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Abstract

Reinforcement learning for multi-step reasoning
with large language models (LLMs) often relies
on sparse terminal rewards, leading to poor credit
assignment conditions where the final feedback
is evenly propagated across all intermediate de-
cisions. This results in high gradient variance,
unstable training, and numerous ineffective up-
dates, ultimately causing the model to fail and
preventing sustained improvement. We introduce
a counterfactual comparison-based credit assign-
ment framework, which samples multiple reason-
ing trajectories under the same input. By treat-
ing their differences as an implicit approximation
of alternative decisions, we construct an implicit
process-level advantage estimator that transforms
sparse terminal rewards into step-sensitive learn-
ing signals. Based on this, we propose Implicit
Behavior Policy Optimization (IBPO), which sig-
nificantly improves training stability and perfor-
mance upper bounds on mathematical and code
reasoning benchmarks, pointing to a promising
direction for unlocking the performance potential
of LLMs.
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Figure 1. Overview of IBPO, a counterfactual trajectory compari-
son framework for process-level credit assignment under sparse
terminal rewards. By contrasting multiple reasoning paths sampled
from the same input, IBPO derives implicit step-sensitive learning
signals that improve optimization stability and sample efficiency
in LLM reinforcement learning.
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Recent advances in large language models (LLMs) have led
to remarkable gains in complex multi-step reasoning tasks,
particularly when fine-tuned with reinforcement learning
(RL). RL has emerged as a key paradigm for extending LLM
capabilities, enabling models to solve increasingly challeng-
ing problems such as competition-level mathematics and
program synthesis through deeper, longer reasoning chains.

However, scaling RL for reasoning requires training to re-
main stable and sample-efficient under increasing compute
budgets. Despite this need, leading RL methods—such
as Group Relative Policy Optimization (GRPO) (Shao
et al., 2024)—still optimize policies using sequence-level
or trajectory-level rewards. This creates a fundamental mis-
match between the learning signal and the inherently step-
wise nature of reasoning.

In multi-step reasoning, correctness hinges on a sequence
of intermediate decisions. Sequence-level supervision, how-
ever, rewards entire trajectories based on the final answer:
trajectories with flawed reasoning may still receive posi-
tive reward if the final output is correct, while otherwise
correct reasoning with a single local mistake can be en-
tirely discarded. This coarse-grained feedback impairs the
model’s ability to distinguish between early and late errors,
disrupts credit assignment, destabilizes learning, and limits
exploration of alternative reasoning paths. The problem is
especially pronounced for long-horizon or difficult tasks.
Furthermore, even a single local error can require extensive
sampling and updates to be statistically corrected, introduc-
ing a significant efficiency bottleneck—commonly referred
to as learning tax.

In this work, we propose a counterfactual learning approach
to address credit assignment under sparse terminal rewards.
Even without step-level supervision, discrepancies between
reasoning trajectories sampled under the same input nat-
urally encode process-level information. Divergences be-
tween these trajectories implicitly reflect how alternative
intermediate decisions may lead to different outcomes. By
systematically comparing these counterfactual paths and
aligning their differences with final outcomes, we construct
more informative learning signals that are sensitive to inter-
mediate decisions.

Based on this insight, we introduce Implicit Behavior Pol-
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icy Optimization (IBPO), a process-level credit assignment
formulation induced by counterfactual trajectory compar-
ison. IBPO defines a generic multi-trajectory comparison
operator and uses it to construct an implicit advantage es-
timator. This estimator reweights terminal rewards based
on trajectory-level disagreements, reducing gradient vari-
ance and amplifying learning signals near frequent decision
errors. IBPO does not rely on step-level labels, external ver-
ifiers, or additional value networks, and can be seamlessly
integrated with existing sequence-level RL optimizers while
improving convergence stability and sample efficiency.

Contributions. Our main contributions are as follows:

¢ Counterfactual credit assignment modeling. We in-
troduce a counterfactual learning perspective on credit
assignment in LLM RL, viewing multiple reasoning
trajectories from the same input as approximations of
alternative decisions. We show that inconsistencies
between these trajectories encode key information for
process-level learning, even without step-level rewards.

» Implicit process-level advantage and the IBPO for-
mulation. We formalize a generic multi-trajectory
comparison operator and use it to construct an implicit
process-level advantage estimator, leading to the IBPO
formulation.

¢ Theoretical analysis of variance reduction and pos-
itive transfer. We analyze how counterfactual trajec-
tory comparison reduces gradient variance and ampli-
fies learning signal in high-error regions. We show this
mechanism induces backward transfer to underlying
reasoning skills and mitigates the learning tax.

¢ Mechanism-driven empirical validation. We evalu-
ate IBPO across a range of math and code reasoning
benchmarks. Experiments show that IBPO consistently
improves convergence, sample efficiency, and early er-
ror correction, outperforming strong baselines under
matched compute.

2. Related Work

Group Relative Policy Optimization (GRPO).
GRPO (Shao et al., 2024) is a recent reinforcement
learning algorithm developed for fine-tuning large language
models (LLMs) on reasoning tasks, achieving strong results
in systems such as DeepSeek-R1 (Guo et al., 2025). GRPO
leverages group-wise sampling to estimate group-relative
advantages, replacing explicit value modeling as in PPO.
This leads to faster and more compute-efficient training.
However, GRPO suffers from issues such as entropy col-
lapse, reward collapse, and unstable convergence (Yu et al.,
2025), largely due to its reliance on the assumption that final

rewards can fully characterize reasoning trajectories. This
assumption often breaks down in long-horizon reasoning,
where the model’s success hinges on a sequence of
interdependent steps, leading to ill-posed credit assignment
and inflated gradient variance.GSPO (Zheng et al., 2025) is
an improvement over GRPO that changes the importance
ratio to be computed at the sequence level.

Self-Correction Strategies. Self-correction has emerged as
a promising way to enhance reasoning capabilities. For in-
stance, Selective Reflection-Tuning (Li et al., 2024) enables
models to perform reflexive evaluation over multiple candi-
date responses and fine-tune on the best ones via supervised
learning.

Reward Modeling. Reward models are critical for en-
abling robust System-2 reasoning but remain difficult to
construct. Recent directions include LLM-as-a-Judge frame-
works (Zheng et al., 2023; Qi et al., 2024), outcome reward
models (Yang et al., 2024; Yu et al., 2023), and process
reward models (PRMs) (Lightman et al., 2023) that offer
step-level feedback for complex tasks (Luo et al., 2024;
Wang et al., 2024b). However, PRMs face key limitations:
high annotation costs, low generalizability, and noisy sig-
nals from automated methods such as Monte Carlo sampling
or MCTS (Kang et al., 2024; Wang et al., 2024a). Human-
annotated datasets like PRM800k (Lightman et al., 2023) are
costly to scale, and existing automated labeling approaches
often yield noisy or inconsistent reward scores. In contrast,
our IBPO method sidesteps the need for fine-grained la-
bels while still providing effective process-level supervision
through implicit comparison.Unlike prior methods, our ap-
proach does not assume that rewards can be decomposed
into step-wise reward signals.

SCoRe (Kumar et al., 2024) recycles previously generated
responses and prompts the model to identify errors in ear-
lier outputs. It improves reasoning accuracy through multi-
round reinforcement learning, but incurs lower training effi-
ciency due to repeated generation and optimization cycles.

3. Method

3.1. Problem Formulation

We consider a multi-step reasoning reinforcement learning
problem with terminal rewards. Given an input z, a policy
Ty generates a reasoning trajectory of length 7":

7= (ay,a2,...,ar), ar~7e(- |z, a<), )

where a; denotes the decision generated at step .

The environment provides only a sequence-level reward
upon trajectory completion:

R(r) € [-1,1]. 2)
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In most reasoning tasks, R(7) is typically sparse (e.g., bi-
nary correctness of the final answer) and offers no explicit
step-level supervision.

The standard policy gradient objective is:

T
VoJ(0) =E r, |A(T) Z Vologmg(as | x,a<t)
t=1

3)

In multi-step reasoning tasks, the core challenge lies not in

the sparsity of the reward itself, but in the highly unstable

credit assignment of terminal rewards to early decisions.

When a local error occurs at an early step, its effect often

propagates and amplifies cascadingly through subsequent

reasoning steps. However, this error is reflected only indi-

rectly through the terminal reward, resulting in extremely

noisy gradient signals whose variance grows significantly
with trajectory length.

IBPO as a formulation, not an implementation. We
emphasize that IBPO is a training framework for credit
assignment under sparse terminal rewards, rather than a spe-
cific correction or rewriting algorithm. Its core contribution
lies in identifying counterfactual trajectory comparison as
a general mechanism for inducing implicit process-level
learning signals. Specifically, the multi-trajectory compar-
ison operator M in our framework is an abstract operator
designed primarily to extract differences among trajectories
and generate learning signals that reflect process-level de-
cision disparities. The IBPO formulation does not depend
on specific implementation details such as how counterfac-
tual differences are computed or the exact mechanism used
for comparison. The operator M can be instantiated in
various ways—for instance, through consistency scoring,
relative ranking, or error detection—but these constitute im-
plementation specifics rather than components of the IBPO
framework itself. Therefore, the core contribution of IBPO
is its framework-level design, while concrete instantiations
can be customized according to task requirements.

Specific mechanisms such as comparison via correction,
validator-based ranking, or consistency scoring should be
regarded as instantiations of the comparison operator em-
ployed within the IBPO framework. Our theoretical analysis
and optimization formulation apply to any instantiation that
produces trajectory-dependent comparison signals sensitive
to counterfactual differences.

3.2. Counterfactual Trajectory Comparison

Role of counterfactual trajectory comparison and op-
erator M. The core idea of IBPO is to sample multiple
reasoning trajectories from the same input and leverage their
discrepancies as counterfactual approximations to construct
process-sensitive learning signals. Specifically, we sample

G trajectories from the policy. Fully correct trajectories re-
quire no additional signal; for each erroneous trajectory 7;,
we form a K -tuple by pairing it with K —1 correct trajecto-
ries. When correct trajectories are insufficient, we duplicate
them to reach the required count; if none exist, we randomly
select incorrect trajectories as replacements.

A

LT ~mg( ] ), K > 2. 4)

We introduce a multi-trajectory comparison operator
M AL s(n) € [0,1), 5)

where each component s(7;) represents a comparison-
induced signal associated with trajectory Ti(k), summarizing
its intermediate decisions relative to other counterfactual tra-
jectories (e.g., in terms of relative consistency, recoverabil-
ity, or divergence-aware quality). The operator M can be
implemented through various mechanisms followed by vali-
dation against rule-based rewards to avoid circular reasoning
and potential reward manipulation or self-confirmation bias.
The IBPO formulation only assumes that s(7;) is sensitive

to counterfactual differences among {Ti(k‘)}.
Per-trajectory shaping function. Given the comparison
output s(7;) = M({Ti(k) S 1), we define a per-trajectory
shaping function:

0 if 7; is correct,
¢i = . (6)
s(7;) € [0,1] otherwise.

¢ is validated against rule-based rewards to avoid circu-
lar reasoning and potential reward manipulation or self-
confirmation bias. This function maps the comparison sig-
nal to a scalar shaping term for trajectory 7;. Importantly,
¢; depends on 7; only through its relationship with other
counterfactual trajectories and requires no explicit step-level
annotations or value estimates.

3.3. Implicit Process-Level Advantage Estimation

To inject comparison signals into sequence-level optimiza-
tion, we construct an implicit process-level advantage to
replace the coarse-grained feedback determined solely by

R(). For a candidate trajectory Ti(k), we define its shaped

reward as:

Ri(x) = R(7:) + X (7)
where 0 < A ¢; < 1, with A ¢; = 0 when R(r;) = 1, and
A ¢; being a positive value less than 1 when R(7;) = —1.

Although R) remains a sequence-level scalar, its value is
conditioned on counterfactual comparisons across multi-
ple trajectories, thereby statistically encoding process-level
credit information.
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We center \ ¢; via within-group advantage normalization:

o R}(z) — mean ({R}(2)}% ;)
SRTY (T

®)

3.4. Mechanism: Counterfactual Comparison as an
Implicit Control Variate

Multi-trajectory counterfactual comparison implicitly con-
structs a process-sensitive advantage estimator that captures
the relative contribution of intermediate decisions to the
terminal reward. This estimator is statistically correlated
with the unobserved process-level contributions. From the
perspective of policy gradients, it acts as an implicit control
variate: by contrasting counterfactual trajectories instead of
treating fully and partially incorrect reasoning as equivalent,
it redistributes the effective influence of the terminal reward
across intermediate decisions, thereby reducing the variance
of the advantage estimate and stabilizing optimization.

Testable predictions. If counterfactual comparison in-
deed functions as an implicit control variate, we expect to
observe the following empirical phenomena: (i) reduced
training reward fluctuations and smoother evolution; (ii)
faster attainment of a fixed performance threshold under
matched computational budgets; and (iii) more stable con-
vergence behavior throughout training iterations (e.g., re-
duced fluctuations in the training reward curve). These
predictions are directly verified in Figure 2 through training
curves and convergence analyses under matched computa-
tional conditions.

3.5. Mechanism: Positive Backward Transfer via
Multi-Task Learning

Counterfactual trajectory comparison does not directly pro-
vide the model with explicit error labels. Instead, by con-
trasting the differences among multiple reasoning paths,
potential errors become more salient during the comparison
process. When this comparison behavior is jointly optimized
with the base reasoning task during training, the auxiliary
comparison task induces positive backward transfer to the
original reasoning task from a multi-task learning perspec-
tive: the model learns to suppress local errors more rapidly,
thereby accelerating convergence on the base task. This
mechanism reduces the number of ineffective updates re-
quired to correct local errors and alleviates the learning tax
commonly observed in prolonged reinforcement learning.

Testable predictions. This mechanism specifically pre-
dicts significant gains on difficult reasoning tasks, partic-
ularly in settings where correct trajectories are extremely
scarce and the training signal is dominated by sparse ter-
minal rewards. Specifically, we expect to observe faster

convergence and more stable training dynamics on challeng-
ing benchmarks. These effects are validated in Figure 2,
where GSPO exhibits substantially larger fluctuations on
the more difficult LiveCodeBench task, while IBPO demon-
strates a markedly smoother training curve.

Proposition 3.1 (Process-Level Advantage Estimation Ef-
ficacy of IBPO). For any multi-step reasoning task, as-
sume a policy gy that, given input x, generates G trajec-
tories {7; Y|, where each trajectory T; corresponds to a
sequence-level reward R(T;). For each incorrect trajectory
T, a comparison signal s(T;) is generated via counterfac-
tual comparison against K — 1 correct trajectories and
mapped to a shaped reward R}(x).

Under the assumption that the shaping function ¢; provides
informative step-wise signals along suboptimal trajectories,
the variance of the policy gradient estimator for any trajec-
tory T; is substantially reduced compared to episode-level
reward baselines. Specifically, ¢; suppresses gradient noise
while amplifying learning signals for early-stage decisions,
thereby enhancing training stability and accelerating con-
vergence.

Proof. By introducing the multi-trajectory comparison op-
erator M, we obtain a contrastive signal s;(x) from the G
trajectories, which is sensitive to the counterfactual differ-
ences between them. These differences reflect the impact
of distinct decisions within the reasoning process and are
mapped to the reward via ¢;, enabling finer-grained credit
assignment. Furthermore, the shaped reward R} (x), based
on counterfactual differences, effectively reduces the gradi-
ent variance caused by early decision errors, thus avoiding
typical training instabilities.

Specifically, ¢; provides process-level feedback on incorrect
trajectories rather than relying solely on terminal rewards,
making it more stable than the coarse-grained rewards used
in conventional methods. The detailed mathematical proof
is provided in Appendix A. O

4. Experiments

Instantiation of IBPO. As discussed earlier, IBPO pro-
vides a reward and advantage construction framework based
on multi-trajectory counterfactual comparison, rather than
introducing a new sequence-level policy optimizer. There-
fore, in concrete experiments, IBPO must be instantiated
on top of an existing sequence-level reinforcement learning
method.

In this work, we instantiate IBPO on top of GSPO. IBPO
focuses on how to construct process-sensitive advantage esti-
mates via counterfactual multi-trajectory comparison under
terminal rewards, while GSPO serves purely as a sequence-
level optimizer to carry and apply these advantage signals.
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As shown in Appendix E, we provide the detailed formula-
tion of IBPO+GSPO. We verified similar trends with GRPO;
results omitted for brevity. The specific instantiations of the
comparison operator M are provided in Appendix C.

Tasks and Datasets. We evaluate the proposed method on
a set of mathematical and code reasoning benchmarks. The
selected tasks are designed to assess the model’s capabilities
in symbolic manipulation, multi-step reasoning, domain-
specific mathematical understanding, and code reasoning.

HMMT?25 (Balunovi¢ et al., 2025), AIME25 (Mathemati-
cal Association of America, 2025) and LiveCodeBench v6
(25.02-25.05) (Jain et al., 2024) Base Model. Qwen3-32B
(Team, 2025). Qwen3-Next-80B-A3B-Thinking (Yang
et al., 2025).

We configure Qwen3-32B with 32k tokens, and Qwen3-
Next-80B-A3B-Thinking with 256k tokens. Inference is
conducted using the VLLM engine (version 0.11.2).

Baselines and Comparison Setup. We compare our in-
stantiation of IBPO on top of GSPO (Zheng et al., 2025)
(denoted as IBPO+GSPO) against the following baselines:
(1) the original GSPO; and (2) GSPO with prompt correc-
tion, where additional correction prompts are introduced
at inference time after GSPO training to generate revised
outputs.

Experiments are conducted on 32 Nvidia A800 (80G) GPUs.
The training hyperparameters are as follows: an initial
learning rate of 5 x 10~7; a cosine annealing learning rate
scheduler with a minimum learning rate ratio of 0.1; a lin-
ear warmup phase covering 3% of the total training steps;
an entropy regularization coefficient 5 = 0; 64 sampled
rollouts per input for GSPO and 8 rollouts per input for
IBPO+GSPO; and a mini-batch size of 32.

Compute-Matched Protocol.
tails.

See Appendix B for de-

Although the experiments in this paper primarily focus on
mathematical and code reasoning tasks, the formulation and
applicability of IBPO are not tied to any specific task do-
main. Its core mechanism is not multi-draft generation or
explicit correction per se, but rather the construction of mul-
tiple counterfactual reasoning trajectories under the same
input and the exploitation of differences among these tra-
jectories in terms of terminal outcomes and intermediate
decisions to induce learning signals that are more sensitive
to the reasoning process. From this perspective, IBPO is
essentially a training paradigm based on counterfactual tra-
jectory comparison, whose scope of applicability depends
only on the availability of some objective or verifiable feed-
back signal during training, rather than on the specific task
format or output structure.

In mathematics and programming tasks, the correctness of
the final solution admits a clear and automatically verifi-
able definition, making these tasks a convenient and reliable
testbed for studying the role of counterfactual trajectory
comparison in multi-step reasoning reinforcement learning.
However, for other types of tasks—such as factual ques-
tion answering, reasoning over structured knowledge, or
multi-step decision problems with well-defined terminal
conditions—it is likewise possible to design appropriate ver-
ifiable reward functions or evaluation criteria to distinguish
the terminal quality of different counterfactual trajectories.
By comparing multiple counterfactual trajectories sampled
under the same input during training and injecting the re-
sulting discrepancies into reward shaping or advantage esti-
mation, the model can statistically learn which intermediate
decisions are more likely to lead to success and which are
more likely to cause failure.

From a structural perspective, the key advantage of IBPO
lies in its modeling of counterfactual trajectory indepen-
dence and the resulting implicit process-level credit assign-
ment mechanism. This mechanism does not rely on explicit
step-level annotations or additional value models; instead,
it introduces more discriminative learning signals for the
reasoning process through multi-trajectory counterfactual
comparison under terminal-only rewards. Therefore, al-
though we have not yet provided empirical results on non-
mathematical or non-code tasks, the counterfactual trajec-
tory comparison principle and the process-level advantage
construction underlying IBPO are, in principle, applicable
to any reasoning or decision-making task with verifiable
terminal outcomes.

5. Results and Analysis

Table 4 reports performance comparisons on several rea-
soning benchmarks. For the Qwen3-32B model, the infer-
ence parameters are set to Temperature= 0.6, TopP= 0.95,
TopK= 20, and MinP= 0, while for the Qwen3-Next-80B-
A3B-Instruct model, the inference parameters are set to
Temperature= 0.7, TopP= 0.8, TopK= 20, and MinP= 0.
The compared methods include IBPO, GSPO, and GSPO
augmented with prompt-based correction.

5.1. Comparison with GSPO.

To keep the computational cost approximately matched, we
sample 64 responses per input prompt for GSPO and 8
responses per prompt for IBPO.

As shown in Fig. 2, we plot the curves of training reward and
evaluation performance as a function of increasing compute.

We also report the amount of compute required to reach
a fixed reward threshold (e.g., 0.75), where GSPO+IBPO
consistently requires fewer FLOPs.
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Method Compute @Reward=0.75
GSPO 1.00x
GSPO + IBPO 0.63x

Table 1. Based on Qwen3-Next-80B-A3B-Thinking, we measure
the compute required to reach a fixed training reward threshold
under a compute-matched setting. The results are normalized
relative to GSPO.

5.1.1. TRAINING EFFICIENCY AND STABILITY UNDER
COMPUTE-MATCHED CONDITIONS

Figure 2 presents a dynamic comparison between GSPO
and GSPO+IBPO under compute-matched conditions, in
terms of training reward as well as external evaluation per-
formance (AIME25 and LiveCodeBench). In this experi-
ment, we align the training processes of different methods
by matching their overall compute consumption, ensuring
that at any point along the horizontal axis, the total computa-
tional resources consumed by the two methods—including
model forward and backward passes as well as generation
costs—are statistically equivalent. Accordingly, the horizon-
tal axis, denoted as Training Compute, can be interpreted as
a direct measure of the actual training compute budget.

Higher compute efficiency under matched budgets. Un-
der strictly matched compute budgets, GSPO+IBPO con-
sistently achieves higher training rewards throughout the
training process and enters the high-reward regime earlier
under the same compute constraints. In contrast, GSPO
exhibits a noticeably slower improvement in reward under
equivalent compute. These results indicate that IBPO is able
to convert terminal rewards into more effective parameter
updates per unit of compute, thereby substantially improv-
ing training compute efficiency. In other words, for the same
compute investment, GSPO+IBPO yields a larger amount
of effective learning, resulting in higher overall training
efficiency.

More stable optimization dynamics. Beyond improve-
ments in average performance, the training reward curves
of GSPO+IBPO exhibit a noticeably smoother evolution un-
der compute-matched conditions, with significantly smaller
fluctuations compared to GSPO. When only sequence-level
terminal rewards are used, local reasoning errors are often
uniformly propagated back through the entire generated se-
quence via the shared terminal feedback, causing gradient
estimates to be dominated by noise from irrelevant time
steps and amplifying instability during training. By intro-
ducing shaping signals based on counterfactual trajectory
comparison, IBPO enables the model to identify error-prone
regions more rapidly and suppresses the influence of in-
effective updates on the optimization process. Although

we do not directly measure gradient variance, the observed
improvement in training stability is consistent with our theo-
retical analysis that IBPO implicitly reduces gradient noise,
reflecting a substantial mitigation of the learning tax in
reinforcement learning.

5.1.2. POSITIVE BACKWARD TRANSFER

As shown in Fig. 2, we observe that incorporating IBPO
leads to faster performance improvements and quicker con-
vergence. We attribute this behavior to the effect of positive
backward transfer. In multi-task learning, positive back-
ward transfer refers to the phenomenon where learning a
subsequent task (Task B) improves performance on a preced-
ing task (Task A), reflecting strong generalization capability.
By introducing an auxiliary task based on counterfactual
reasoning trajectory comparison, IBPO induces a significant
positive transfer effect on the primary reasoning task during
training.

Concretely, under GSPO training, the model receives only
a sequence-level reward R(y), which is uniformly propa-
gated across the entire reasoning sequence. When the final
failure is caused by only a small number of local tokens,
such supervision provides no indication of where the error
occurs, forcing the model to rely on extensive sampling and
iterative updates to gradually internalize these local errors
in a statistical sense. This substantially increases sample
complexity during learning, giving rise to the well-known
learning tax in reinforcement learning.

IBPO introduces a new auxiliary task based on counter-
factual reasoning trajectory comparison. By contrasting
inconsistencies across different reasoning paths, potential
local errors become structurally more salient, guiding the
learning process. This mechanism does not provide explicit
token-level annotations; instead, it enhances the observabil-
ity of errors through counterfactual contrast, accelerating the
model’s internalization of fine-grained reasoning mistakes.
Empirically, this positive transfer significantly improves
learning efficiency, reduces the learning tax, and enhances
convergence stability in long-horizon reasoning tasks.

5.1.3. FASTER CONVERGENCE ON DIFFICULT TASKS

In high-difficulty reasoning tasks, correct responses are of-
ten extremely rare, and the vast majority of model-generated
trajectories are incorrect. This distribution leads to highly
sparse sequence-level rewards, causing policy gradient esti-
mates to be dominated by negative samples, which in turn
slows convergence and may even destabilize training. To
address this issue, some GRPO variants apply sample trun-
cation to artificially balance the ratio between correct and
incorrect responses. However, such count-based truncation
strategies alter the original sampling distribution, thereby
breaking the consistency of importance sampling and poten-
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tially introducing additional bias.

In contrast, our method introduces an auxiliary learning
mechanism based on counterfactual reasoning trajectory
comparison. Without altering the original sampling distri-
bution, IBPO explicitly amplifies rare positive signals, en-
abling more stable and efficient policy updates. Intuitively,
IBPO transforms a small number of correct reasoning paths
into multiple informative learning signals through coun-
terfactual trajectory comparison, substantially alleviating
the learning bottleneck caused by the scarcity of positive
samples in difficult tasks.

5.2. In Comparison to GSPO with Prompt

The key difference between GSPO+prompt and
IBPO+GSPO lies in whether joint training is per-
formed. The former applies multi-trajectory comparison
and correction only at inference time after training is
completed, whereas the latter performs multi-trajectory
comparison during training and optimizes the model jointly.
Experimental results validate the effectiveness of implicit
process-level rewards.

Overall, these results indicate that IBPO not only improves
overall accuracy, but also substantially enhances model ro-
bustness across problems of varying difficulty. The consis-
tent performance gains observed across multiple datasets
further support our hypothesis.

5.3. Ablation Study
Model Variant AIME25 (%) LiveCodeBench (%) HMMT25 (%)
Full IBPO(k=2) 85.3 75.3 62.6
GSPO (baseline) 77.1 64.6 55.6
GSPO + test-time prompt 78.2 65.3 56.4
IBPO(k=1) 78.6 65.9 57.1
IBPO(Shaping Only) 80.3 70.2 59.7

Table 2. Ablation results of Qwen3-32B on AIME2S5, Live-
CodeBench, and HMMT?25. Each variant removes a key com-
ponent from the complete IBPO algorithm.

To evaluate the contribution of individual components in
IBPO, we conduct ablation studies based on the Qwen3-
32B model on the AIME?25, LiveCodeBench, and HMMT?25
datasets. Table 2 summarizes the corresponding results.

GSPO + Test-Time Prompting. Multi-trajectory compar-
ison is applied only at inference via prompting. Without
joint training, the gains introduced by IBPO are lost, lead-
ing to a significant performance drop. This result validates
the role of the positive transfer induced by IBPO and the
effectiveness of the implicit process-level reward.

IBPO (k = 1). Only a single reasoning trajectory is used.
In the absence of comparisons across multiple counterfac-

tual trajectories, accuracy drops substantially. This indicates
that inconsistencies among multiple counterfactual trajecto-
ries play a crucial role in error identification. This setting
resembles GSPO + SCoRe, where a two-stage reinforcement
learning approach is employed and tree-structured rewards
are introduced, thereby increasing the learning burden.

IBPO (Shaping Only). In this ablation, we disable the
joint training of multi-trajectory comparison but retain the
reward shaping term. This demonstrates the positive transfer
effect enabled by joint training.

A 0.4 0.6 0.8 1.0 1.2
Accuracy (%) 83.1 85.3 83.6 82.1 81.5
Training Stability Medium High Medium Low Low
Gradient Variance Medium Low Medium High High
Table 3. Evaluation results under different A values. (IBPO scores;
Qwen3-32B; AIME2)S).

We conduct a sensitivity analysis on A and observe optimal
performance around 0.6.

Overall, the ablation results clearly demonstrate that each
component of IBPO makes a meaningful contribution to the
overall performance.

6. Conclusion

We propose Implicit Behavior Policy Optimization (IBPO),
a reinforcement learning paradigm that leverages counter-
factual reasoning trajectory comparison to derive implicit
process-level learning signals from sparse terminal rewards.
By sampling multiple trajectories per input and compar-
ing their outcomes, IBPO enables stable credit assignment
without step-level supervision or auxiliary value models.

Experiments show that IBPO, when combined with
sequence-level optimizers like GSPO, consistently improves
performance and training stability on mathematical and code
reasoning benchmarks under compute-matched settings. Its
formulation is agnostic to the base RL algorithm, making
it readily compatible with GRPO variants and other policy
gradient methods—offering a scalable path toward more
robust multi-step reasoning in LLMs.

Limitations

IBPO incurs additional compute cost from sampling mul-
tiple counterfactual trajectories per input. While our re-
sults show higher sample efficiency under fixed budgets,
reducing this overhead remains important for large-scale de-
ployment. Additionally, if counterfactual trajectories share
systematic errors, the comparison signal may weaken. En-
hancing trajectory diversity or integrating external verifiers
could mitigate this.
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Ethical Considerations

This work presents no known ethical risks within its current
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Reproducibility Statement

We will release code, model checkpoints, and detailed exper-
imental configurations via an anonymous public repository
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Figure 2. Training curves fine-tuned from Qwen3-Next-80B-A3B-Thinking illustrate that IBPO achieves substantially higher training
efficiency than GSPO.

A. Theoretical Analysis: Variance Reduction Property of IBPO

To formally characterize IBPO’s advantage in credit assignment, we take representative GSPO-style methods as a baseline
and prove that, under reasonable assumptions, the implicit process-level advantage estimator constructed by IBPO exhibits
lower variance than the pure terminal-reward advantage used in GSPO, leading to more stable policy gradient updates.

We consider a set of trajectories {Ti}ici1 independently sampled from policy 7y under a fixed input z. Let:

* Y; = R(w;) € {—1,1} denote the terminal reward of the i-th trajectory (binary rewards are assumed for analytical
simplicity);

* ¢; € [0,1] be the counterfactual comparison signal introduced by IBPO, satisfying:

5 = 0, if Y; = 1 (correct trajectory);
' >0, ifY; = —1 (incorrect trajectory).

Furthermore, we assume ¢, effectively reflects the trajectory’s “recoverability” or “consistency with correct reason-
ing”—i.e., the closer an erroneous trajectory is to a correct reasoning process, the larger ¢; becomes.

Based on this, GSPO and IBPO define the following within-group advantage estimators (normalization constants are omitted
as they introduce only positive scaling factors irrelevant to variance comparison):

G
_ _ 1
AiG,SPO:Yi_Y7 whereYzaZYj’ ©
Jj=1
AEBPO _ (Yz + )\sz‘) _ (Y + )\(;5) — A?SPO + )\(qf)z — (5), (10)
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Model Benchmark Method Ace (%)
GSPO + IBPO 85.3+1.2

GSPO 77.1£1.4

AIME25 GSPO with prompt ~ 78.2+0.8

GSPO with SCoRe  78.3x1.2
GSPO with Best-of-N  77.9+0.9

GSPO + IBPO 75.3+1.1

Qwen3-32B GSPO 64.6+1.5
LiveCodeBench ~ GSPO with prompt ~ 65.3+0.9

GSPO with SCoRe  65.2+1.2

GSPO with Best-of-N  66.1+1.7

GSPO + IBPO 62.6+1.4

GSPO 55.6£1.3

HMMT25 GSPO with prompt ~ 56.4+1.6
GSPO with SCoRe  56.7+0.8

GSPO with Best-of-N  57.1+0.9

GSPO + IBPO 93.8+1.5

GSPO 90.1+1.1

AIME25 GSPO with prompt ~ 90.6+1.2
GSPO with SCoRe 90.7+1.5

GSPO with Best-of-N  91.5+0.9

GSPO + IBPO 75.3£1.3

Qwen3-Next GSPO 70.9£1.7
LiveCodeBench GSPO with prompt ~ 71.4+1.3

GSPO with SCoRe ~ 71.9+1.2

GSPO with Best-of-N  71.6x1.5

GSPO + IBPO 80.4+1.6

GSPO 75.9+1.4

HMMT?25 GSPO with prompt ~ 76.5£1.8
GSPO with SCoRe  76.3+0.9

GSPO with Best-of-N  77.2+1.4

Table 4. We present experimental results using Qwen3-32B and Qwen3-Next-80B-A3B-Thinking. For each test set, we evaluate 64 times
and report the average accuracy. We report the mean and its 95% bootstrap confidence interval (mean + 95% CI) across 5 random seeds;
the improvements over the baseline methods are statistically significant under the paired bootstrap test (p j 0.01). The total training FLOP
(floating-point operations) for all methods is matched, including the overhead for generation and comparison. The Best-of-N approach
uses N = 8.

where A > 0 is the shaping weight and ¢ = & Zle b,

We make the following key assumption:

Assumption A.1 (Negative Correlation). The terminal reward Y; and comparison signal ¢, satisfy Cov(Y;, ¢;) < 0. This
holds because correct trajectories (Y; = 1) enforce ¢; = 0, while incorrect trajectories (Y; = —1) correspond to ¢; > 0,
with larger ¢; indicating greater proximity to correct reasoning.

Theorem A.2 (Variance Reduction of IBPO over GSPO). Under Assumption A.1 and with group size G > 2, there exists
Amax > 0 such that for any X € (0, Apax):

Var (A%BPO) < Var (AZGSPO) .

Furthermore, if the policy gradient direction vector Vg log g(T; | ©) is weakly correlated with the advantage estimator (or
its norm varies slowly), the variance of IBPO’s policy gradient estimator is strictly smaller than that of GSPO:

Var [A%BPO - Vglogmg(ri | z)] < Var [AiGSPO - Vg logm(ri | )] .

Proof. From ABPO = AGSPO 4 (4, — &), we expand its variance:
Var(APFO) = Var (ASSFO + \(¢; — 9))
= Var(A$P0) + A\2Var(¢; — ¢) + 2X\ Cov(AFSPO ¢, — 4). (11)

10
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Noting that AZ-GSPO = Y; — Y, under fixed input z and sufficiently large group size G, Y and ¢ can be treated as
approximately constant (converging in probability to population means). Hence:

Cov (ASSFO ¢, — ¢) ~ Cov(Y;, ¢:) < 0,

where the inequality follows from Assumption A.1.

Let C = —Cov(Y;, ¢;) > 0and Vg = Var(¢; — ¢) > 0. Then:

Var(ABPO) < Var(AFSFO) — 20C + N2V,

This quadratic is strictly less than Var(A$STO) for A € (O, %) when V4 > 0, or for any A > 0 when V;, = 0. Setting

Amax = % with € > 0 (to avoid division by zero) guarantees strict variance reduction.

Regarding gradient variance, since Vg log mg(7; | «) is primarily determined by trajectory 7;, the shaping term A\¢; in
AIBPO injects a low-noise signal correlated with the trajectory’s process quality. This yields higher correlation with the
gradient direction than pure terminal rewards. Consequently, IBPO achieves significantly lower gradient variance in practice,
especially for long trajectories or scenarios with multiple reasoning errors. O

Discussion. This theorem shows that the shaping term A¢; introduced by IBPO’s counterfactual comparison acts as
a control variate negatively correlated with the original advantage, effectively reducing estimation variance. More
importantly, ¢; encodes process-level information, enabling advantage estimates to reflect not only whether an answer is
correct but also how severely the reasoning deviates from correctness. This enables finer-grained credit assignment and
constitutes the theoretical foundation for IBPO’s superior stability and sample efficiency observed in mathematical and code
reasoning tasks.

B. Details of Computational Budget Matching

To ensure a fair comparison, we match the overall training computational budget across different methods by considering the
following factors: (1) the number of sampled trajectories, (2) the total computational cost. Consequently, we only compare
performance under identical training computational budgets.

In our experiments, the computational budgets of IBPO+GSPO and GSPO are carefully matched to ensure fairness.
Specifically, for each prompt =, IBPO+GSPO first generates 8 responses y. For each response y;, it is concatenated with the
original input 2 and a randomly sampled correct response to form a new input, and 8 additional responses are generated for
each such augmented input. This two-stage generation process results in a per-sample computational cost for IBPO+GSPO
that is comparable to GSPO using 64 sampled trajectories per iteration. We further validate the matching by measuring total
FLOPs and comparing methods under equivalent FLOP consumption, thereby establishing a fair basis for evaluation.

C. Instantiation Details of IBPO

This appendix presents a concrete instantiation of IBPO used in our experiments, namely comparison-by-correction, together
with the integrated training procedure and implementation details when combined with GSPO. We emphasize that the
following design is a specific choice of the comparison operator M in the main text, and the core formulation of IBPO does
not depend on this particular instantiation.

C.1. Operator

Instantiation choice. In our experiments, we instantiate the generic comparison operator M using a comparison-by-
correction mechanism. We stress that this is one concrete realization of IBPO, chosen for its simplicity and effectiveness on
verifiable reasoning tasks, rather than a requirement of the IBPO formulation itself.

In our experiments, we adopt a comparison-by-correction instantiation of the operator M. Specifically, we first generate
multiple candidate reasoning trajectories, and then leverage the model itself to compare these trajectories and rewrite
them into a corrected output. This implementation can be viewed as a concrete choice of M, which maps counterfactual
divergences into a computable shaping term ¢(-). To avoid restricting the contribution of this work to a particular

11
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implementation, we defer the implementation details—such as how trajectory diversity is induced and how comparison
inputs are constructed—to the appendix.

Given two candidate reasoning trajectories/responses under the same input x, namely a target response y and a reference
response 4™, we construct a correction input & = (x;y,y"), and let the model generate a revised output conditioned on &:

g | 3), G =Clay,y™h). (12)

Prompt template. In all experiments, we use the following comparison-by-correction instruction template (which can be
slightly adapted to task formats):

You are given two candidate solutions to the same problem. Compare them step by step, identify any inconsistencies
or errors, and then produce a corrected solution and final answer.

Reference sampling. For each target response ¥ to be corrected, we sample the reference response 3 as follows: if
there exists at least one correct response within the group, we uniformly sample from the set of correct responses; otherwise,
we uniformly sample from the set of incorrect responses. This strategy is designed to provide a relatively stronger (or at
least different) counterfactual reference for comparison without introducing external supervision.

C.2. Shaping Instance: Recoverability-Induced Reward

We adopt a shaping instantiation based on recoverability to define ¢(-). Let r(z,y) € {0, 1} denote the terminal correctness
reward (i.e., whether the final answer is correct). For an incorrect response y and its corrected output 3 = C(x;y,y™), we
define the implicit process shaping term as:

Az y, y™) = 8- 1[r(z,y) =0 A r(z,9) = 1], B =0.5. (13)
The resulting shaped sequence-level reward is given by

r'(z,y) = r(z,y) + AA(z;y,y™). (14)

Why no penalty for failed correction. We do not impose an additional negative penalty for the case where r(x,y) = 0
and (z, §) = 0, in order to avoid mistakenly attributing insufficient correction ability or inadequate reference quality to the
intrinsic quality of the original reasoning. This design choice helps prevent unnecessary bias and training instability.

C.3. Trajectory Diversity and Coupling Reduction

IBPO relies on sampling multiple trajectories under the same input with sufficient diversity. In our experiments, we adopt
the following strategies to increase trajectory diversity and reduce trajectory coupling:

 Stochastic decoding. We use different random seeds, temperatures, and top-p/top-k sampling parameters.

* Prompt perturbation (optional). We apply mild perturbations to system or formatting prompts to induce trajectory-
level differences.

D. Implementation Details
Infrastructure. Experiments are conducted on 32 Nvidia A800 (80G) GPUs.

Optimization. We use an initial learning rate of 5 x 10~ with cosine decay (min ratio 0.1) and a linear warmup of 3%
total steps. Entropy regularization coefficient is set to 0.

Sampling. We use G = 64 rollouts per prompt for GSPO and G = 8 for IBPO to approximately match the overall
compute budget across methods.

12
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E. An Instantiation of IBPO: Integration with GSPO

GSPO is used solely as a carrier optimizer; replacing GSPO with GRPO or PPO does not change the formulation of IBPO.
In the previous sections, we have presented the general formulation of IBPO and its reward shaping definition. IBPO is a
training formulation that is orthogonal to the underlying sequence-level reinforcement learning method. In this section,
we describe how this formulation can be seamlessly integrated into a representative sequence-level reinforcement learning
algorithm, namely GSPO.

E.1. Preliminaries: Sequence-Level RL

We view an autoregressive language model parameterized by 6 as a policy my. Let D denote the set of queries. Given a
query x, the model generates a complete response i = (y1, . . -, ¥|y|), With sequence probability

lyl

mo(y | 2) = [ mo(we | 2, y<). (15)
t=1

We consider a general class of sequence-level policy optimization objectives:

J(e) = EZ'ND, Y~To pq Cl2) |:‘C(5(07 €T, y)v A(‘ra y)):| ) (16)
where s(0; z,y) denotes the sequence-level importance weight, and fl(x, y) is constructed from sequence-level rewards.
Methods such as GSPO and GRPO can be viewed as specific instantiations of this formulation.

IBPO does not alter the optimization form in Eq. (16), but instead reshapes the original sequence-level rewards through the
model’s self-correction process.
E.2. IBPO with GSPO: One-Pass Joint Training

At each iteration, we perform a one-pass policy update: for the same batch of queries x, we simultaneously construct the
candidate response set used for sequence-level RL and the self-correction outcomes used to evaluate recoverability. IBPO
modifies only the reward definition (by shaping it into ’), while leaving the surrogate objective of GSPO unchanged.

(A) GSPO backbone with shaped rewards. For each query =, we sample G responses {y; }$; from the old policy. The
sequence-level importance ratio in GSPO is defined as

1

mo(yi | ©) \Til
s;(0) = <) . a7
O (yl ‘ l’)
We construct group-wise advantages using the shaped rewards:
! D /
A= (w,yz/) M (18)
o

where p’ and o’ denote the mean and standard deviation of the shaped rewards within the group. The GSPO optimization

objective is given by
G

1 o
— ) min{s;(0) A4,
4 i
(19)
clip(si(6), 1 — ¢, 1 +¢) 1211)

Jaspo (9) = E:END; {wi} i ~mo 1 (1)

(B) Self-correction shaping signal. To compute the shaped reward ’(x, y; ), we construct a self-correction instance for
each incorrect response y;. Specifically, we randomly sample a reference response 3™ (if there exists at least one correct
response in the group, we sample from the correct responses; otherwise, from the incorrect ones), and ask the model to
compare and correct:

9 = C(z; i, ui). (20)
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This process introduces no additional supervision and is used solely to evaluate whether the model can correct an incorrect
response into a correct one. Based on an instantiation of Eq. (13), we define

and obtain the shaped sequence-level reward:
(@) = r(@,y) + A (22)

Although r/(z, y;) remains a sequence-level scalar in form, its value depends on the counterfactual self-correction process,
thereby implicitly encoding process-level (step-level) credit information.

(C) Joint GSPO training for correction behavior. In addition to using the implicit process reward r/(z, y) for sequence-
level optimization on the original reasoning input x, we further treat the correction behavior itself as a reasoning task
of the same policy over an expanded input space, and jointly train it using the same GSPO objective. Formally, this
procedure does not introduce a new Markov Decision Process (MDP), but simply applies the policy to different conditional
inputs (i.e., a prompt-conditioned policy).

Specifically, for each response y; whose recoverability needs to be evaluated, we construct a correction input:
~ f
T = (x5 yi, ¥0), (23)

where yzr»ef denotes the reference response. Conditioned on this input, the model generates a corrected output §; ~ mg(- | Z;)
and receives a terminal reward 7(Z;, §;) € {0, 1} based on the correctness of the final answer.

We incorporate these correction samples together with the original reasoning samples into the sequence-level optimization
of GSPO. Formally, the GSPO objective can be written as a unified expectation over a mixture input distribution:

G
join 1 . N
Jgspo(0) = Einp,, [G 2_min <3i(9) A;,
=1
(24)

)

clip(s;(6), 1 —¢, 1 +¢) Al)

where D,,;x denotes the mixture distribution composed of the original query inputs x and the correction inputs & =
(3 yi, y="). The corresponding sequence-level rewards are defined as 7/(x, y) for the original inputs and 7(Z,§) for the

correction inputs, respectively, while both share the same GSPO surrogate form.

We emphasize that this joint training procedure does not introduce additional optimization stages or different loss
functions. Learning correction capability is manifested purely as behavioral generalization of the policy under different
input conditions, allowing the model to gradually internalize comparison and correction abilities during training, without
requiring additional multi-round calls at inference time.

E.3. IBPO + GSPO Algorithm Pseudocode

Combining all the stages described above, the complete workflow of IBPO + GSPO is summarized in Algorithm 1.

14
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Algorithm 1 IBPO Instantiation with GSPO: One-Pass Joint Training

Require: Dataset D; current policy mg; old policy mg_,,; group size G clip €; shaping weight \; recoverability scale 3;
correction operator C; terminal reward r(-) € {0, 1}.
Ensure: Updated parameters 6.
1: for each iteration do
2:  Sample a minibatch of prompts B = {z} from D.
3:  for each prompt z € B do
4 (A) Sample rollouts and compute GSPO ratios.
5: Sample G responses {y; }$&; ~ g, (- | 7).
6: fori=1to G do
7 Compute terminal reward r; < 7(z, y;).
8

Compute sequence-level ratio
1

9: si(6) (el Y
10: end for
11: (B) Self-correction shaping signal and shaped rewards.
12: fori =1to G do
13: if r; = 0 then
14: Sample reference response y}°':
15: if there exists j such that 7(x,y;) = 1 then
16: Sample y:°f uniformly from {y; : 7(z,y;) = 1}.
17: else
18: Sample y:°f uniformly from {y; : r(z,y;) = 0}.
19: end if
20: Generate correction §j; < C(x; s, yi").
21: Set A; 5 -1r(z,y;) =0Ar(z,g;) =1].
22: else
23: Set A; <+ 0.
24: end if
25: Shaped reward r} <— 7; + A A;.
26: end for
27: (A continued) Construct group advantages from shaped rewards.
28: po & 2?:1 7l
29: o'+ \/% Zil(r; — p)2.
30: fori =1to G do
31: A; %
32: end for
33: GSPO surrogate objective on original prompts.
34: Accumulate
35: Te(0) « L9 min(si(ﬁ)fli, clip(si(6),1 — e, 1+ e)Ai).
36:  end for

37:  (C) Optional: Joint GSPO training for correction behavior.

38:  Construct correction inputs #; < (z; y;, yi*") for corrected cases.

39:  Sample g; ~ g, (- | ;) and compute terminal reward r(Z;, §; ).

40:  Add the same GSPO surrogate on z; (Eq. 24) if joint training is enabled.
41:  Update 6 by maximizing ) J(f) (and joint objective if enabled).
42: end for
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