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Abstract

Reinforcement Learning (RL) with sparse out-
come rewards suffers from inefficient credit
assignment in complex LLM reasoning tasks.
While utilizing stronger LLMs as teachers to
derive dense token-level supervision offers a
cost-effective alternative to proprietary reward
models, it relies on the flawed assumption
that teachers are perfect oracles. In reality,
teacher models exhibit capability limitations
and uncertainty, producing noisy signals that
make student policies susceptible to reward
hacking. To address this, we propose Teacher
Reward Adaptive Calibration (TRAC), a ro-
bust framework that filters noisy supervision
by dynamically modulating teacher influence
via a multi-granularity calibration mechanism.
TRAC evaluates teacher reliability across three
principled dimensions: problem-level exper-
tise, trajectory-level discrimination, and token-
level confidence. Furthermore, we integrate
TRAC with Group Relative Policy Optimiza-
tion (GRPO), formulating as TRAC-GRPO,
which treats calibrated teacher-derived reward
as an additive advantage reshaping term to en-
sure fair advantage estimation. Extensive ex-
periments demonstrate that TRAC effectively
mitigates teacher noise, significantly enhanc-
ing the reasoning capabilities and training sta-
bility of LLMs compared to standard base-
lines. The code will be available at: https:
//github.com/JIA-Lab-research/TRAC.

1 Introduction

The efficacy of Reinforcement Learning (RL) for
enhancing Large Language Model (LLM) reason-
ing is increasingly bottlenecked by the inherent lim-
itations of reward design. Current paradigms, such
as GRPO (Guo et al., 2025) and DAPO (Yu et al.,
2025), rely primarily on outcome rewards that uni-
formly propagate a single scalar value across all
tokens based on final correctness. This coarse-
grained supervision suffers from severe credit as-
signment noise. Consequently, token-level dense

rewarding is indispensable for facilitating precise
gradient estimation and ensuring a stable learning
process.

In stark contrast, high-performing LLMs with
strong reasoning capabilities are increasingly acces-
sible to the community through both open-weight
releases (e.g., Qwen (Yang et al., 2025), LLaMA
(Dubey et al., 2024)) or commercial APIs (e.g.,
GPT (OpenAl, 2024a), Gemini (DeepMind, 2025),
Claude (Anthropic, 2025)). Most dense reward
methods depend on specialized reward models
trained on massive annotated datasets. However,
these models are rarely open-sourced or require
prohibitively expensive annotation to replicate. To
address this, recent studies have leveraged high-
performance LLMs, such as Qwen (Yang et al.,
2025) and GPT (OpenAl, 2024a), to construct fine-
grained rewards. For instance, recent efforts (Lu
et al., 2025) utilize the per-token log-probability
difference between a stronger teacher model and
the policy model as a granular reward signal. How-
ever, using teacher probabilities as rewards as-
sumes the teacher is a perfect oracle, a premise that
fails in complex reasoning where even advanced
models suffer from hallucinations and uncertainty.
Our empirical observations confirm this; even ca-
pable models like Qwen3-32B occasionally assign
higher rewards to incorrect trajectories than to cor-
rect ones. This noisy supervision is particularly
hazardous in RL, as models aggressively exploit re-
ward signals, leading to reward hacking and overfit-
ting to high-confidence errors. Thus, simply adopt-
ing a stronger teacher is insufficient; a robust mech-
anism to explicitly calibrate and filter these signals
is indispensable for stable and effective policy opti-
mization.

To address this challenge, we propose Teacher
Reward Adaptive Calibration (TRAC), a frame-
work that robustly incorporates token-level teacher
reward by dynamically modulating their influ-
ence via a multi-granularity calibration mecha-
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nism. Specifically, we formulate the weight of
the token-level teacher’s reward as the product
of three calibration coefficients, designed to fil-
ter noise based on three principled dimensions of
reliability: (1) Problem-level Expertise (A\“*Pe™),
which assesses the teacher’s proficiency regarding
the specific problem. (2) Trajectory-level Dis-
crimination (\95¢), which quantifies the teacher’s
ability to distinguish correct versus incorrect rea-
soning trajectories generated by the policy model
(i.e., higher average rewards to correct trajectories
than incorrect ones). (3) Token-level Confidence
(A°°m) which reflects the teacher’s certainty in as-
sessing the quality of each token within the pol-
icy’s trajectory. By integrating these factors multi-
plicatively, our method effectively suppresses the
teacher’s guidance in unreliable regions where the
teacher is incompetent, inconsistent, or uncertain,
while preserving valuable supervision with high
confidence and reliability.

To evaluate the effectiveness of our TRAC frame-
work, we incorporate it with GRPO, resulting in
TRAC-GRPO. Extensive experiments demonstrate
that TRAC-GRPO consistently outperforms GRPO,
DAPO, and other dense rewarding methods. For
example, on AIME24, TRAC-GRPO surpasses
GRPO by +7.8 on DeepSeek-R1-Distill-Qwen-
1.5B, and improves OpenMath-Nemotron-1.5B by
+5.5. Moreover, TRAC-GRPO introduces only
slight additional cost on GRPO (30s per step) and
is nearly 2x faster than DAPO (210s vs. 371s).

2 Observation and Motivation

The core premise of utilizing a stronger LLM as
a teacher is that it provides superior supervision
compared to the student policy. However, in com-
plex reasoning tasks, even state-of-the-art models
are not infallible. To investigate the reliability of
teacher-derived supervision, we conducted a pre-
liminary empirical analysis using Qwen3-8B/32B
as the teacher, and Qwen3-8B-Base as the policy
model on the DeepScaleR-40K training dataset.
Our observations reveal three critical sources of
noise in the teacher’s supervision signal (as Eq.
(1).

(1) Teacher has a clear capability limitation. We
first evaluate the teacher’s expertise (Pass@1 ac-
curacy) across the training problems. As shown
in Figure 1 (a), the teacher fails to solve a non-
negligible portion of the problems. If the teacher
itself lacks the capability to solve a specific prob-

Data Percentage (%)
Mean Teacher Reward
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Correctness
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0.0 0.2 0.4 0.6 0.8 1.0 12 1.4 1.6 1.8
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(©)
Figure 1: Empirical analysis of teacher reliability
and potential noise sources. (a) Accuracy distribution
of Qwen3-8B and 32B models on DeepScaleR-40K
dataset. (b) Distribution of average teacher rewards as-
signed to correct versus incorrect student trajectories.
(c) Histogram of teacher’s token-wise entropy on a cor-

rect student trajectory.

lem (i.e., falls outside its competence boundary),
the supervision signals derived from them on these
failure cases are likely flawed or misleading, which
may propagate errors and hinder the learning of
correct reasoning logic.

(2) Misalignment of Teacher Reward with Cor-
rectness. Ideally, a reliable teacher should assign
strictly higher rewards to correct reasoning paths
than to incorrect ones. To verify this, we sampled
trajectories from the student policy and categorized
them into Correct and Wrong groups based on the
final answer. We then plotted the teacher’s average
reward (log-probability difference) for each trajec-
tory in Figure 1 (b). Surprisingly, we observe sig-
nificant anomalies where the teacher assigns high
rewards to logically flawed paths (false positives)
while paradoxically under-rewarding valid trajecto-
ries (false negatives). This phenomenon indicates
that the teacher’s internal preference does not al-
ways align with objective correctness, which likely
stems from either the teacher’s inherent capability
limitations or their failure to recognize alternative
valid strategies for complex problems (i.e., limited
coverage of the diverse solution space).

(3) Intrinsic Token-wise Uncertainty as a Qual-
ity Evaluator. Even within a high-quality trajec-
tory, the teacher’s certainty is not uniform. Figure 1
(c) visualizes the token-level entropy of the teacher
on a correct student trajectory. We can observe that
while the teacher is confident in most tokens (low
entropy), it exhibits high uncertainty (high entropy)
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at certain tokens. High entropy implies that the
teacher considers multiple tokens as plausible con-
tinuations or is perplexed by the current context.
Treating the teacher’s reward on these uncertain
positions as gold labels introduces high-variance
noise into the gradient estimation.

3 Methodology

In this section, we present our proposed Teacher
Reward Adaptive Calibration (TRAC), a general-
izable framework designed to derive robust, fine-
grained token-level reward signals from a stronger
teacher model. The specific formulation and cali-
bration mechanisms of TRAC are detailed in Sec.
3.1. As a reward-centric enhancement, TRAC
is inherently compatible with various policy op-
timization algorithms. In Sec. 3.2, we employ the
widely adopted Group Relative Policy Optimiza-
tion (GRPO) to exemplify the integration of TRAC
with policy optimization methods, formulating the
combined algorithm as TRAC-GRPO.

3.1 Teacher Reward Adaptive Calibration

TRAC addresses the inherent noise in teacher-
derived rewards through a multi-granular adaptive
calibration framework that selectively leverages
high-quality guidance while mitigating unreliable
signals. We first formalize the calculation of the
raw token-level teacher reward signal in Sec.3.1.1.
Subsequently, in Sec. 3.1.2, we introduce our adap-
tive calibration mechanism, which dynamically
modulates the raw teacher rewards based on three
complementary dimensions of teacher reliability.

3.1.1 Teacher Reward Calculation

For a trajectory yij = (Yij1:---,YijL, ;) sam-
pled from the policy mq , for problem p;, we derive
dense supervisory signals from a stronger, fixed
teacher model 7y, . Instead of using the raw
teacher likelihood, we formulate the token-level
reward R;‘?;ﬁher as the log-probability difference be-
tween the teacher and the policy model:
RIS = 108 W0y (Uit | Yisgit, i)

(€Y
— log Toyy (Yijt | Yij,<t»Pi),

where y; ; <+ denotes the sequence of tokens pre-
ceding position t.

Rationalization. This formulation employs the
teacher model effectively as a fine-grained qual-
ity evaluator rather than a static imitation target.
Functioning as a contrastive evaluation mechanism,

it measures the informational divergence between
expert judgment and the student’s current belief:

* Positive Reward (R > 0): This condi-
tion (g, ... > T,,,) implies the teacher assigns
higher validity to a token than the student does.
It highlights a critical blind spot, a correct rea-
soning step, or insight that the student underes-
timated. The positive reward incentivizes the
policy to increase its probability mass on these

expert-preferred tokens.

* Negative Reward (R;?ﬁher < 0): Conversely, this
condition (7g,,,.. < 7g,,) signals that the stu-
dent is overconfident in a token that the teacher
deems unlikely, such as a hallucination or logical
flaw. The negative reward serves as a penalty,
discouraging the policy from reinforcing such

suboptimal paths.

Unlike binary outcome rewards, these continuous
teacher rewards provide token-wise feedback, dis-
tinguishing between reasonable intermediate to-
kens and invalid ones even before the final answer
is reached. Crucially, this fine-grained supervision
is derived directly from the teacher, eliminating the
need for training a separate reward model.

3.1.2 Adaptive Calibration Mechanism

Although teacher-derived rewards offer valuable
dense supervision, they are inherently prone to
noise stemming from the teacher’s capability
boundaries, potential hallucinations, and reason-
ing uncertainty. Our empirical observations (in Sec.
2) indicate that naively utilizing these raw teacher
rewards without reliability assessment leads to un-
stable policy updates and suboptimal convergence.
To address this challenge, we introduce an adaptive
calibration mechanism that dynamically modulates
the raw teacher reward R;f;-‘fther through a multi-
plicative coefficient:

trac teacher
Ri,j,t = )\i,j,t . Ri,j,t > ()

where \; j; € [0,1] serves as a reliability co-
efficient, which continuously adjusts the magni-
tude of the raw teacher reward signal R;f;-‘fther (de-
fined in Eq. (1)), preserving the full strength of
high-confidence supervision ()\; ;; — 1) while
smoothly attenuating unreliable or ambiguous guid-
ance (\; jt — 0).

Our calibration coefficient )\; ; ; factorizes across
three complementary dimensions, each capturing a
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distinct aspect of teacher reliability:

. expert disc conf
Nige = AT A A s )
——
problem-wise  trajectory-wise token-wise
expert . 5 .
where \; quantifies the teacher’s expertise on

the spe01ﬁc problem (as Eq. (5)). /\?fj‘?c measures the
teacher’s discriminative capability in distinguishing
between correct and incorrect trajectories sampled
by the policy model (defined in Eq.(7)). )\f‘;nf re-
flects the teacher’s certainty when evaluating the
quality of an individual token (see Eq.(9)). Cru-
cially, this multiplicative design effectively acts as
a logical AND gate, ensuring that the supervision
signal is attenuated if the teacher fails to demon-
strate reliability in any single dimension.

In the following, we detail the motivation, ratio-
nale, and specific formulation for each coefficient.
Problem-wise Expertise Coefficient (\;*"").
This coefficient acts as a reliability modulator to
attenuate the influence of teacher reward on the
problems that are not firmly within the teacher’s
capability boundary. Supervision derived from
problems where the teacher themselves is incom-
petent is likely to be misleading and should be
down-weighted.

Ideally, a teacher’s expertise on a problem can
be quantified by its accuracy (e.g., Pass@1). How-
ever, reliable accuracy estimation typically requires
sampling multiple trajectories (e.g., 8 times), due
to the inherent stochasticity of the decoding pro-
cess. It is computationally prohibitive to perform
such extensive sampling for every problem in the
training set, particularly for deep reasoning models
with long chain-of-thought trajectories.

To circumvent this challenge, we propose an effi-
cient proxy that requires only a single forward pass:
leveraging the teacher’s entropy on the ground-
truth solution as a surrogate for its accuracy. Specif-
ically, for problem p;, we feed its ground-truth so-
lution ¥ into the teacher model and compute the
average entropy L7 of its prediction distribution at
all tokens, formulated as follows:

ly5 |

E} = Zzpzt ) log pi ¢ (v),

!yz =5 )

pivt(v) = 7Tetcachcr(y ‘ y;;k,<t7p7;)7

where V denotes the complete vocabulary of the
teacher model, and the inner summation iterates
over every possible token v € V to compute the
entropy of the predictive distribution at position ¢.

0

8

S

=

Average Accuracy (Sampling)

0.2 0.4 0.6 0.8 1.0
Average Entropy (GT)

Figure 2: Relationship between accuracy and entropy.

Intuitively, £ quantifies the teacher’s endorse-
ment of the ground-truth solution. Low entropy
implies the teacher confidently predicts the ground
truth, indicating high expertise, while high entropy
suggests the teacher is perplexed by the correct
logic. As shown in Figure 2, a clear negative cor-
relation can be observed between E and the ac-
tual accuracy, validating E* as a reliable proxy for
model accuracy. Since the entropy £ is a con-
tinuous scalar with a varying range, we map it to
the normalized reliability weight A\{™" € [0, 1]
using a linear rectification function. We introduce
two hyperparameters, ;. and €7,.., to define the

min max?

boundaries of teacher reliability:

1 if E: S 6r);ina
expert er —EF .
AP = IS i e, < B <ena,  (5)
max ~ €min
0 if Bf > el

where the entropy F; is defined in Eq.(4). Un-
der this mapping, problems where the teacher is
highly confident (entropy below €. ) retain full
influence, while those inducing high perplexity (en-
tropy above €},,,) are zeroed out. The linear tran-
sition between these thresholds ensures a smooth
decay of trust as uncertainty increases.

It is worth noting that if computational resources
permit, A?Xpm can alternatively be derived from
the teacher’s actual sampling accuracy. However,
our ablation study demonstrates that the proposed
entropy-based proxy retains 97% of the perfor-
mance achieved by the expensive accuracy-based
method, while reducing the computational cost.

Trajectory-wise Discrimination Coefficient
()\d“c) Although the expertise coefficient /\CXPert
addresses the problems where the teacher is
incompetent, it does not guarantee that the teacher
can successfully distinguish between the specific
correct and incorrect responses generated by the
policy model. To address this, we introduce a
trajectory-wise coefficient that validates the rela-
tive ranking consistency of the teacher’s feedback,
i.e.,, verifying whether the teacher assigns a higher
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average reward to correct trajectories compared to
incorrect ones.

Specifically, for a problem p;, we first partition
the sampled trajectory set ); into a set of correct tra-
jectories yj and a set of incorrect trajectories ),
Then, for each group, we calculate the teacher’s av-
erage log-probability on all trajectories belonging
to this group:

a |y+| 2P b

yey;

1
= — P
5 Zﬁ (v)
yeY;
[yl ©
1

P(y | I Z lOg T O1eacher (yt | Y<t, pz)

Intuitively, a reliable teacher should exhibit a
higher average log-probability in correct trajecto-
ries compared to incorrect ones.

For a specific trajectory y; ;, we define A?};C asa
binary consistency gate:

i I1(P(yi;) > P7) ify; €V},
)\i_i,ljsc:{ ( (i,5) ) Yi,j %)

I(P(yij) < PF) ifyi; €/,

where I(-) denotes the indicator function, which
equals 1 if the enclosed condition holds and 0 oth-
erwise. This mechanism functions as a hard binary
gate based on log-probability scores. For a cor-
rect trajectory (y; j € yj ), we require its score to
exceed the average score of incorrect trajectories
(P;7); otherwise, the teacher fails to recognize its
superiority, and the teacher reward signal is dis-
carded. Conversely, for an incorrect trajectory, its
score must be lower than the average score of cor-
rect samples (PZ-+). This ensures that we only uti-
lize supervision when the teacher has a reasonable
preference for the policy’s correct and incorrect
trajectories. Note that if either yj or Y, is empty,
this discrimination consistency check is skipped,
and )\dis-c defaults to 1.

Token-wise Confidence Coefficient (/\f‘znf) Even

when the teacher demonstrates overall expertise
on a problem and maintains discriminative consis-
tency across trajectories, their confidence for tra-
jectory quality evaluation is not static but fluctuates
dynamically across different tokens of a single tra-
jectory. This token-level uncertainty necessitates
fine-grained calibration to prevent unreliable re-
wards from propagating through the policy update
process. Therefore, we introduce a fine-grained
coefficient to modulate supervision at the token
level.

Specifically, for the ¢-th token y; ;; in trajectory
Yi,j» we directly measure the teacher’s quality eval-

uation uncertainty for it using the entropy at this
position ¢:

Eiji=— pr, v) log pi jt(v),
veEV (8)

it (V) = o (V| Yij<t, Di)s

where V is the teacher vocabulary set, and y; ; <
denotes preceding tokens at position ¢. High E; ;;
indicates significant uncertainty about the appropri-
ate t-th token, making its reward signal less reliable,
thus it should be down-weighted. Conversely, a low
E; ;+ implies the teacher has a definite preference
for the quality of token y; ;. This entropy-based
approach provides a theoretically sound uncertainty
measure of the raw teacher rewards R;‘?’Cther .
Similar to the normalization in expertise coeffi-
cient, we map this continuous entropy to a weight

)\f‘;ni € [0, 1] using a linear rectification function
with two hyper-parameters, Efgﬁf and 601t
1 if By < el
conf conf _ B
Azjt - w fsrcnolrrllt<E,]t<€;?:xt7 (9)
0 if Eije > e

This mechanism ensures that the student model
receives strong guidance only when the teacher
is confident in its reward. When the teacher is
confused or ambiguous, the coefficient gradually
drops to 0, effectively shielding the policy from
noisy or uncertain teacher-derived reward.

3.2 Policy Optimization with TRAC

A key advantage of TRAC is its versatility: it op-
erates strictly at the reward design level, making
it orthogonal to the underlying advantage estima-
tion or objective function. Consequently, TRAC
is seamlessly compatible with various policy opti-
mization algorithms. In this work, we integrate our
TRAC with the widely adopted GRPO algorithm
(Guo et al., 2025), termed TRAC-GRPO, to eval-
uate its effectiveness in enhancing the reasoning
ability of LLMs.

For the problem p; sampled from the training
dataset D, the policy model mq , generates a group
of G trajectories V; = {v;1,...,¥ic}. Each tra-
jectory vij = (Vij1,-- .,yiyj,Liyj) consists of a
sequence of tokens with length L; ;.

Rewarding. We employ two distinct sources of
reward signals. First, each trajectory y; ; receives
a sparse outcome reward RO‘;‘COH‘C based solely on
final answer correctness. Second, each token y; ;1
has an instantaneous reward R;rjct derived from the
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teacher. Note that R;rjct is dynamically modulated
by our calibration coefficients and may drop to zero
if the teacher is deemed unreliable (as Eq. (1)).

Reshaped Advantage Estimation. To incorporate
our TRAC reward, we employ a reshaped advan-
tage estimation strategy. The core insight is to treat
the calibrated teacher-derived reward R%‘Ct as an
additive shaping term on the original group-relative
advantage solely based on outcome reward.
Specifically, we first compute the outcome ad-
vantage A;’}‘jtc"me by normalizing the sparse out-
come rewards within the trajectory group ); for
problem p;. Then, we incorporate the fine-grained
teacher-derived reward signal Rtral ", as an additive
term, resulting in the final advantage of each token
Yi j,t- This process can be formulated as follows:

outcome outcome | G
Aoutcome _ RY; mean {R Jj= 1)
,) - std ( { Routcome G ) ’
7=1
(10)
Arzsl:ﬁaped — Aoutcome + w - RHE‘CU (1 1)

where w is a hyper-parameter balancing the two
terms (default w = 1). mean(-) and std(-) denote
the operation to calculate mean value and standard
deviation, respectively. This additive reshape for-
mulation ensures that the relative ranking of tra-
jectories is anchored by the correctness, while the
teacher rewards provide dense guidance without
skewing the normalization statistics. We discuss
and compare other designs for advantage estima-
tion in the ablation study in (Appendix E.4).

Objective Function. Following GRPO (Guo et al.,
2025), our TRAC-GRPO optimizes the policy
model 7y by maximizing a clipped surrogate ob-
jective that leverages our reshaped advantage esti-
mates Aze;}fp °din Eq.(11). The training objective
is formulated as:

1
T0)Enro|g > 7
Jj=1

’th 1

Lij
reshaped
min (pl Js t A1 git

CLip (pea(0),1 - €1+ ) ATE) .
12)

where D denotes the training dataset and L; j is
the length of trajectory y; ;. The importance sam-

pling ratio p(0) = At
for distributional shift between the old policy g,
that generated trajectories and the current policy
7 being optimized. The clip(-,1 — €, 1 + €) op-
eration stabilizes training by constraining policy
update magnitudes, with clipping threshold e.

) corrects

4 Experiments

All the experiment settings and implementation
details are provided in Appendix D.

4.1 Main Results

We conduct extensive experiments across diverse
LLMs to comprehensively evaluate the effective-
ness of our TRAC-GRPO. Table 1 and Table 2 re-
port the results on Base LLMs and SFT-finetuned
LLMs, respectively. Besides, we apply further RL
to the models that have already undergone RL, with
results reported in Figure 5 and Figure 4.
Consistent Performance Superiority. Across
all experimental settings, TRAC-GRPO consis-
tently outperforms both GRPO (Shao et al., 2024b)
and DAPO (Yu et al., 2025). For instance, on
Qwen3-8B-Base (Table 1), TRAC-GRPO achieves
a substantial improvement of +3.3 and +2.8 aver-
age accuracy compared to GRPO and DAPO. On
DeepSeek-R1-Distill-Qwen-1.5B, TRAC-GRPO
surpasses GPRO and DAPO by +7.4 and +5.4, re-
spectively. These consistent gains validate that our
calibrated teacher rewards provide robust and high-
quality supervision, universally benefiting models
regardless of their size or initialization state.
Accelerating Convergence. Beyond performance
comparison, TRAC-GRPO significantly acceler-
ates the training convergence. As illustrated in Fig-
ure 3(a), our method reaches the peak training ac-
curacy of GRPO (originally achieved at step ~275)
by merely step ~80, representing a 3.4x speedup.
Furthermore, TRAC-GRPO does not merely con-
verge faster but also converges to a strictly higher
asymptotic performance level than both baselines.
A similar trend is observed in the test accuracy
curves shown in Figure 3(c), confirming that the
reliable dense reward allows the policy to master
reasoning patterns more efficiently.

Broadening Capability Boundaries. Beyond the
average accuracy, we analyze a more challenging
metric: the “Zero-Success Rate”, defined as the pro-
portion of training problems where the model fails
to generate a single correct solution among all sam-
pled rollouts. As Figure 3(b), TRAC-GRPO leads
to a lower zero-success rate compared to GRPO
and DAPO. This indicates that our method effec-
tively broadens the model’s capability boundaries,
converting more previously unsolvable problems
(where the model had zero probability of success)
into solvable ones, rather than simply increasing
the confidence in already mastered problems.
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Figure 3: Comparison of different methods on (a) training accuracy, (b) the percentage of training data where all
on-policy sampled rollouts are incorrect, and (c) test accuracy on the AIME25 benchmark. These results correspond

to the Qwen3-8B-Base experiments in Table 1.

Model | AIME24 AIME25 AMC23 MATH-500 MinervaMath OlympiadBench | Avg.
Qwen2.5-Math-7B-Base 2.1 29 11.9 19.5 7.5 6.1 8.3
+ GRPO 28.1 16.8 70.5 82.0 44.4 43.8 47.6
+ DAPO 30.0 19.6 72.5 82.2 43.8 43.4 48.6
+ TRAC-GRPO (Ours) 30.8 224 75.5 83.6 45.6 44.7 50.4
Qwen3-1.7B-Base 6.2 2.0 32.8 56.4 25.0 22.5 242
+ GRPO 12.8 79 42.5 68.4 34.6 32.1 33.1
+ DAPO 15.0 11.7 45.7 68.5 34.3 32.6 34.6
+ TRAC-GRPO (Ours) 17.2 12.8 50.2 69.8 35.7 33.8 36.6
Qwen3-4B-Base 8.7 2.1 41.2 64.5 36.1 34.6 31.2
+ GRPO 233 20.8 67.8 85.8 48.1 50.5 494
+ DAPO 24.1 213 71.2 86.0 47.8 50.9 50.2
+ TRAC-GRPO (Ours) 254 23.8 74.8 87.0 49.3 52.6 52.2
Qwen3-8B-Base 12.9 9.6 52.8 73.2 39.8 39.7 38.0
+ GRPO 25.6 20.2 69.7 85.8 49.5 50.7 50.3
+ DAPO 26.0 20.4 71.0 86.4 50.0 512 50.8
+ TRAC-GRPO (Ours) 29.5 24.0 75.5 88.4 50.8 53.5 53.6

Table 1: Comparison of different methods under Zero-RL (i.e., directly perform RL on base LLMs after pretraining).

Model ‘ AIME24 AIME25 AMC23 MATH-500 MinervaMath OlympiadBench ‘ Avg.
DeepSeek-R1-Distill-Qwen-1.5B 28.9 22.8 62.9 83.9 26.5 433 44.7
+ GRPO 30.2 235 67.0 84.1 27.3 45.1 46.2
+ DAPO 31.6 24.0 72.5 85.3 30.0 46.0 48.2
+ TRAC-GRPO (Ours) 38.0 28.4 75.8 87.9 41.6 49.7 53.6
OpenMath-Nemotron-1.5B 61.6 49.5 90.0 92.4 27.3 66.8 64.6
+ GRPO 63.3 529 89.1 92.3 26.4 67.2 65.2
+ DAPO 62.5 52.5 90.1 92.9 27.5 67.4 65.5
+ TRAC-GRPO (Ours) 67.1 55.8 90.6 93.3 28.5 68.0 67.2

Table 2: Comparison of different RL methods on SFT instruction-tuned LLMs. The experiments on DeepSeek-
R1-Distill-Qwen-1.5B and OpenMath-Nemotron-1.5B are trained on DeepScaleR-40K and OpenMathReasoning

dataset, respectively.

Stabilizing Training and Preventing Collapse.
As Figure 4, under GRPO and DAPO, the model’s
performance on AIME24 exhibits a continuous
downward trend, while AIME25 performance fluc-
tuates briefly before deteriorating, indicating ir-
reversible model degradation. In stark contrast,
TRAC-GRPO maintains a stable upward trend
throughout the training. This demonstrates that our
calibrated fine-grained guidance by TRAC serves
as a critical stabilizer, preventing training collapse
and ensuring consistent improvement.

Amplifying Data Utilization. We explore whether
fine-grained supervision can unlock further value
from data that appears saturated under sparse su-

pervision. Specifically, we continuously train
DeepScaleR-1.5B-Preview model on DeepScaleR-
40K, the exact dataset on which it was originally
converged using GRPO. Results in Figure 5 reveal
that standard GRPO struggles to yield further im-
provements, suggesting that sparse outcome sig-
nals are insufficient to capture the remaining subtle
patterns in the data. Conversely, TRAC-GRPO re-
vitalizes the learning process, achieving substantial
gains (+10.8 on Minerva, +11.4 on AMC23, and
+3.5 on AIME24). This underscores a critical in-
sight: the limitation lies not only in the data itself,
but in the reward signal design. While outcome
rewards only capture binary correctness, TRAC’s
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ously training DeepScaleR-1.5B-Preview on its original,
GRPO-converged source dataset (DeepScaleR-40K).

dense feedback mechanism allows the model to re-
evaluate and refine its intermediate reasoning steps,
effectively mining high-value supervision from the
same set of training trajectories.

Out-of-Domain (OOD) Comparison. We evalu-
ate the models on two representative OOD bench-
marks: GPQA (graduate-level science reasoning)
and RiddleSense (logical puzzle reasoning). As
shown in Table 3, TRAC-GRPO achieves a clear
gain of +2.8 on GPQA and +1.2 on RiddleSense
compared with GRPO, which demonstrates the su-
perior transferability of TRAC-GRPO. This indi-
cates that the superior in-domain capabilities ac-
quired via TRAC are not a result of overfitting to
the training distribution, but rather represent trans-
ferable reasoning skills that generalize effectively
to other domains.

4.2 Speed Analysis

We evaluate the computational efficiency of our
framework. Compared to the vanilla GRPO base-
line, TRAC-GRPO incurs only a marginal compu-
tational overhead (185 vs 210 seconds per step).
This increase is minimal because TRAC requires
only a single inference pass from the teacher model

In-Domain Out-Domain
Method ‘ Avg. GPQA  RiddleSense
- 38.0 35.5 66.8
GRPO 50.3 47.2 72.3
DAPO 50.8 48.0 72.7
TRAC-GRPO (Ours) 53.6 50.0 73.5

Table 3: Comparison of different methods on Out-of-
Domain (OOD) evaluation. The evaluated models are
from the Qwen3-8B-Base experiments in Table 1.

Time per step

Model Method (seconds)
GRPO 185

Qwen3-8B-Base DAPO 371
TRAC-GRPO 210
GRPO 418

OpenMath-Nemotron-1.5B | DAPO 552
TRAC-GRPO 494

Table 4: Comparison of training speed between differ-
ent methods.

to compute rewards.

Notably, TRAC-GRPO demonstrates superior
training efficiency compared to DAPO. DAPO re-
lies on computationally expensive rejection sam-
pling to ensure a mix of correct and incorrect
trajectories for each problem, aiming to prevent
zero-gradient issues when all samples share the
same outcome reward. In contrast, our token-level
TRAC rewards naturally introduce reward differ-
ences across trajectories, even among those with
identical final outcomes (all correct or all wrong).
This eliminates the need for repeated rejection sam-
pling like DAPO, making TRAC-GRPO strictly
more efficient than DAPO in practice.

4.3 Ablation Study

Due to space constraints, we present comprehen-
sive ablation studies in Appendix E, covering the
effectiveness of the TRAC reward, the impact of
each calibration coefficient, the comparison of ad-
vantage estimation strategies, the choice of teacher
models, etc.

5 Conclusion

In this paper, we propose TRAC, a robust frame-
work designed to mitigate noisy supervision in
teacher-guided RL for LLM reasoning. By imple-
menting a multi-granularity calibration mechanism,
spanning problem expertise, trajectory discrimina-
tion, and token confidence, TRAC effectively fil-
ters flawed teacher signals. Extensive evaluations
demonstrate that our method consistently achieves
state-of-the-art performance.
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7 Limitations

In this paper, we present a novel framework de-
signed to provide robust and effective fine-grained
reward signals. While the efficacy of our approach
has been rigorously validated through extensive
testing in mathematical reasoning tasks, its applica-
bility to multimodal and video reasoning remains
to be explored due to current constraints in time
and computational resources. We plan to secure
additional resources to conduct further verification
and expand the scope of our experiments across a
broader range of scenarios in future work.

8 Ethical Considerations

We strictly adhere to the licensing terms of all sci-
entific artifacts used in this study. As our method-
ology involves neither the generation nor the col-
lection of raw training data, but rather relies ex-
clusively on established benchmarks and publicly
available datasets vetted by the academic commu-
nity, this work does not pose any privacy infringe-
ment risks. However, we acknowledge that these
datasets are predominantly English-centric, reflect-
ing a systemic bias within the current Al ecosys-
tem. In the future, we commit to and call upon
the research community to join us in expanding
efforts toward more linguistically diverse datasets
and evaluation benchmarks to ensure broader inclu-
sivity.
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A Potential Risks

The proposed method demonstrates significant po-
tential in augmenting the logical inference of large-
scale models across various domains. However,
we must candidly address the ethical challenges
inherent in such technological leaps. The enhanced
reasoning power could, if misappropriated, be used
to facilitate intrusive surveillance systems or cat-
alyze the production of malicious content. Address-
ing these challenges requires a multi-stakeholder
approach: we call upon fellow researchers to priori-
tize safety alignment and emphasize that technolog-
ical innovation must be complemented by rigorous
legal and regulatory safeguards. Only through col-
lective oversight and responsible deployment can
we prevent the weaponization of these advanced
Al capabilities.

B AI Usage Declaration

The authors affirm that the manuscript was origi-
nally conceived and drafted by the research team.
The generative Al tool, ChatGPT, was employed ex-
clusively for linguistic refinement, including proof-
reading and grammatical corrections, to ensure clar-
ity and professional expression. The final version
has been thoroughly reviewed and approved by all
authors, who remain fully accountable for the in-
tegrity and accuracy of the content.

C Related Work

C.1 LLM Reasoning

Recent years have witnessed remarkable strides
in the reasoning capabilities of Large Language
Models (LLMs) (OpenAl, 2024b, 2025; Shao et al.,
2024a; Guo et al., 2025; DeepMind, 2025; Wei
et al., 2022; Anthropic, 2025; Yang et al., 2024a),
leading to significant performance gains in critical
domains such as mathematics (AIME, 2024; AMC,
2023; GaoKao, 2024; Cobbe et al., 2021) and pro-
gramming (Jain et al., 2024). For a long time,
the Chain-of-Thought (CoT) (Wei et al., 2022)
paradigm has served as the foundational frame-
work for LLM reasoning, enabling models to gen-
erate step-by-step intermediate thoughts before ar-
riving at a final answer. This capability is typically
elicited through meticulously designed prompts
(Wei et al., 2022) or specifically formatted datasets
(Shao et al., 2024a; Zelikman et al., 2022). Build-
ing on this, advanced reasoning topologies, such
as the Tree-of-Thought (ToT) (Yao et al., 2023)

and Graph-of-Thought (GoT) (Besta et al., 2024),
have been proposed to further enhance reasoning
structures. A major milestone was reached with
OpenAl’s ol (OpenAl, 2024b), which introduced
a self-reflection mechanism within the CoT pro-
cess, allowing for extended and more deliberate
thinking. DeepSeek-R1 (Guo et al., 2025) further
advanced this field as the first open-source Long-
CoT work, demonstrating that models can sponta-
neously evolve reflection-based reasoning patterns
through Reinforcement Finetuning (RFT) using
verifiable reward. Consequently, a growing body
of research has emerged focusing on, such as, cu-
rating high-quality data for RFT (Ye et al., 2025;
Luo et al., 2025; Hu et al., 2025; Team, 2025a,b;
Li et al., 2025), and improving RL algorithms (Yu
et al., 2025; Hu, 2025; Zhang et al., 2025; Lu et al.,
2025; Liu et al., 2025b).

C.2 Dense Rewarding

Reinforcement Fine-Tuning (RFT) (Schulman
et al., 2017; Shao et al., 2024a) optimizes LLM
reasoning (Guo et al., 2025; Yang et al., 2024a,b,
2025; DeepMind, 2025; OpenAl, 2024b) through
verifiable scalar rewards. DeepSeek-R1 (Guo et al.,
2025) demonstrated the power of binary outcome
rewards for verifiable tasks. Such rewards can
range from the objective correctness of answers
in mathematical or coding tasks to subjective LLM-
based judgments in unstructured scenarios such
as writing and translation (Wang et al., 2024b; Li
et al., 2023a; McAleese et al., 2024; Zheng et al.,
2023).

However, outcome rewards suffer from a severe
limitation: reward sparsity (Uesato et al., 2022).
The vast majority of tokens and intermediate rea-
soning steps generated by the model do not receive
customized reward signals. Beyond traditional out-
come rewards, Process Reward Models (PRMs)
(Uesato et al., 2022; Li et al., 2023b; Ma et al.,
2023; Pan et al., 2023; Lu et al., 2024; Liu et al.,
2025a; Zeng et al., 2025) offer a more granular
feedback signal and have become a focal point
of recent research. The development of PRMs
necessitates step-specific supervision, which can
be acquired through manual annotation (Lightman
et al., 2023) or via automated pipelines (Wang
et al., 2024a). In the latter case, the system per-
forms multiple rollouts originating from a given
reasoning step; the resulting accuracy of these tra-
jectories then quantifies the quality of that particu-
lar step. Although process rewards are more fine-
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grained than outcome rewards, they remain rela-
tively coarse, as each step still encompasses many
tokens (Yu et al., 2025). Several recent studies
have investigated token-level reward mechanisms
(Cui et al., 2025; Lyu et al., 2025; Lee and Tong,
2025; Fei et al., 2025; Xie et al., 2025; Lee et al.,
2024) to provide more granular supervision. No-
tably, PRIME (Cui et al., 2025) and SPRO (Fei
et al., 2025) employ the difference in log probabil-
ities between the reward and reference models to
derive a per-token reward. Methods like TVM (Lee
et al., 2024) and T-SPMO (Lee and Tong, 2025) ex-
plore token-level rewards through different lenses:
the former optimizes a scalar-head LLM to predict
success probabilities, whereas the latter utilizes the
statistical difference in average rewards between
prefixes to isolate a token’s individual contribution.

D Experimental Settings

D.1 Model

Our experiments encompass a diverse set of mod-
els across different training stages: (1) Pre-trained
base models, including Qwen2.5-Math-7B-Base
and the Qwen?3 series (1.7B, 4B, and 8B variants);
(2) Instruction-tuned models (SFT), specifically
DeepSeek-R1-Distill-Qwen-1.5B and OpenMath-
Nemotron-1.5B; and (3) Fully post-trained models
(SFT + RL), such as Qwen3-1.7B and DeepScaleR-
1.5B-Preview.

D.2 Training Datasets

Our training pipeline utilizes two primary datasets
to facilitate the reinforcement learning process:
DeepScaleR-40K and OpenMathReasoning. We
maintain a clear distinction in data application
based on the target model architecture to ensure
compatibility with their respective pre-training or
instruction-tuning stages. Specifically, for exper-
iments involving OpenMath-Nemotron-1.5B, we
employ the OpenMathReasoning dataset as origi-
nally proposed by the authors. For all other model
configurations, including our base and instruction-
tuned variants, we utilize DeepScaleR-40K as the
standard training corpus. This curated selection of
high-quality reasoning data provides the necessary
diversity and depth to support the emergence of
robust long-chain reasoning capabilities across the
evaluated model series.

D.3 Training Settings

For our experimental configuration, we maintain a
consistent optimization framework across all runs
while tailoring specific computational constraints
to the model type. For all base models, we employ
a global batch size of 256 and a maximum response
length of 8,192 tokens; however, for instruction-
tuned models, these are adjusted to a batch size
of 128 and an extended sequence length of 16,384
tokens to accommodate longer reasoning trajecto-
ries. Across all experiments, we utilize a constant
learning rate of 1e-6 without decay, a weight decay
of 0.01, and a PPO mini-batch size of 64. Notably,
we omit the KL penalty term in the objective func-
tion and set the entropy coefficient to 0. During
on-policy sampling, we use a temperature of 1.0
and generate 8 trajectories per data point to ensure
a robust estimation of reward signals.

D.4 Evaluation Settings

For our experimental evaluation, we conduct com-
prehensive testing across both in-domain and out-
of-distribution (OOD) benchmarks to assess the
reasoning performance and generalizability of the
models. In-domain evaluation is performed on six
challenging mathematical reasoning benchmarks,
including AIME24 (AIME, 2024), AIME?2S,
AMC23 (AMC, 2023), MATH-500 (Hendrycks
et al., 2021), MinervaMath (Lewkowycz et al.,
2022), and OlympiadBench (He et al., 2024). To
investigate whether the enhanced reasoning capa-
bilities can transfer to other domains, we also con-
duct OOD evaluations on the GPQA benchmark
(Rein et al., 2024), which consists of expert-level
STEM questions in biology, physics, and chemistry,
and RiddleSense (Lin et al., 2021), a benchmark
focused on complex logical puzzles. During eval-
uation, we report the average Pass@1 Accuracy
by sampling 8 trajectories for each model. The
sampling parameters are consistently set with a
temperature of 0.6, a top-p value of 0.95, and a
maximum sequence length of 32k tokens for all
models. Specifically, following the official Qwen3
configuration, we set top-k = 20 for all Qwen3
series models, while a top-k = —1 is applied to all
other models.

D.S Implementation Details of TRAC

Regarding the implementation of our proposed
TRAC framework, we maintain a default trade-off
weight of w = 1 in Eq. 11 to balance the learn-
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ing objectives. The dynamic adjustment of the
importance weights relies on several key hyperpa-
rameters across the expert and confidence modules.
Specifically, for the expert-based filtering in Eq. 5,
we define €5, = 1.0 and ¢, = 0.1 as the up-
per and lower thresholds for expert-guided reliabil-
ity, respectively. Similarly, in Eq. 9, 5% = 1.5
and €M = (0.2 represent the bounds for the
model’s self-confidence scores. These boundary
values were determined through a coarse-to-fine
grid search on a validation subset to ensure opti-
mal stability during reinforcement learning. For
our primary experiments, we utilize Qwen3-8B as
the default teacher model to provide supervisory
signals. Our ablation studies further explore the
impact of teacher scaling by comparing this default
with Qwen3-32B; results indicate that while the
larger 32B teacher provides marginal performance
gains, the 8B variant offers a more computationally
efficient balance for large-scale training.

E Ablation Study

We perform a comprehensive ablation study to in-
vestigate the contribution of each component in
our framework. All experiments are conducted
using the Qwen3-8B-Base model trained on the
DeepScaleR-40K dataset. The results are summa-
rized in Table 5.

E.1 Effectiveness of Token-level Teacher
Reward

We first evaluate the fundamental impact of intro-
ducing dense teacher signals Rfﬁher (defined in 1)
into the sparse-reward GRPO framework. Compar-
ing the baseline GRPO (Table 5 line 1) with the
uncalibrated teacher reward setting (Table 5 line
2), we observe that simply adding raw teacher re-
wards yields only marginal improvements (+0.7%
on AIME24).

E.2 Effectiveness of Calibration Mechanism

The pivotal contribution of our method lies in the re-
liability of the supervision. By applying our TRAC
calibration mechanism to the raw teacher signals,
we observe a dramatic performance surge. As Ta-
ble 5, comparing line 6 (Full TRAC) with line 2
(Uncalibrated), the performance jumps from 26.3
to 29.5 on AIME24, a substantial +3.2 gain solely
attributable to calibration. This stark contrast high-
lights that the efficacy of fine-grained rewarding
depends less on the mere presence of dense rewards

and more on their quality and reliability. TRAC ef-
fectively purifies the noisy teacher feedback, ensur-
ing that the student only learns from high-quality,
trustworthy signals.

E.3 Efficacy of Each Calibration Coefficient

To dissect the source of these gains from the cali-
bration mechanism, we analyze the impact of each
calibration coefficient individually by applying it
one at a time to the raw teacher reward (line 2). As
shown in Table 5,

* Problem-wise Expertise (A*P™): As line 3, fil-
tering out problems where the teacher is incom-
petent provides the most substantial individual
boost (+1.6 on AIME24 over line 2), validating
that preventing the “blind leading the blind” is
crucial.

* Trajectory-wise Discrimination (A\%5°): Line 4
demonstrates that ensuring the teacher’s pref-
erence aligns with ground-truth correctness im-
proves performance by +1.3 on AIME24, con-
firming the importance of consistent ranking.

* Token-wise Confidence (\°°™): Line 5 shows
that down-weighting uncertain tokens brings a
+0.7 gain, proving the benefit of fine-grained un-
certainty management.

Most importantly, combining all three coefficients
(line 6) yields a performance gain that exceeds any
single component, demonstrating the synergistic
and complementary effect of multi-granular calibra-
tion. In summary, each coefficient is indispensable,
as they target distinct sources of noise across differ-
ent granularities that cannot be substituted by one
another."

E.4 Advantage Estimation Strategy for
Incorporating TRAC

A critical design choice in our framework is how
to integrate the dense teacher-derived rewards with
the sparse outcome rewards. We compare our pro-
posed “Reshaped Advantage Estimation” (which
decouples the two terms) against a straightforward
“Naive Advantage Estimation” strategy.

Definition of Naive Strategy. The Naive strategy
follows the standard GRPO paradigm by first aggre-
gating all reward signals into a unified scalar and
then performing group-wise normalization. Specif-
ically, it computes the total reward R; ;, as the
weighted sum of the outcome reward and the cal-
ibrated teacher reward. Since GRPO requires a
trajectory-level scalar for baseline computation, it
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Teacher Calibration Mechanism Advantage Teacher
Reward expert \dise conf Estimation Model AIME24 AIME25
1 - - - - reshaped - 25.6 20.2
2 v - - - reshaped Qwen3-8B 26.3 21.5
3 v v - - reshaped Qwen3-8B 279 23.0
4 v - v - reshaped Qwen3-8B 27.6 22.1
5 v - - v reshaped Qwen3-8B 27.0 22.5
6 v v v v reshaped Qwen3-8B 29.5 24.0
7 v v v v naive Qwen3-8B 26.8 22.2
8 v v v v reshaped Qwen3-32B 29.9 243

Table 5: Ablation study for key designs in our method on the (a) effectiveness of calibration mechanism, (b) impact
of each calibration coefficient, (c) advantage estimation strategy for incorporating teacher-derived rewards, and (d)

choice of teacher model.

typically averages the token-level rewards over the
trajectory length L; ;:

Riji = RY™ +w- Ry, (13)
_ 1 L
R;; = L: : ZR@J‘,M (14)
bl =1
naive __ Rivjvt B mean({RiJ}]G:l) (15)
= _
" Std({Ri,j}?:l)

where w is a trade-off coefficient. mean(-) and
std(-) are mean and standard deviation operation,
respectively. This approach couples the teacher’s
feedback directly into the normalization statistics
of the group.

Theoretical Flaw: Unfair Penalization. We iden-
tify a critical flaw in this coupled “Naive Advan-
tage Estimation” due to the selective nature of
TRAC. Our calibration mechanism intentionally
suppresses the teacher reward (1%, — 0) when
the teacher is deemed unreliable (e.g., lack of ex-
pertise or high uncertainty). Crucially, this suppres-
sion stems from the teacher’s incompetence, not the
policy model’s error. However, in the Naive formu-
lation, a trajectory with suppressed teacher rewards
will have a lower total score R; j compared to oth-
ers where the teacher was active. Consequently,
during group normalization, these trajectories are
unfairly penalized (assigned negative advantages)
simply because the teacher failed to provide guid-
ance. This introduces a systematic bias, as the
penalty for an imperfect teacher is wrongly trans-
ferred to the student policy.

Empirical Verification. The experimental results
in Table 5 strongly support this analysis. Compar-
ing line 6 (Reshaped) with line 7 (Naive) reveals
a stark performance gap: using the naive strategy
causes a significant performance drop of -2.7 on

AIME24 (29.5 — 26.8). This confirms that our
Reshaped Advantage Estimation is essential. By
treating the teacher reward as an additive shaping
term after the outcome-based normalization (as de-
tailed in Sec.3.2), we preserve the unbiased nature
of the group baseline while effectively incorporat-
ing dense supervision, thereby avoiding the pitfalls
of the naive coupled approach.

E.5 Choice of Teacher Model

We investigate the impact of different teacher mod-
els. As shown in Table 5, the stronger Qwen3-
32B teacher (line 8) naturally yields slightly bet-
ter performance than the Qwen3-8B teacher (line
6) (29.9 vs 29.5). It is remarkable that the 8B
teacher already achieves competitive results, signif-
icantly outperforming the baseline. This indicates
that TRAC is highly effective even in the scenario
where a stronger external teacher is unavailable, as
the calibration mechanism effectively extracts the
model’s own high-confidence knowledge to correct
its errors. Therefore, we apply Qwen3-8B as the
teacher model for training 1.5B ~ 8B level model
in our experiments. When scaling up to larger and
more capable policy models (e.g., > 8B model),
employing a correspondingly stronger teacher is
advisable to ensure the quality and upper bound of
the supervision.

F Comparison with Other Dense
Rewards

We compare our TRAC against other existing dense
rewards, including explicit Process Reward Models
(PRMs) and alternative token-level formulations.
As shown in Table 6, our TRAC achieves supe-
rior performance across benchmarks, outperform-
ing existing process-level and token-level rewards.
Notably, our experiments reveal that calibrated sig-
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Reward Fine-grained

Granularity ‘ Method ‘ Reward Source AIME24 - AIME25
- | - | - | 138 8.7
trajectory-level ‘ GRPO ‘ - ‘ 23.7 27.1
process-level | GRPO | Qwen25-Math-PRM-7B | 247 22.0
| GRPO | Skywork-ol-PRM-7B | 249 21.5
| PRIME | self-trained RM | 258 204
token-level ‘ SPRO ‘ policy model (self-guided) ‘ 24.6 21.2
| TRAC-GRPO | Qwen3-8B | 271 23.0

Table 6: Comparison of different dense rewards
(process-level or token-level) for RL. All the exper-
iments are trained on DeepScaleR-40K dataset and
Qwen3-1.7B model (non-thinking). The first row corre-
sponds to the baseline model before training. “RM” is
an abbreviation for “Reward Model”.

nals derived from off-the-shelf open-source strong
LLMs already eclipse the effect offered by cur-
rent open-source PRMs. This finding validates the
promising potential of the teacher-derived reward
paradigm, suggesting it offers a more scalable and
effective pathway for dense supervision than train-
ing specialized reward models from scratch.
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