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Abstract

Reinforcement learning with verifiable rewards
(RLVR) has become a standard paradigm for
post-training large language models (LLMs).
While Group Relative Policy Optimization
(GRPO) is widely adopted, it suffers from
sparse reward signals and loses gradients en-
tirely when all responses within a group receive
identical rewards. On-policy distillation (OPD)
offers a natural remedy by providing dense,
token-level supervision from a teacher model.
However, naively combining GRPO with OPD
leads to degraded performance, due to three
underlying causes: not all samples benefit from
distillation; fitting too quickly to the teacher un-
dermines the exploratory capacity of RL; and
OPD’s advantages are asymmetric, suppressing
most tokens. To address these challenges, we
propose RSTG (Recovering Learning Signals
via Adaptive Teacher Guidance), which applies
distillation selectively and precisely where it
matters most. At the sample level, OPD is re-
stricted to negative zero-variance prompts with
each sample weighted by the teacher’s confi-
dence score. At the token level, distillation
targets only tokens with high student entropy
or large teacher-student divergence. We further
augment training with SFT on correct trajec-
tories generated by the teacher model, inject-
ing positive gradient signals where RL yields
none. Experiments demonstrate that RSTG sub-
stantially outperforms naive GRPO+OPD by
+4.02% on math and +3.05% on code.

1 Introduction

Post-training large language models via reinforce-
ment learning with verifiable rewards (RLVR) has
emerged as a standard approach for improving
reasoning capabilities (Team, 2025b; DeepSeek-
Al 2025; Team, 2025a). Among RLVR methods,
Group Relative Policy Optimization (GRPO; Shao
et al., 2024) is widely adopted for its simplicity
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Figure 1: Training Dynamics on MATH. Naively
GRPO + OPD proves ineffective, while ours RSTG
achieves higher performance.

and stability. GRPO normalizes outcome rewards
across a group of rollouts to estimate a scalar ad-
vantage applied uniformly to every token, resulting
in sparse rewards (Li et al., 2026¢) and vanishing
gradients when all rollouts are correct or incorrect;
we refer to such prompts as positive and negative
zero-variance prompts, respectively (Zheng et al.,
2025; Feng et al., 2025).

Recent work has shifted toward on-policy distil-
lation (OPD; Agarwal et al., 2024; Gu et al., 2024),
which has the student generate its own rollouts and
leverages the teacher’s per-token log-probabilities
as a dense reward signal, naturally addressing the
limitations of GRPO. A straightforward approach is
to complement GRPO with OPD by summing their
losses (Agarwal et al., 2024). However, as shown
in Figure 1, this naive combination underperforms
standard GRPO, and even with an annealing sched-
ule on the OPD coefficient (Xu et al., 2025), the
results remain unsatisfactory.

We identify three key reasons why this naive
combination fails: (1) Sample-level Uniformity:
Not all samples benefit from OPD; the quality of
the teacher’s guidance depends on its proficiency
on the given sample. (2) Teacher-boundedness:
OPD converges quickly with performance capped
at the teacher’s level. Premature convergence to
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the teacher severely undermines RL’s exploratory
capacity. (3) Advantage Asymmetry: Student-
generated tokens are typically assigned low prob-
ability by the teacher, causing most token-level
advantages to be negative (Fu et al., 2026; Jia et al.,
2026; Ko et al., 2026; Lu et al., 2026), suppressing
the learning signal. Furthermore, OPD is inher-
ently local, conditioning on a potentially erroneous
student-generated prefix and thus producing unreli-
able gradients (Fu et al., 2026).

To address the aforementioned limitations, we
propose RSTG (Recovering Learning Signals via
Adaptive Teacher Guidance). (1) Sample Selec-
tion. Applying OPD exclusively on prompts where
the student fails but the teacher succeeds outper-
forms standard OPD on all samples, using only
3.63% of the full data. We therefore apply OPD
solely on negative zero-variance prompts (Le et al.,
2025; Zheng et al., 2025) and weight the distillation
signal by the teacher’s degree of mastery over each
prompt. (2) Token Selection. We restrict OPD gra-
dient updates to tokens where the student exhibits
high entropy or where the teacher-student diver-
gence is large, slowing convergence and reducing
gradient noise. (3) Auxiliary SFT. On negative
zero-variance prompts, we perform SFT on correct
trajectories pre-generated by the teacher, injecting
positive gradient signals and providing a global
perspective to alleviate the locality of OPD.

We validate RSTG across the Qwen2.5 and
Qwen3 model families on mathematical and code
benchmarks. RSTG achieves substantial improve-
ments over naive GRPO+OPD (+4.02% on math-
ematics, +3.05% on code), while also mitigating
advantage asymmetry, slowing convergence toward
the teacher, and preventing abrupt response length
inflation.

In summary, our contributions are as follows:

* We identify the applicable scope of OPD and
demonstrate the impact of teacher proficiency on
its effectiveness.

* We propose RSTG, enabling effective integra-
tion of GRPO and OPD.

2 Related Work

On-Policy Distillation (OPD). Knowledge dis-
tillation (Hinton et al., 2015) transfers capabilities
from a teacher to a student model. OPD (Agar-
wal et al., 2024; Gu et al., 2024; Ko et al., 2026;
Xiao et al., 2026) samples trajectories from the
student and aligns it with the teacher’s token-level

logit distribution, providing dense on-policy su-
pervision that naturally complements GRPO. Two
dominant paradigms exist: GKD-style OPD uses
the token-level KL divergence directly as the train-
ing loss (Agarwal et al., 2024), while PG-style OPD
treats the per-token reverse KL as a dense reward
signal and updates the student via policy gradient,
with the advantage defined as the negation of the
reverse KL (Ko et al., 2026; Yang et al., 2026a).
We adopt the latter, which unifies naturally with
the RL framework (Yang et al., 2026c¢).

Combining RL and OPD. Prior work has ex-
plored integrating RL (Han et al., 2026; Jin et al.,
2026; Shi et al., 2026; Yang et al., 2026b) with
knowledge distillation to jointly leverage reward
signals and teacher supervision. GKD (Agarwal
et al., 2024) first explores this unification for text
summarization, and KDRL (Xu et al., 2025) fur-
ther extends this direction. More recently, a grow-
ing body of work has investigated combining RL
with on-policy self-distillation (OPSD) (Yang et al.,
2026a; Li et al., 2026a; Lu et al., 2026). However,
this paradigm still faces significant challenges, and
existing methods tend to fail across a broader range
of models and settings. RSTG aims to make this
combination more robust and effective.

3 Preliminaries

Let D denote the input distribution, and let g and
7* denote the student and teacher policies, respec-
tively. We unify the following three methods under
a common reinforcement learning framework.

3.1 Group Relative Policy Optimization

The RL objective can be formulated as
jRL(a) = mgXEmND,yNW9(~|m)T(ma ’y), (1

where the trajectories y are sampled from the cur-
rent policy model 7g , 7(, y) is the reward func-
tion that measures the quality of a response se-
quence y = (y1,--- ,yr) toaquery . A common
approach to solving this objective is to apply policy
gradient, updating the policy parameters using an
estimated gradient of the form:

VoJrL(0) = EwND,y~ﬂe('\$)
T

ZAtVG 10g e (yt | Z, y<t) P
t=1
(2)
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where A; is the relative advantage of token y; over
a baseline value. Traditional methods such as PPO
estimate Ay via a learned critic, introducing sub-
stantial overhead. Group Relative Policy Optimiza-
tion (GRPO) obviates the need for an additional
value function approximator as required in PPO.
Instead, it uses the average reward of multiple sam-
pled outputs generated in response to the same
question as the baseline. Formally, let g sample
G responses {y1, Y2, -+ , Yy} for each prompt .
The optimization objective of GRPO with token-
level loss and without the KL penalty term is:

jGRPO(H) :EwwD {y“)}ZG 17764 (|2)

|yl

Gz\y Zmln th zta
z

—e,14+¢e)A;4)],
3)

the advantage

clip(r; +(0),1

7o (Yi,t|TYi,<t)
7T90]d (yi,ilmvyi,<t) ’

r(m,y(j))fmean<{r(w,y(j))}JG:J
std({r(m,y(j))}le) ’

and ¢ is a clipping hyperparameter.

where 7;4(0) =

is given by A;; =

3.2 On-Policy Distillation

The main idea of OPD is to let the student generate
its own trajectories, and then minimize the reverse
KL divergence between the student and the teacher
on those student-generated trajectories:

Jopp(8) = min Eqp, yrmy( fa)

) “)
[Pxw(mo(y [ 2) [ 7" (y | )]
Then, we can get the gradient of OPD as:
VoJorp(0) = Ezp, ymg(-|2)
T
Z (log mo (yt | @, y<t) —log 7™ (y¢ | ®, y<t))
t=1
Ve logm (yi | , y<t)] -
)

Eq. (17) takes the same form as Eq. (2), unifying
OPD within the RL framework, where APPP =
— (log mg (vt | @, y<t) — log7* (y¢ | T, y<t))
serves as the advantage in OPD, enabling token-
level credit assignment. The detailed derivation is
provided in Appendix A.1.

3.3 Supervised Fine-Tuning

Supervised Fine-Tuning (SFT) trains the student
policy mg to mimic the teacher 7* using demonstra-

tion data. From an information-theoretic perspec-
tive, SFT minimizes the forward KL divergence
between the teacher and the student, which con-
trasts with the reverse KL divergence used in OPD:

Jsrr(0) = ngin Ex~p

[Dkr (7

(6)
“(ylz) | 7me(y | )]

Ignoring the entropy of 7* (independent of 9),
this is equivalent to maximizing the expected log-
likelihood of teacher trajectories:

T
mMax By p yor(Ja) [Z log e (1 | w,y<t)] -

t=1
(N
Taking the gradient with respect to 0 yields:

VoJsr1(0) = ExD, yor(|2)

T
[Z 1-Vglogme (y: | w,y<t)]

t=1

(®)
Comparing Eq. (8) with the general policy gra-
dient formulation in Eq. (2), SFT can be elegantly
unified within the RL framework as an off-policy al-
gorithm (Zhu et al., 2026; Wu et al., 2025). Specif-
ically, the trajectories y are sampled from the
teacher policy 7* rather than the active student
policy g, and the advantage function is implicitly
set to a constant APFT = 1. This implies that every
token generated by the teacher is treated as a gold

standard, receiving a uniform, positive credit.

4 Method

The framework of RSTG is illustrated in Figure 2.
When a negative zero-variance prompt is encoun-
tered, the RSTG branch is activated; otherwise, the
standard GRPO branch is followed. Within RSTG,
we weight the OPD advantages according to the
teacher’s confidence on the given prompt (§4.1), re-
strict OPD gradient updates to high-quality tokens
(§4.2), and perform SFT using reference answers
generated by the teacher model (§4.3).

4.1 Data Selection and Teacher-Guided
Advantage Weighting

To study the effects of data difficulty and teacher
proficiency on OPD, we partition the full 57k-
sample dataset D into two nested subsets based on
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Figure 2: Illustration of RSTG framework. For negative zero-variance prompts, RSTG is applied; otherwise,
standard GRPO is used. RSTG weights OPD advantages by the teacher’s confidence, restricts gradient updates to
high-quality tokens, and performs SFT on teacher-generated reference answers.

model performance: (1) Dgy, (9k samples), where
the student fails all 8 rollouts (mean@8 = 0), and
(2) Dgwir (2k samples), a subset of Dy, where the
teacher achieves a perfect success rate (mean@8 =
1). We evaluate OPD across these three data scales
on mathematical benchmarks (Figure 3). The re-
sults yield two key insights:

Finding 1. Training on tasks challenging for
the student (Dsy,) outperforms training on the
full dataset (D).

Finding 2. Restricting training to samples
where the teacher excels (Dgwy) yields the best
performance using only 3.63% of D.

This indicates that the complementary effect of
OPD on RL should be channeled specifically into
this category of samples, which naturally corre-
spond to negative zero-variance prompts in GRPO,
where all rollouts fail and the advantage collapses
to zero, leaving no training signal. OPD effectively
recovers these lost gradient signals by providing
token-level advantages. Furthermore, we incorpo-
rate teacher confidence as a fine-grained weighting
mechanism into this hybrid objective.

Formally, for sample 4, let w; € [0, 1] denote
the teacher’s mean@8 score, serving as a proxy
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Figure 3: Performance on the mathmatical benchmark
for Qwen3-1.7B-Instruct trained via OPD on different
data partitions: Vanilla D, Student Wrong D, Student
Wrong and Teacher Right Dy,

for teacher confidence to dynamically scale the
token-level OPD advantage. The hybrid advantage
function is defined as:

Hybrid _ ) B wi- Ang, ifr; =0,VjeG
otherwise

i, AZGFPO7

©)
where ASFPO denotes the standard GRPO ad-
vantage, A" the OPD advantage, and § a scaling
hyperparameter controlling the magnitude of the
OPD signal. The weighting coefficient w; assigns
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greater optimization weight to tokens where the
teacher is more confident, leading to more reliable
policy optimization.

4.2 Mitigating Premature Convergence via
Token Selection

We select high-quality tokens to slow the student’s
convergence toward the teacher and reduce gradient
noise. Inspired by TIP (Xu et al., 2026), we iden-
tify two categories of valuable tokens: (1) high-
entropy tokens, where the student is uncertain,
typically representing critical reasoning junctures;
and (2) tokens with large teacher-student dis-
crepancy, which tend to carry richer information.

We define the student’s entropy at position ¢ as:

hi == pv1ogpio, (10)

where p;, is the student’s predicted probability
for vocabulary token v at position t. The teacher-
student discrepancy is defined as:

dy = |AQFP). (11)
Tokens with large h; or d; are considered high-
value. We combine these two criteria via the Soft-
OR formulation (see Appendix A.2 for details).
Given min-max normalized h¢, d; € [0, 1], the se-
lection score is:
st = hy +dy — Iy - dy. (12)
The token-masked OPD advantage is then de-
fined as:

) A9FP | ift € Sy
AP = o _ (13)
0, otherwise

where Sj denotes the top-k£% tokens ranked by
s¢, enabling gradual distillation of the teacher’s
capabilities while reducing gradient noise.

4.3 Complementary Supervision on Negative
Zero-Variance Prompts

This advantage asymmetry is further exacerbated
on negative zero-variance prompts. As illustrated
in Figure 4, the advantage values on negative
zero-variance prompts are consistently more nega-
tive than those on positive zero-variance prompts
throughout training, reflecting a severely suppres-
sive optimization signal that penalizes the student
without providing any constructive guidance to-
ward correct solutions.

Advantage

-0.40

044

0 30 E) E) 130 150
Training Steps

Figure 4: OPD advantage curves during training on
positive and negative zero-variance prompts.

To mitigate this advantage asymmetry of OPD,
we augment the training objective for negative zero-
variance prompts with an auxiliary SFT loss com-
puted on correct trajectories pre-generated out by
the teacher 7*. Formally, the final training objec-
tive is defined as:

Jcrpo (9;5 W AEED)
+8- Jser(0), ifr;=0,VjedG

JGRPO (0; ASFPO) , otherwise
(14)
where Jspr is computed exclusively on negative
zero-variance prompts, and [ is shared with the
OPD term in Eq. (9), ensuring consistent regular-
ization across both components.

As established in Section 3.3, this objective is
equivalent to assigning a uniform positive advan-
tage ASFT = 1 to every token in the teacher trajec-
tory, which injects purely positive gradient signals
into the optimization on prompts where RL yields
no learning signal, thereby shifting the OPD advan-
tage space toward the positive direction, alleviating
the advantage asymmetry issue, while simultane-
ously introducing a global perspective signal and
guiding the student toward correct solution trajec-
tories demonstrated by the teacher.

Jrinal(0) =

S Experiments

5.1 Setup

Models We employ three teacher-student model
pairs across two model families:

¢ Qwen3 (Team, 2025b): Qwen3-1.7B-Instruct —
Qwen3-4B-Instruct-2507 (Pair @); Qwen3-4B-
Instruct — Qwen3-4B-Instruct-2507 (Pair ).

* Qwen2.5 (Yang et al., 2024): Qwen2.5-3B-
Instruct — Qwen?2.5-14B-Instruct (Pair ).
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Table 1: Main results on MATH and CODE benchmarks across three Student-Teacher model pairs. Best and

second-best are highlighted.

MATH CODE

Method

AIME24  AIME25 MATHS500 OLMPIAD AVG APPS MBPP+ AVG
Student: Qwen3-1.7B-Instruct  Teacher: Qwen3-4B-Instruct-2507
Vanilla 12.08 10.83 72.66 40.26 39.96 30.80 49.22 40.01
OPD 32.29 20.62 84.32 53.46 47.67 3241 75.10 53.76
GRPO 34.79 27.71 88.64 55.15 51.57 50.39 69.66 60.03
GRPO+OPD 35.21 26.88 88.27 55.13 5137 57.03 72.06 64.55
ReLIFT 35.21 30.42 88.65 55.79 52.52  60.17 60.98 60.58
RL-ZVP 31.87 25.62 86.99 53.46 4949 49.73 70.12 59.93
RSTG 42.98 31.87 89.36 57.36 55.39 6181 72.41 67.11
Student: Qwen3-4B-Instruct  Teacher: Qwen3-4B-Instruct-2507
Vanilla 24.38 18.33 83.84 52.20 44,69 4393 74.22 59.08
OPD 50.83 40.63 91.93 63.71 61.78 53.10 86.19 69.65
GRPO 54.37 45.00 94.29 66.08 64.94  65.29 77.82 71.56
GRPO+OPD 50.42 41.87 93.95 67.25 63.37 73.46 84.53 79.00
ReLIFT 58.13 42.71 94.74 64.61 65.05 76.12 85.41 80.77
RL-ZVP 50.42 42.71 93.54 63.41 62.52 68.16 82.98 75.57
RSTG 57.08 47.92 95.30 67.24 66.89 75.68 88.42 82.05
Student: Qwen2.5-3B-Instruct  Teacher: Qwen2.5-14B-Instruct
Vanilla 4.58 1.25 62.14 27.04 2375 16.60 62.84 39.72
OPD 6.67 1.46 63.56 28.98 25.17 23.14 66.63 44.89
GRPO 6.04 3.33 68.16 32.09 27.41 37.18 66.63 51.91
GRPO+OPD 6.88 4.58 67.68 31.95 27.77 49.72 73.37 61.55
ReLIFT 6.46 2.71 67.44 32.05 27.17  52.60 71.50 62.05
RL-ZVP 6.46 3.33 67.24 31.72 27.19 42.03 71.01 57.52
RSTG 8.33 5.42 68.14 32.74 28.66 53.01 74.03 63.52

5::1;“ 5‘”(’1 /7//:7/7v AT L
| RIS A
- ==l N —=
0725 — RL-ZVP o0s4f | — RLZVP o601 — RL-ZVP

] 100 200 ED 00 ED o 100 200
Step

300 400 500 [ 100 200 300 400 500

Figure 5: Performance on MATH500 for Qwen3-1.7B-Instruct — Qwen3-4B-Instruct-2507, Qwen3-4B-Instruct —
Qwen3-4B-Instruct-2507, and Qwen2.5-3B-Instruct — Qwen2.5-14B-Instruct from left to right, respectively.

Dataset and Metrics. For training, we filter
the DeepMath (He et al., 2025) dataset to select
57K samples with difficulty > 6 as math RL
data, and use Eurus-RL-Code (Cui et al., 2025)
(25K samples) as code RL data. For evalua-
tion, we use AIME 2024 (MAA, 2024), AIME
2025 (MAA, 2025), MATH-500 (Gao et al., 2025),
and OLMPIAD Bench (He et al., 2024) for math-
ematical reasoning, and APPS (Hendrycks et al.,
2021) and MBPP+ (Liu et al., 2023) for code gener-
ation. We set temperature to 1.0, top-p to 1.0, and
maximum generation length to 8,192, sampling 16
solutions per math problem and 4 per code problem.
Further details are in Appendix A.3.

Implementation Details. We set the batch size
to 256, maximum response length to 8192, num-
ber of rollouts to 8, and learning rate to 1 x 1076,
with thinking mode disabled for all models. For
mathematics, training runs for 550 steps (222
steps/epoch); for code, 400 steps (98 steps/epoch),
both reaching convergence. The coefficient 3 in
Eq. 14 is linearly annealed with Bipi; = 5 x 1073,
§=5x 107", and Bmin = 1 x 1073, To construct
the SFT dataset, we pre-sample n = 8 responses
per prompt from the teacher, retaining the shortest
correct response as reference. More details and
cost analysis are provided in Appendix A.S.
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Baselines We compare our method against five
baselines: GRPO, OPD, GRPO+OPD, which di-
rectly combines the GRPO and OPD losses fol-
lowing the same configuration as KDRL (Xu
et al., 2025). See Appendix A.4 for more de-
tails. Since our method specifically targets nega-
tive zero-variance prompts, we also include two
representative baselines from the line of work
on learning from negatives: ReLIFT (Ma et al.,
2025), which performs SFT on negative zero-
variance prompts using ground-truth answers,
where teacher-generated correct responses are used
as the ground-truth answers in our comparison;
and RL-ZVP (Le et al., 2025), which designs an
asymmetric advantage formulation based on token-
level entropy for both positive and negative zero-
variance prompts to extract effective learning sig-
nals. As our primary objective is to push the up-
per bound of reinforcement learning, all baselines
above are built upon GRPO, with the exception of
the naive OPD.

5.2 Main Results

Table 1 presents the performance of all methods
across four mathematical reasoning benchmarks
and two code generation benchmarks.

For mathematics, naive GRPO+OPD tends
to slightly underperform standard GRPO, with
changes of —0.2%, —1.57%, and +0.36% across
the three model pairs. In contrast, RSTG achieves
substantial improvements over naive GRPO+OPD,
with gains of +4.02%, +3.52%, and +0.89% re-
spectively, surpassing nearly all baselines.

For code generation, naive GRPO+OPD yields
notable improvements over standard GRPO, with
gains of +4.52%, +7.44%, and +9.64% across
the three model pairs. Nevertheless, RSTG
achieves consistent further improvements over
naive GRPO+OPD, with gains of +2.56%,
+3.05%, and +1.97% across the three model pairs,
surpassing almost all baselines.

Additionally, we observe that ReLIFT achieves
relatively strong performance among the baselines,
as directly supervising the model with ground-truth
answers is effective for inherently challenging nega-
tive zero-variance prompts. However, it is confined
to offline imitation learning. OPD complements
this by providing online corrective signals at ev-
ery token generation step, and with our carefully
designed components (§5.5), the two objectives
are organically integrated to reinforce each other,
leading to more effective learning.

0.0000
0.0001
—0.0002

€0 -0.0003

—0.0004

Advantage

—0.0005

-0.0006

RSTG
—0.0007 —— naive GRPO+OPD

0 100 200 300 400 500
Step

Figure 6: Comparison of advantage values during train-
ing between RSTG and naive GRPO+OPD, using
model pair 2 as a representative example.

Figure 5 illustrates the training dynamics of all
methods on MATHS500 as a representative bench-
mark, where RSTG outperforms nearly all base-
lines at every training step. Notably, for Model
Pair 2, where both the teacher and student are 4B
models with a relatively small capability gap, the
performance gains are less pronounced compared
to the other two model pairs. More complete train-
ing curves are provided in the Appendix A.6.

5.3 The Asymmetry of Advantage

We compared the evolution of advantages during
training between RSTG and naive GRPO+OPD.
As shown in Figure 6, RSTG yields higher advan-
tage values and alleviates the advantage asymmetry
introduced by OPD, thereby allowing more tokens
to receive positive learning signals.

5.4 Convergence Speed and Response Length

Convergence Speed. We use the overlap Moyeriap
between the top-k tokens (k = 16) of the teacher
and the student (Li et al., 2026b) to quantify the
alignment between their candidate spaces, where
a higher value indicates that the student more
closely fits the teacher. We monitor this metric
to track the rate at which the student converges to
the teacher. At step 200, standard OPD reaches
69.7%, naive GRPO+OPD reaches 67.6%, while
RSTG achieves only 65.81%, demonstrating that
RSTG slows convergence toward the teacher and
preserves a larger exploration space for RL.
Additionally, the proportion of negative-zero-
variance prompts steadily decreases throughout
training, with the values at the beginning and the
end of training shown in Table 2. In the early
stages, RSTG plays a larger role by providing a
strong initialization for RL, while in later stages,
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Table 2: Proportion of negative-zero-variance prompts
at the beginning (Step 1) and the end (Step 550) of math
training for Pairl and Pair2.

Model Pair Beginning End
Pairl 28.52%  10.55%
Pair2 17.97% 4.30%

0 100 200 Step300 400 500

Figure 7: Comparison of response length during training
between RSTG and OPD.

RL becomes dominant as the proportion of negative
zero-variance prompts drops, ensuring that RSTG
does not hinder the model’s exploration capability.

Response Length. OPD suffers from abrupt
length inflation (Luo et al., 2026; Fu et al., 2026),
as illustrated in Figure 7. Our RSTG effectively
mitigates this issue, maintaining response length
comparable to that of GRPO.

5.5 Ablation Studies

Each component plays a crucial role. Taking
model pairl as an example, we start from a base-
line that naively combines the GRPO and OPD
losses over all samples, and progressively incor-
porate each component of our RSTG. As shown
in Figure 8, each component contributes meaning-
fully to the overall performance. We can observe
that SFT brings a significant improvement to the
results. However, when SFT is removed, the av-
erage accuracy remains at 53.24%, which is still
better than all baseline models reported in Table 1.
This demonstrates that the carefully designed OPD
also plays an important role. Detailed results are
provided in the Appendix A.7.

The careful design of OPD is indispensable.
When the carefully designed OPD components are
removed from RSTG, specifically teacher-guided
advantage weighting and token selection, the av-
erage accuracy on the math benchmarks for Pair
1 drops to 51.74%, which is even lower than ap-

Table 3: Average accuracy on mathematical benchmarks
under different 3 strategies. Best values are bolded.

Method AIME24 AIME25 MATH500 OLMPIAD AVG

Binit =5 x 1073 3521  26.88 88.27 5513  51.37
Buie =1 x 1072 36.04 26.46 87.35 54.01 50.97
B=5x10"3 35.00 25.21 87.40 53.32 50.23
f=05x10"2 34.79 24.58 86.55 52.18 49.53
f=1x10"" 32.08 24.38 85.81 51.51 48.45
.
— — U -
R iniuinintat
R G -~---
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Figure 8: Performance on mathematical benchmarks
as components of RSTG are progressively added.
MATHS500 is excluded from the figure due to its larger
score range, but is included in the AVG computation.

plying SFT on top of GRPO alone (i.e., ReLIFT
in Table 1, 52.52%). This outcome is expected:
without these carefully designed components, OPD
fails to operate on the appropriate samples, and the
absence of token selection causes the model to con-
verge prematurely toward the teacher distribution,
thereby undermining its exploratory capacity dur-
ing RL training. This demonstrates that our OPD
design choices are indispensable. Only with these
designs in place can OPD and SFT be effectively
integrated, enabling the model to simultaneously
imitate the teacher’s correct responses via SFT and
receive fine-grained corrective signals at every to-
ken generation step via OPD, thus achieving more
effective and efficient training. Without such elab-
orate design, OPD may even exert a detrimental
effect on overall performance.

The coefficient 5 of OPD and SFT. We inves-
tigate two strategies for 3: constant and linear an-
nealing. For the constant strategy, we evaluate
several fixed values of 3; for the linear annealing
strategy, we evaluate several different initial values
Binit- In both cases, OPD is applied solely on nega-
tive zero-variance prompts without any additional
components. Results are reported in Table 3.

A constant 3 consistently degrades performance,
as the performance upper bound of OPD is lower
than that of GRPO. A large 3 causes the model
to overfit to the teacher and converge prematurely
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to this lower bound. The linear annealing strategy
suffers from the same issue when the initial value
is too large, while too small an initial value results
in a distillation signal too weak to be effective. We
therefore adopted Finit = 5 X 102 as our final
choice. Since the SFT intensity is aligned with that
of OPD, both terms share the same coefficient 5.

6 Conclusion

To address the performance degradation caused
by the naive combination of GRPO and OPD, we
propose RSTG, which selectively applies OPD
on difficult samples that the student has not yet
mastered, weighted by the teacher’s degree of profi-
ciency. Furthermore, RSTG employs fine-grained
token selection to slow down convergence and re-
duce gradient noise, and incorporates an auxiliary
SFT objective to inject positive gradient signals
and provide a global perspective on the solution
space. Experiments across benchmarks in two do-
mains and three model pairs confirm consistent
improvements over both standard GRPO and naive
GRPO+OPD baselines.

Limitations

We conduct experiments across two domains, math
and code, which demonstrate the generalizability
of our method. Nevertheless, we look forward to
exploring its applicability in other settings, such
as agentic tasks. Due to computational constraints
and the strict requirement of OPD for a meaningful
capability gap between the teacher and student,
our experiments are conducted at the largest scale
feasible within our resources. We expect RSTG to
remain effective at larger model scales, and leave
this for future work.
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A Appendix

A.1 Preliminaries

The main idea of OPD is to let the student generate
its own trajectories, and then minimize the reverse
KL divergence between the student and the teacher
on those student-generated trajectories:

Jorp(0) = mein ExnD, y~re(|x)

[Pxr(mo(y [ 2) (|7 (y | 2))] .

15)

Expanding the KL divergence and applying the
chain rule of probability, we have:

mo(y | @)
jOPD(g) = Ez,ywﬂg |:10g 7T*y:|

T
7o (Yt | T, y<t)
=FEL yon E log ———"—==1.
sy [tl ™yt | w7y<t)]

(16)

Taking the gradient with respect to 8 and ap-

plying the log-derivative trick VoEy,[f(y)] =
Eyemo[f (4) Vo log mo(y)]:

VeJorn(0) = Ew~D,y~7m(~\a:)

T
> (logma (yi | @, y<t) —logm* (yi | @, y<1))
t=1

Vo logmg (yi | &, y<t)] .

a7
Eq. (17) takes the same form as Eq. (2), unifying
OPD within the RL framework, where APPP =
- (log e (yt ‘ T, y<t) — log L (yt ‘ Z, y<t))
serves as the advantage in OPD, enabling
token-level credit assignment.

A.2 Method

Mitigating Premature Convergence via Token
Selection Tokens with large h; or d; are consid-
ered high-value. We combine these two criteria via
the Soft-OR formulation, which approximates the
logical OR operation in a differentiable manner: if
either ﬁt or th is large, s; will be large, while avoid-
ing double-counting when both are large. More-
over, Soft-OR is parameter-free, requiring no addi-
tional hyperparameters to balance the contributions
of entropy and teacher-student divergence, since
the OR operation is inherently symmetric. In con-
trast, a linear combination would introduce extra
weighting hyperparameters that must be tuned.

Given min-max normalized h¢, d; € [0,1], the
selection score is:

St:iLt—FCZt—]Alt'dAt. (18)

A.3 Experiment Details

The APPS dataset contains 10,000 samples in to-
tal (Hendrycks et al., 2021), spanning three diffi-
culty levels: Introductory, Interview, and Competi-
tion. To accelerate evaluation, we uniformly sam-
ple 500 instances as our test set, with an equal num-
ber of samples drawn from each difficulty level.

A.4 Baselines

For the configuration of naive GRPO+OPD, we
follow KDRL (Xu et al., 2025), which considers
three variants: (1) applying OPD on all samples, (2)
applying OPD only on samples where the student
fails, and (3) applying OPD only on negative zero-
variance prompts. For each model pair, we evaluate
all three variants and select the best-performing
one as the naive GRPO+OPD baseline. The OPD
coefficient is kept consistent with our method.

A.5 Implementation Details.

We implement RSTG based on the VeRL frame-
work (Sheng et al., 2025). For mathematics, we
train for 550 steps on 8 A100 GPUs; the wall-
clock time for Qwen3-1.7B-Instruct — Qwen3-
4B-Instruct-2507, Qwen3-4B-Instruct — Qwen3-
4B-Instruct-2507, and Qwen2.5-3B-Instruct —
Qwen2.5-14B-Instruct is approximately 3, 4, and
2.5 days, respectively. For code, we train for 400
steps, taking approximately 4, 5, and 3 days for the
three pairs, respectively.

Cost Analysis During GRPO training, taking
Qwen2.5-3B-Instruct — Qwen2.5-14B-Instruct as
an example, negative zero-variance prompts ac-
count for approximately 15.6% of steps initially,
and this proportion decreases as the model im-
proves. Since RSTG applies OPD and SFT ex-
clusively on negative zero-variance prompts, the
additional overhead over standard GRPO is min-
imal. On 8 A100 GPUs for 550 training steps,
the extra cost amounts to approximately 12 hours,
which is acceptable.

Furthermore, the SFT data is pre-generated of-
fline and incurs no cost during training. This pre-
generation process is efficient: for the 57K training
set with a single rollout per prompt, it takes only
about 2 hours on 2 A100 GPUs. Overall, the com-
putational cost of RSTG is fully manageable.
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Table 4: Ablation study results on mathematical reasoning benchmarks.

AIME25 MATHS00 OLYMPIAD AVG

Method AIME24
GRPO 34.79
GRPO+OPD (All) 35.62
GRPO+OPD (Negative zero-var) 35.21
+Advantage Weighting 36.88
+Token Selection 37.92
+SFT (Ours) 42.98

27.71
24.79
26.88
28.75
29.58
31.87

88.64
86.76
88.27
88.74
88.75
89.36

55.15
55.55
55.13
56.39
56.69
57.36

51.57
50.68
51.37
52.69
53.24
55.39

A.6 Training Dynamics

We select one model pair from each of the Qwen3
and Qwen2.5 families and present their perfor-
mance on mathematical benchmarks throughout
training in Figures 9 and 10.

A.7 Ablation Studies

Taking Qwen3-1.7B-Instruct—Qwen3-4B-Instruct
as an example, we start from a baseline that naively
combines the GRPO and OPD losses over all sam-
ples, and progressively incorporate each compo-
nent of our RSTG. Detailed results are provided
in Table 4, where each component is shown to con-
tribute meaningfully to the overall performance.
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Figure 9: Performance of Qwen3-1.7B-Instruct — Qwen3-4B-Instruct-2507 on mathematical benchmarks through-
out training, compared against standard GRPO.
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Figure 10: Performance of Qwen2.5-3B-Instruct — Qwen2.5-14B-Instruct-2507 on mathematical benchmarks
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throughout training, compared against standard GRPO.
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