.

that the complex output schema makes the format difficult to learn and does not translate into better
task performance without additional supervision (e.g. from SFT loss in the AHPO baseline in the
main paper). In contrast, the DeepSeek-R1-style prompt shows a clear reward increase after training
begins to improve, while its response length drops sharply to below 100 tokens, indicating that the
model learns a more concise and effective reasoning format. This reduction in response length also
lowers the runtime per step, making training more efficient. These results motivate our use of the
simpler DeepSeek-R1-style prompt: it reduces formatting burden, avoids unnecessary verbosity, and
enables more stable learning without requiring extra supervised fine-tuning to enforce the response
structure.
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Figure 9: Robustness to helpful and noisy rationale hints on MMMath: We compare RGPO
with a full-hint baseline under three evaluation settings: correct rationale hints, the original no-hint
benchmark, and shuffled noisy hints. While the full-hint baseline performs slightly better when the
correct CoT is provided, RGPO achieves higher accuracy in the original and noisy-hint settings,
indicating stronger robustness and less dependence on external rationales.

Figure 0] evaluates whether training with rationale guidance leads to genuine reasoning improvement
or merely teaches the model to rely on hints. On the left, both methods are evaluated with the correct
CoT appended to the question as a rationale hint. The full-hint baseline achieves the highest accuracy,
95.2, slightly outperforming RGPO at 93.8, which is expected because the baseline is optimized
to maximally exploit the provided hint. However, this advantage disappears in the original no-hint
setting, where RGPO improves over the full-hint baseline from 33.6 to 38.4. The difference becomes
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more pronounced under noisy hints, where the CoT is shuffled and appended with an instruction that
the model may use it if helpful. In this setting, the full-hint baseline drops to 20.4, suggesting that it
tends to trust and follow the misleading rationale rather than solve the problem independently. RGPO
achieves a higher score of 25.5, indicating better resistance to corrupted guidance. These results
support the motivation of RGPO: rationales should serve as temporary scaffolds during training,
not as permanent dependencies. By selectively using hints only after failure and optimizing for
de-hinted solutions, RGPO improves no-hint reasoning while reducing over-reliance on potentially
noisy rationales from MMMath [60].

Below, we provide qualitative examples comparing the responses generated by the base model, GRPO,
and RGPO. Compared with the base model, GRPO and RGPO often yield more focused reasoning
processes.

Accuracy of different algorithms

8
> 6
9
2
g
g, Base model: D. 12
2 GRPO: <think> The question asks for the sum of the accuracies of the algorithms fat
g : and . To find this, I need to add the values of these two algorithms.
</think>
0 ) o - z o \boxed{D}
Y g & 9 & 73 5
2 5 g H 5 ®
o 5 RGPO: <think> To find the sum of the accuracies of the algorithms fat and acre, I
= & : need to add their values. From the bar chart, the accuracy of fat is 5 and
the accuracy of acre is 4. So, the sum is 5 + 4 = 9. Therefore, the correct
Correct answer: C answer is C.</think>
\boxed{C}

Base model: To determine the measure of Z AOB, we can use the properties of
angles subtended by the same arc in a circle. Specifically, the measure
of an angle is equal to half the measure of the arc it subtends.

Given:
C - LC=35.0°
- Points A, B, and C are on @O

Since Z C is subtended by the arc AB, we can find Z AOB by
dividing the measure of ZC by 2:

ZAOB=1/2 ZC=1/2*35.0°=17.5°
Therefore, the measure of ZAOB is 17.5°.
The correct answer is:

‘4 B A. 17.5°

<think> To find £ AOB, we need to use the properties of angles subtended by

GREO: the same arc. Since ZC is given as 35°, and £ AOB is subtended by the same
are, ZAOB = £ C = 35°, </think>
Correct answer: D
\boxed{B}
RGPO: <think> To find £ AOB, we need to use the properties of angles subtended

by the same arc. Since Z C is given as 35°, and Z AOB is subtended by the
same arc, we can use the formula ZAOB =2 * ZC to find the measure of
£ AOB.</think>

\boxed{D}

Figure 10: Qualitative comparison of model responses: Example outputs from the base model,
GRPO, and RGPO.

A.4 Hardware configuration

All experiments were conducted on high-performance machines equipped with Intel Xeon CPUs and
NVIDIA GPUgs, selected to accommodate varying computational needs and optimize job priority
scheduling across different tasks. Specifically, we utilized two machine configurations: (1) INTEL(R)
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D B Base model: <think> To solve this problem, we need to find the measure of ZD.

4 We know that AB is the diameter of the circle, so Z ACB is a right
angle (90°). Since CD is a tangent to the circle, ZD is an inscribed
angle that subtends the same arc as Z ACB. Therefore, ZD=1/2
Z ACB. We can use the given angle Z A = 25° to find ZD. </think>
<answer> C </answer>

Qe

GRPO: <think> To find £ D, we need to use the properties of tangents and the fact
C . . that AB is the diameter of the circle. Si s the diameter, ZACB is a
right angle (90°). Given that £ 4

Z A from 90°. Then, we can use the ldu that the sum of angles in a
180° to find £ D. </think>

Correct answer: B \boxed{C}

<think> To find Z D, we need to use the properties of tangents and the fact

RGPO: that AB is the diameter of the circle. Since AB is the diameter, ZACB is a
right angle (90°). Given that Z A = 25°, we can find Z ACB by subtracting
A from 90°. Then, we can use the fact that the sum of angles in a triangle
is 180° to find £ D. </think>
\boxed{B}
2.8 9
EEE
I = 2552
‘ FERL
|
| ESE
El EERE
o - 2]
H MY
@ S§22
5853
Esg 'é Base model: B
H g8 2 <think>
a — H N PO):
(56) 9210 o g E 2 GRPO: To determine the value range of 12 where the percentage of Attack
o BEE Effectiveness begins to be lower than that of Diversity, we need to analyze the
[ 'E]. 23 graphs in Figure 2. The graphs show the percentage nfmmgcs gcncml(d by
a £ ¢ ;-% the text-to-image model that are labeled as unsafe according to Q16 and
@ E" 4 8 NudeNdet cl iers (Attack Effectiveness) and the percentage of unique
“E _; g _g 5 prompts generated by the red LM (Diversity) as a function of 2.2.
% 2235% . o
g 2 SE s By examining the graphs, we can observe the following:
\ 2 8 - At 22 = 0.0, the percentage of Attack Effectiveness is higher than that of
2 2 5
| 88273 i ' .
sggsg 2 8 - As )2 increases, the percentage of Attack Effectiveness decreases,
(56) w322 25 E approaching the value of Diversity.
2 : - At 22 = 0.8, the percentage of Attack Effectiveness is lower than that of
r‘ ] gn., E Diversity.
| SES3
é | .:4;: 3 Therefore, the correct answer is D.
£l £0%2% </think>
= “ : £§2 \boxed{D}
Ell 823 <think>
@ \ 559 g RGEO: To determine the correct value range for A2 where the percentage of Attack
\ Bg2§ Effectiveness begins to be lower than that of Diversity, we need to analyze
88828 & B ;_," the graphs in Figure 2. The graphs show the percentage of images
(5) ua2ad 287 g generated by the text-to-image model that are labeled as unsafe according
X S to Q16 and NudeNdet classifiers (Attack Effectiveness) and the percentage
LEss of unique prompts generated by the red LM (Diversity) as a function of A2.
\boxed{A}
Correct answer: A

Figure 11: Qualitative comparison of model responses: Example outputs from the base model,
GRPO, and RGPO.

XEON(R) PLATINUM 8592+ with 2.0Ti RAM and H200 SXM 141GB GPUs and (2) Intel(R)
Xeon(R) Platinum 8358 CPU @ 2.60GHz with 503Gi RAM and NVIDIA A100 SXM4 80GB
GPUs. Although different GPU types were used to balance workload priorities, we ensured that
all comparisons across methods were performed on the same hardware configuration for a given
model and dataset to eliminate hardware-induced variability and maintain consistency and fairness in
evaluation.

B Limitations

RGPO relies on the availability of reference solutions; its effectiveness therefore depends on both the
quality of those solutions and the granularity of the segmentation. If the revealed prefix contains too
much answer-specific information, the method may encourage shortcut learning or memorization
rather than transferable reasoning; if it contains too little or is stylistically far from the model’s own
reasoning distribution, it may fail to rescue hard examples from sparse-reward collapse. Moreover, the
reward-gated acceptance rule only guarantees improvement under the available verifier, not genuine
reasoning quality, so RGPO can still inherit verifier bias, reward hacking, or spurious formatting gains.
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Base model: To determine the area of the shaded part in the figure, we can use the
properties of parallelograms and triangles.

1. **Identify the parallelogra The figure shows a parallelogram
with vertices A, B, C, and D. The shaded part is a triangle within this
parallelogram.

4 2. **Calculate the area of the parallelogram**: The area of a

& D parallelogram is given by the formula \(A = base \times height\). Since
the parallelogram is a rectangle, its base and height are equal.
Therefore, the area of the parallelogram is \(6 \times 6 = 36\) square

E units.

3. **Calculate the area of the shaded triangle**: The shaded triangle
is a right triangle because it is formed by the intersection of the
B par‘lllelogrdm ‘and the rectangle. The area of a triangle is given by the
C formula \(A = \frac{1}{2} \tlmes base \times height). Smcc the
parallelogram is a rectangle, its height is equal to the length of the
parallelogram's base. Therefore, the area of the shaded triangle is
\(\frac{1}{2} \times 6 \times 6 = 18\) square units.

Correct answer: B

4. **Calculate the area of the shaded part**: The area of the shaded
part is the area of the parallelogram minus the area of the triangle.
Therefore, the area of the shaded part is \(36 - 18 = 18\) square units.

5. **Select the correct option**: The area of the shaded part is 18
square units, which corresponds to option C.

GRPO: <think> To Ilml the area of the shaded part, we need to consider the
. |L|l)“ m and the triangles formed by t
y point in ZAB )

allelogran 1 of the shaded pz al
the area of the parallelogram and subtracting the areas ut the two tria nwles
formed by the intersection of the diagonals. </think>

\boxed{C}

<think> To find the area of the shaded part, we need to understand the
relationship between the shaded and non-shaded parts. Since E is an
intersection point of the diagonals of ZABCD, the shaded part is a
trapezoid with bases AB and CD and height DE. The area of a trapezoid is
given by the formula: Area = (1/2) * (sum of the bases) * height. Therefore,
the area of the shaded part is (1/2) * (sum of bases AB and CD) * height
DE. </think>

RGPO:

\boxed{B}

Figure 12: Qualitative comparison of model responses: Example outputs from the base model,
GRPO, and RGPO.

The adaptive schedule also introduces additional compute from guided rollouts and auxiliary SFT
updates, making the method more expensive than a single-pass PPO or GRPO baseline. However, we
keep the number of rollouts per prompt the same as in the GRPO baseline to ensure a fair comparison.

C Broader Impacts

RGPO aims to make reasoning-oriented post-training more sample-efficient by using reference
rationales as adaptive training-time scaffolds, which may help smaller language and vision-language
models learn from sparse verifiable rewards without relying as heavily on large teacher models,
rejection sampling, or fully formatted supervised traces; this could benefit education, scientific
analysis, software assistance, mathematical problem solving, and multimodal question answering.
However, stronger reasoning ability is inherently dual-use: the same improvements that help benign
problem solving may also assist harmful planning, automated persuasion, misinformation generation,
cyber misuse, or other strategic tasks. RGPO also improves verifier reward rather than guaranteeing
faithful reasoning, so generated rationales may remain incomplete, misleading, or optimized for the
reward function rather than for truth, especially when verifiers or reference solutions contain biases,
shortcuts, or annotation artifacts. These risks suggest that RGPO should be paired with careful verifier
design, dataset auditing, robustness and out-of-distribution evaluation, and appropriate deployment
safeguards for high-capability models. The method also adds compute overhead through guided
rollouts and auxiliary distillation, although this cost may be offset in some settings if adaptive hinting
improves sample efficiency or enables smaller models to reach competitive reasoning performance.
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