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Abstract

Reinforcement learning (RL) has emerged as a powerful
framework to improve the reasoning performance of large
language models (LLMs), with approaches such as Group
Relative Policy Optimization (GRPO) showing promising re-
sults. However, GRPO and its variants struggle with col-
lapsed groups (i.e., all-correct or all-incorrect completions),
leading to zero-variance rewards and ineffective gradient
signals. Moreover, focusing solely on final answer correct-
ness while ignoring the reasoning process, along with rigid
length penalties, can hinder training stability and output qual-
ity. To address these issues, we introduce TAPO, a rein-
forcement learning framework that enhances optimization
signals by modifying sampled completions within training
groups. TAPO incorporates three core techniques: (1) Dy-
namic Teacher Injection (DTI), which selectively injects
high-quality or adversarial examples to restore effective gra-
dient signals in collapsed groups; (2) Perturbed Answer In-
jection (PAI), which makes partially correct completions to
provide contrastive supervision separating reasoning correct-
ness but wrong answer from the trajectories; and (3) InfoLen-
Aware Reward Shaping, a fine-grained reward strategy that
penalizes outputs based on both length and semantic redun-
dancy, encouraging concise yet informative responses. Ex-
tensive experimental results demonstrate that TAPO signif-
icantly improves the mathematical reasoning capabilities of
LLMs across multiple challenging benchmarks, outperform-
ing the GRPO baseline by a substantial margin. Component-
wise ablations further validate the contribution of each pro-
posed technique.

1 Introduction
In recent years, the rapid advancements in large-scale
language models (LLMs) have enabled significant break-
throughs in complex reasoning tasks. Notable exam-
ples include systems such as OpenAI-o1 (OpenAI 2024),
Deepseek-R1 (Shao et al. 2024), and Kimi-k1.5 (Team et al.
2025), which have achieved impressive results across chal-
lenging domains like mathematical reasoning (Liu et al.
2025; Seßler et al. 2024), code generation (Zheng et al.
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2024; Tong and Zhang 2024; Li et al. 2023), and scientific
problem solving (Wang et al. 2023; Ma et al. 2024; Lu et al.
2024).

Building on these advances, reinforcement learning (RL)
techniques have played a central role in aligning model be-
havior with desired reasoning patterns (Ziegler et al. 2019;
Bai et al. 2022; Wu et al. 2023; Chaudhari et al. 2024).
Among them, PPO (Schulman et al. 2017) is a classic
RL algorithm (Fig. 1(a)) widely used to fine-tune LLMs
for reasoning and alignment, but it relies on an auxiliary
value model (critic) to estimate returns, which adds com-
plexity and potential instability in training. Group Rela-
tive Policy Optimization (GRPO) (Shao et al. 2024) has
emerged as a strong alternative to traditional critic-based
methods (Haarnoja et al. 2018; Fujimoto, van Hoof, and
Meger 2018; Sutton et al. 2000) by directly computing rela-
tive rewards over sampled completion groups (Fig. 1(b)).

Despite promising progress in reinforcement learning
(RL) for large language models (LLMs), several key
challenges remain to be fully addressed. First, existing
RL frameworks like GRPO often encounter “collapsed”
groups (Yu et al. 2025) where all completions are either
correct or incorrect. These groups yield zero-variance re-
wards and thus provide no effective gradient signal, stalling
learning progress. DAPO (Yu et al. 2025) alleviates this is-
sue through dynamic sampling, selectively preserving only
groups with mixed correctness to ensure non-zero reward
variance. However, this approach may fail in early-stage
training or on particularly challenging tasks, where cor-
rect completions are extremely sparse and valid groups are
nearly impossible to collect. In such cases, the model en-
ters a regime of sample starvation, where no eligible group
can be formed to trigger updates. This severely limits train-
ing efficiency and scalability in low-signal regimes. Sec-
ond, existing reward functions in RL pipelines (Uesato et al.
2022; Pan et al. 2023; Guo et al. 2025) typically assign
scores based only on the final answer correctness, neglect-
ing the reasoning process and output semantics. This coarse-
grained reward signal may fail to distinguish between com-
pletions that demonstrate reasonable intermediate reasoning
but yield incorrect answers. Moreover, prior GRPO-based
methods (Zhang and Zuo 2025; Dai, Yang, and Si 2025; Yu
et al. 2025) penalize over-length completions by applying
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hard truncation strategies, wherein outputs exceeding a pre-
defined maximum length are forcibly clipped and assigned
punitive rewards. To improve reward continuity, DAPO in-
troduces length-based soft penalties that scale linearly with
the excess length. However, both strategies focus solely on
output length and ignore semantic redundancy. As a result,
verbose yet informative completions may be over-penalized,
while long but repetitive outputs can still receive moderate
rewards.

Motivated by the above limitations, we propose TAPO,
a reinforcement learning framework that improves training
stability and reasoning supervision through structured in-
terventions on sampled completions. TAPO integrates three
components. Dynamic Teacher Injection (DTI) repairs col-
lapsed groups by injecting contrastive teacher samples and
directly assigning fixed advantages, enabling gradient up-
dates even when all completions are correct or incorrect.
Perturbed Answer Injection (PAI) introduces minimally al-
tered completions to distinguish valid reasoning from incor-
rect final answers, and similarly uses fixed advantage assign-
ment to provide stable feedback. InfoLen further improves
reward quality by jointly considering output length and se-
mantic redundancy, reducing noisy supervision and encour-
aging concise yet informative generation. Together, these
techniques improve optimization dynamics without modify-
ing model size.

We conduct extensive experiments across multiple chal-
lenging mathematical reasoning benchmarks to evaluate the
effectiveness of TAPO. Using DeepSeek-R1-Distill-Qwen-
1.5B (Guo et al. 2025) as the backbone, TAPO achieves an
average accuracy of 62.87%, significantly outperforming the
Naive GRPO baseline (34.3%) and other 1.5B and 7Bscale
models such as Still-1.5B (Chen et al. 2025) and Qwen2.5-
Math-7B-Instruct (Yang et al. 2024a). In particular, TAPO
improves the accuracy of AIME-2024 (of Problem Solving
2024) by 15.4 points over the base model and 10 points over
Naive GRPO baseline.

2 Related Work
Large Scale Reasoning Models. Recent advances have
demonstrated that scaling up language models not only im-
proves fluency and knowledge retention, but also unlocks
emergent capabilities in multi-step reasoning (Wei et al.
2022b; Wang et al. 2022b; Zhou et al. 2022). Instruction-
tuned models such as FLAN (Longpre et al. 2023) and
T0 (Sanh et al. 2022) improve generalization to unseen
reasoning tasks by fine-tuning on broad collections of in-
structional data. Chain-of-thought (CoT) prompting (Wei
et al. 2022a; Zhang et al. 2022; Wang et al. 2022a; San-
wal 2025) further enables large models to produce inter-
mediate reasoning steps, which significantly boosts perfor-
mance on arithmetic, symbolic, and commonsense bench-
marks. Complementary to prompting, several works en-
hance reasoning through external tool use and structured
intermediate computation. Program-Aided Language Mod-
els (PAL) (Gao et al. 2022) generate Python programs as
structured reasoning traces and execute them to solve prob-
lems more reliably. Toolformer (Schick et al. 2023) learns

to invoke external APIs, such as calculators and search en-
gines, in a self-supervised way to augment the model’s re-
sponses. Minerva (Lewkowycz et al. 2022) scales PaLM-
540B using math-focused corpora and achieves state-of-the-
art quantitative reasoning performance without tool usage.
Code LLaMA (Roziere et al. 2023) leverages code pretrain-
ing to enhance symbolic reasoning across programming and
mathematical domains. Recent proprietary systems such as
OpenAI-o1 reportedly achieve strong performance on com-
plex reasoning tasks via large-scale reinforcement learn-
ing (OpenAI 2024). However, the lack of public training de-
tails hinders analysis and reproducibility.

RL for LLMs. RL has emerged as a powerful framework
for aligning language models with human preferences and
reasoning quality (Ouyang et al. 2022; Xu et al. 2022; Bai
et al. 2022; Wu et al. 2023; Christiano et al. 2017; Stien-
non et al. 2020; Wang et al. 2024; Cao et al. 2024; Yan
et al. 2025). Proximal Policy Optimization(PPO) (Schul-
man et al. 2017) was first applied to large-scale instruc-
tion tuning in InstructGPT (Ouyang et al. 2022), where it
optimized outputs using reward models trained from hu-
man feedback. To address the inefficiency and instability
of reward-based methods, Direct Preference Optimization
(DPO) (Rafailov et al. 2023; Liu, Sun, and Zheng 2024;
Pal et al. 2024) reformulated the problem into direct pref-
erence optimization without an explicit reward model (Ak-
sitov et al. 2023; Yang et al. 2024b). Group Relative Policy
Optimization (GRPO) (Shao et al. 2024) extended this idea
to group-level comparisons, enabling multi-candidate opti-
mization with improved variance reduction.

Sample-Level Interventions for Optimizing Reasoning
Recent efforts in RL for LLMs have explored various strate-
gies to improve the training efficiency and reasoning per-
formance by operating on sampled completions. DAPO (Yu
et al. 2025) introduces a dynamic sampling mechanism
to discard degenerate reward groups (e.g., all-correct or
all-wrong), aiming to maintain effective gradient signals.
CPPO (Lin et al. 2025) further filters out low-advantage
completions to concentrate optimization on stronger sam-
ples. In the supervised setting, Rejection Sampling Fine-
Tuning (RFT) (Yuan et al. 2023) selects correct and diverse
reasoning paths to improve generalization. However, these
methods either discard potentially useful samples or rely on
external selection heuristics, which may lead to sample inef-
ficiency or biased supervision. In contrast, our TAPO frame-
work directly modifies sampled completions via structured
injection of contrastive examples, improving reward vari-
ance and training dynamics without increasing model size
or data scale.

3 Preliminaries
Reinforcement Learning for Large Language Models.
RL has recently become vital for aligning and enhancing the
reasoning abilities of LLMs. In principle, the objective is to
maximize an expected cumulative reward R over a dataset
D via optimizing a policy model πθ parameterized by θ:

J(θ) = Eq∼D, a∼πθ(·|q) [Rθ(a | q)] , (1)
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Figure 1: Comparison of reinforcement learning frameworks for LLMs. (a) PPO relies on a value model (critic) to estimate
token-level advantages. (b) GRPO simplifies this by computing normalized group-level rewards across sampled completions.
(c) TAPO builds on GRPO by introducing three techniques: Dynamic Teacher Injection (DTI) and Perturbed Answer Injection
(PAI), which modify group composition and advantage assignment, and InfoLen, which applies semantics-aware reward shap-
ing.

where q denotes an input instruction or question, and a
is the generated completion. The reward function Rθ(a|q)
measures the quality of the response a with respect to the
task goal, and can be instantiated via rule-based criteria (e.g.,
format correctness, factual accuracy), learned reward mod-
els, or preference comparisons.

Group Relative Policy Optimization (GRPO).
GRPO (Shao et al. 2024) extends PPO by sampling
multiple completions {oi}Gi=1 per query q and optimizing
the policy based on their relative advantages. Formally:

JGRPO(θ) = Eq∼D,{oi}∼πθold

[
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

min
(
ri,t(θ)Âi,t,

clip(ri,t(θ), 1−ϵ, 1+ϵ)Âi,t

)]
− λ · Eq [KL [πθ(·|q) ∥πref(·|q)]]

(2)
where ri,t(θ) =

πθ(oi,t|q,oi,<t)
πθold (oi,t|q,oi,<t)

is the token-level im-

portance ratio, and Âi,t =
ri−mean({Rj}G

j=1)

std({Rj}G
j=1)

denotes the
completion-level relative advantage applied across tokens.
The KL penalty term is computed with respect to a refer-
ence policy πref, which typically corresponds to the initial
pretrained model or an earlier policy checkpoint. This term
constrains the updated policy πθ from deviating too far from
πref, helping maintain training stability.

4 Our Method: TAPO
Unlike the RL methods mentioned above that treat sampled
completions uniformly, TAPO explicitly intervenes on sam-
pled groups and completions to improve reasoning optimiza-
tion (Fig. 1(c)). The key point herein is that both degen-
erate groups (where all outputs are either correct or incor-

rect) and ambiguous completions (e.g., valid reasoning but
incorrect final answer) impede the gradient guidance quality
and learning efficiency. Specifically, our approach consists
of three components: (1) Dynamic Teacher Injection (DTI),
which repairs collapsed groups by inserting a contrastive
teacher sample with fixed advantage; (2) Perturbed Answer
Injection (PAI), which perturbs partially correct completions
to provide process-sensitive supervision; and (3) InfoLen-
Aware Reward Shaping, which reduces reward noise by pe-
nalizing redundant overlength outputs. These techniques op-
erate under a unified objective that enhances optimization
without modifying the reward model or increasing model
size. In the following subsections, we first introduce the op-
timizaiton objective of TAPO, and then detail each compo-
nent.

TAPO Objective. TAPO extends GRPO by introducing
targeted interventions during advantage computation. Such
interventions include injecting teacher/perturbed samples
and adjusting advantage values correspondingly. The ac-
cording objective is defined as:

JTAPO(θ) = Eq∼D,{oi}∼πθold

[
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

min
(
ri,t(θ)Âi,t,

clip(ri,t(θ), 1−ϵ, 1+ϵ)Âi,t

)]
− λ · Eq [KL (πθ(·|q) ∥πref(·|q))]

(3)
where the advantage Âi,t is defined as:

Âi,t =


ateacher, if C = 0 or C = G (DTI)
aperturbed, if 0 < C < G and s < λ (PAI)
ri−µG

σG
, otherwise

(4)
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Figure 2: Sample Injection Strategies in TAPO. (a) Dynamic Teacher Injection (DTI) is triggered when all completions in a
group are either correct (All-Correct) or incorrect (All-Wrong). A positive or negative teacher sample is injected respectively.
(b) Perturbed Answer Injection (PAI) activates when correct and incorrect answers coexist. A correct completion is modified
by flipping its final answer to introduce contrast. These injected samples preserve group normalization structure and restore
gradient signal.

Unlike GRPO, TAPO decouples advantage computation
for a subset of injected samples, allowing fixed-value inter-
vention that bypasses noisy reward estimation.

Here, ri,t(θ) =
πθ(oi,t|q,oi,<t)
πθold (oi,t|q,oi,<t)

denotes the impor-
tance sampling ratio evaluated over the current (possibly
injected or perturbed) completion trajectory, and C =
|{oi | is_equivalent(oi, a)}| denotes the number of
completions equivalent to the reference answer a in the sam-
pled group. The random score s ∼ U(0, 1) and threshold
λ ∈ (0, 1) are used to probabilistically determine whether
to apply PAI when 0 < C < G. Injected or perturbed sam-
ples are assigned fixed advantage values (ateacher or aperturbed)
without recomputing rewards, ensuring stability of group-
wise normalization.

4.1 Dynamic Teacher Injection (DTI)
RL frameworks such as GRPO rely on reward vari-
ance within a sampled group of completions to com-
pute effective gradient updates. However, groups where all
completions are either correct or incorrect—termed col-
lapsed groups—produce zero-variance rewards, yielding
no training signal. Although some improvements, such as
DAPO (Yu et al. 2025), address this by filtering out col-
lapsed groups via dynamic sampling. While effective in
high-signal regimes, this strategy could breaks down in
early-stage training or on challenging datasets, where cor-
rect completions are scarce and valid groups are difficult to
obtain. In such cases, the model enters a state of sample star-
vation, where no eligible group can be formed for learning.

To address this issue, we propose Dynamic Teacher In-
jection (DTI), a targeted intervention that repairs collapsed
groups without discarding them. This process is illustrated
in Fig. 2(a). Given a query q and a group of G completions
o1, . . . , oG ∼ πθold , we determine the number of completions
semantically equivalent to the reference answer a:

C = |{oi | is_equivalent(oi, a)}| . (5)

When C = 0 or C = G, DTI injects a positive sam-
ple o+ derived from the ground-truth solution or a negative
sample o− drawn from an unrelated query, respectively. Un-
like previous methods that discard such groups or recompute
noisy rewards, DTI retains the injected sample in the group
and assigns it a fixed advantage ateacher via Advantage-Level
Intervention (ALI) (Sec. 4.4), ensuring stable optimization
without altering group-level reward statistics. DTI enables
full group utilization, restores gradient signal, and improves
sample efficiency. As shown in Fig. 5(a), it also accelerates
convergence and stabilizes training compared to GRPO and
dynamic sampling baselines.

4.2 Perturbed Answer Injection (PAI)
Current reinforcement learning frameworks for language
models typically rely on scalar rewards derived solely
from final answer correctness. While effective for aligning
surface-level outputs, such reward schemes penalize all in-
correct answers uniformly, regardless of the value of their
reasoning trajectories. Consequently, completions that fol-
low sound logic but contain minor answer errors are treated
on par with entirely wrong outputs. This lack of reasoning-
sensitive reward granularity impedes the model’s ability to
internalize robust inference patterns.

To address this issue, we propose Perturbed Answer Injec-
tion (PAI), which injects minimal yet structured contrastive
perturbations into sampled groups. The core idea is to retain
the original reasoning path while subtly altering the final an-
swer, enabling the model to receive supervision signals that
differentiate valid reasoning from mere correctness. Similar
to DTI, PAI is coupled with Advantage-Level Intervention
(ALI), assigning fixed advantage values to perturbed sam-
ples to reflect their partial correctness.

PAI is activated when the sampled group contains both
correct and incorrect completions (0 < C < G), and a ran-
domly drawn score s ∼ U(0, 1) falls below a predefined
threshold λ. Under this condition, we randomly select one
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correct completion oi and modify its final answer, yielding a
perturbed version õi that diverges from the reference answer
a while preserving the original reasoning structure. The per-
turbed sample õi replaces one of the original completions
and is assigned a fixed advantage:

Âi,t = aperturbed, if 0 < C < G and s < λ, (PAI activation)
(6)

This assignment ensures that perturbations are applied
only to mixed-validity groups under probabilistic gating.
The PAI mechanism is illustrated in Fig. 2(b), and the fixed
advantage aperturbed is defined via ALI (Sec. 4.4).

4.3 InfoLen-Aware Reward Shaping
In reinforcement learning training pipelines, it is common
to truncate completions that exceed a predefined maximum
length. By default, such overlong samples are assigned a
hard punitive reward to discourage excessive responses.
However, this may introduce reward noise, as valid but
lengthy reasoning processes could be penalized purely for
their output length, while short but semantically meaning-
less completions could receive disproportionately higher re-
wards. As a result, the model could misinterpret the penalty
as a signal against legitimate reasoning patterns, which
destabilizes training and impairs optimization.

To alleviate this issue, DAPO proposes Overlong Fil-
tering and Soft Overlong Punishment, which either mask
loss on truncated samples or penalize outputs proportion-
ally to their excess length. While effective in improving sta-
bility, these strategies rely solely on the length dimension
and risk suppressing completions that are long yet seman-
tically informative. Building upon these observations, we
introduce InfoLen, a fine-grained reward shaping method
that jointly considers completion length and semantic re-
dundancy, encouraging concise yet informative generation.
We implement this idea via a continuous penalty func-
tion applied to the reward signal. Given a completion y =
{y1, y2, . . . , y|y|} and a task-specific reference length Tref,
we split y into a prefix y[:Tref] and a suffix y[Tref:]. The seman-
tic redundancy s is computed via cosine similarity between
frozen sentence embeddings of the prefix and suffix:

s = sim(ϕ(y[:Tref]), ϕ(y[Tref:])). (7)

We then define a length-aware penalty as:

len_penalty(|y|) =


0, if |y| ≤ Tref,
|y|−Tref
Tmax−Tref

, if Tref < |y| ≤ Tmax,

1, if |y| > Tmax.
(8)

The total reward is shaped as:

rtotal = rbase − γ · (s · len_penalty(|y|)), (9)

where γ is a hyperparameter controlling penalty strength.
This design ensures that verbose yet informative comple-
tions are not overly penalized, while completions that are
both excessively long and semantically repetitive receive
stronger penalties. Our formulation jointly improves con-
ciseness and informativeness, and enables unified control via

a shared Tref. InfoLen is model-agnostic and can be seam-
lessly integrated into GRPO, DAPO, and other RLHF-style
training pipelines that operate on sampled completions. Em-
pirically, InfoLen yields more stable training and slightly
improved accuracy compared to other length penalty strate-
gies (see Figure 5(b) and Table 2).

4.4 Advantage-Level Intervention (ALI)
In prior attempts, we injected contrastive completions such
as DTI and PAI samples by directly modifying their reward
values. However, this design introduced unintended side ef-
fects. Specifically, altering individual rewards perturbed the
group-level statistics (mean and variance) used for advan-
tage normalization in GRPO-style training, thereby destabi-
lizing learning. As illustrated in Fig 3, reward perturbation
inflated the variance and misaligned advantage distributions
across the group.

To address this issue, we propose Advantage-Level In-
tervention (ALI), which bypasses reward-level modification
and directly intervenes at the advantage level. By assigning
fixed advantage values to selected samples while preserving
the original reward distribution, ALI maintains group-level
normalization and enables more stable and precise gradient
updates.

This strategy is adopted in the unified TAPO advantage
rule defined in Eq. 4, where ri is the scalar reward, and
µG and σG are the group-wise mean and standard deviation
computed over non-injected samples. This formulation en-
sures that injected samples contribute controlled optimiza-
tion signals without distorting intra-group statistics. Mean-
while, uninjected samples follow the standard normalization
path, preserving statistical integrity. As shown in Fig. 5(c),
ALI consistently provides smoother and more stable train-
ing compared to reward-level intervention (RLI), validating
its effectiveness in handling perturbed or contrastive sam-
ples across diverse group distributions.

Figure 3: Comparison of reward-level vs. advantage-level
intervention. (a) Injecting reward disrupts group statistics,
resulting in unstable advantages. (b) ALI directly sets ad-
vantage without affecting other samples, preserving normal-
ization consistency.

5 Experiments
In this section, we empirically validate that TAPO improves
the reasoning ability of the base model, and uncover several
insightful findings.
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Figure 4: Evaluation on the AIME 2024 benchmark. (a) Ac-
curacy comparison from base model to Naive GRPO and
TAPO. (b) Training reward progression shows that TAPO
achieves higher final reward and faster convergence than
both the Naive GRPO baseline and the variant with Dynamic
Sampling (DS).

5.1 Datasets and Evaluation Details
We train the model on a curated combination of
high-quality math reasoning datasets, including AIME-
2024 (of Problem Solving 2024), AMC (of Prob-
lem Solving 2023), OMNI-MATH (Gao et al. 2024),
and MATH (Hendrycks et al. 2021). For evaluation,
we use a diverse set of benchmarks spanning vary-
ing levels of difficulty: AIME-2024, AMC, MATH,
MATH-500, MINERVA-MATH (Lewkowycz et al. 2022),
OLYMPIADBENCH (He et al. 2024). Following standard
practice, we report PASS@1 accuracy as the primary evalu-
ation metric to assess performance.

5.2 Implementation Details
We implement TAPO based on the DeepSeek-R1-Distill-
Qwen-1.5B backbone (DeepSeek-AI 2025), and train it us-
ing the Verl distributed reinforcement learning training li-
brary (Sheng et al. 2024). For TAPO-specific hyperparame-
ters, we set the Perturbed Answer Injection (PAI) threshold
λ to 0.4, and assign the fixed advantage values for injected
samples as ateacher with a value of ±0.2 and aperturbed with
a value of 0.1. The training batch size is set to 32, and the
learning rate is set to 1×10−6. The KL regularization (Vieil-
lard et al. 2020) coefficient is set to 0.001, and the sam-
pling temperature is fixed at 0.6. Each input query is sam-
pled with 8 trajectories per iteration. To ensure robustness
against randomness, we perform all experiments with three
different random seeds and report the averaged outcomes.
All experiments are conducted on four NVIDIA RTX 4090
GPUs (24GB VRAM each).

5.3 Main Results
Table 1 summarizes the performance of TAPO-1.5B
and several strong baselines across six math reasoning
benchmarks: AIME 2024, MATH-500, AMC-2023, Min-
erva Math, OlympiadBench, and MATH. Our TAPO-1.5B
achieves the highest average accuracy of 62.87% among all
models, outperforming both parameter-matched baselines
and larger 7B-scale models. In particular, it surpasses the
best prior 1.5B baseline (Still-1.5B, 57.42%) by 5.45 points
and outperforms Qwen2.5-Math-7B-Instruct (7B, 50.70%)

by a large margin. Compared to its backbone, DeepSeek-R1-
Distill-Qwen-1.5B (28.9%), TAPO improves accuracy on
AIME 2024 by 15.4 points, corresponding to over 50% rel-
ative gain. Even when starting from Naive GRPO (34.3%),
TAPO further boosts performance by 10.0 points. These re-
sults demonstrate that our RL framework significantly en-
hances mathematical reasoning capability without increas-
ing model size. As shown in Fig. 4(a), TAPO also acceler-
ates training convergence and consistently achieves higher
reward scores compared to GRPO and GRPO+DS vari-
ants, demonstrating improved optimization dynamics under
our intervention strategies. This progression is visualized
in Fig. 4(b), which highlights the step-wise improvements
from the base model to GRPO and TAPO. TAPO also de-
livers consistent improvements across individual datasets.
These results indicate that TAPO enhances both challenging
competition-style tasks and stable academic benchmarks.
Notably, all gains are achieved without increasing model
size or using external datasets, but rather by applying tar-
geted sample-level interventions that refine the learning sig-
nal and improve training stability.

5.4 Ablation Studies
Dynamic Teacher Injection (DTI). DTI mitigates the
collapsed-group problem in GRPO-style training by repair-
ing groups where all completions are either correct or in-
correct, rather than discarding them. This intervention im-
proves sample efficiency and stabilizes training in early-
stage or low-signal regimes. As shown in Fig. 5, DTI yields
smoother curve and explicitly accelerates convergence. On
AIME-2024(Table 2), adding DTI to the GRPO baseline im-
proves accuracy from 34.3% to 39.7% (+5.4), validating its
effectiveness in restoring optimization in zero-variance sce-
narios.

PAI. Perturbed Answer Injection (PAI) is designed to en-
hance the model’s sensitivity to the correctness of the rea-
soning process, rather than relying solely on the correctness
of the final answer. Traditional training approaches tend to
focus only on whether the final answer is correct, which can
lead models to overlook the logical validity and coherence
of the reasoning process. As a result, they may lack robust-
ness when handling complex problems. PAI addresses this
by injecting perturbed versions of answers but reserving cor-
rect reasoning content, guiding the model to generate more
discriminative and informative thinking process. To validate
the effectiveness of PAI, we evaluated model performance
with and without PAI after applying Dynamic Teacher In-
jection (DTI). As shown in Table 2, adding PAI significantly
improves accuracy on the AIME2024 benchmark, raising it
from 39.7% to 42.8%, a gain of +3.1%. This result demon-
strates that PAI enhances the model’s sensitivity to process-
level consistency, thereby further improving its ability to
generate correct final answers.

InfoLen. Interestingly, although InfoLen operates with a
softer shaping mechanism than hard truncation or length-
only penalties, it achieves both higher accuracy and shorter
output lengths. These results illustrate three key advantages
of InfoLen over traditional length shaping strategies. First,
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Model AIME 2024 MATH 500 AMC 2023 Minerva Math OlympiadBench MATH Avg.

TAPO-1.5B 44.3 88.6 74.3 31.6 50.2 88.2 62.87
Still-1.5B (Chen et al. 2025) 32.5 84.4 66.7 29.0 45.4 86.5 57.42
Qwen2.5-7B-SimpleRL (Zeng et al. 2025) 26.7 82.4 62.5 39.7 43.3 85.1 56.62
Modelbase + Naive GRPO 34.3 84.5 65 28.2 43.7 85.5 56.86
Modelbase 28.9 82.8 62.9 26.5 43.3 86.2 55.08
Eurus-2-7B-PRIME (Cui et al. 2025) 26.7 79.2 57.8 38.6 42.1 83.8 54.70
rStar-Math-7B (Guan et al. 2025) 26.7 78.4 47.5 36.5 47.1 82.6 53.13
Qwen2.5-Math-7B-Instruct (Yang et al. 2024a) 13.3 79.8 50.6 34.6 40.7 85.2 50.70
O1-Preview (OpenAI 2024) 40.0 81.4 – – – – –

Table 1: Performance comparison across math benchmarks. All scores are percentages. Modelbase denotes the backbone
DeepSeek-R1-Distill-Qwen-1.5B (Guo et al. 2025).

Figure 5: Training reward progression under different settings. (a) TAPO with DTI achieves faster convergence and higher final
reward than the GRPO baseline and dynamic sampling (DS). (b) InfoLen reduces reward noise and yields smoother learning
dynamics compared to hard truncation and length-only penalty. (c) Advantage-Level Intervention (ALI) offers more stable
gradient supervision than reward-based intervention (RLI), especially in the presence of noisy or injected samples.

Figure 6: Impact of reward shaping strategies. InfoLen re-
duces redundancy while improving reasoning accuracy.

unlike Length-only Penalty which applies linear decay re-
gardless of content, InfoLen penalizes completions based on
both length and semantic redundancy. This encourages the
model to avoid verbose but uninformative responses while
retaining useful reasoning steps. As shown in Fig. 6, In-
foLen yields shorter outputs than length-only shaping (2793
vs 3187 tokens) while further improving accuracy. Second,
InfoLen promotes short yet informative completions. Since
its penalty reflects semantic redundancy rather than length
alone, the model learns to generate concise outputs with-
out omitting important content, leading to more efficient in-
ference patterns. Third, InfoLen improves training stability.

Model AIME24pass@1

DeepSeek-R1-Distill-Qwen-1.5B 28.9

Naive GRPO 34.3
+ DTI 39.7
+ PAI 42.8
+ InfoLen (TAPO) 44.3

Table 2: AIME2024 performance of progressive techniques
applied to TAPO. Note that ALI is applied wherever DTI
or PAI is used, and is not shown as a separate row in the
ablation table.

Compared to hard truncation strategies that introduce noisy
reward signals, InfoLen leads to more stable learning dy-
namics, as reflected by smoother reward progression during
training (see Fig. 5(b)).

6 Conclusion
We propose TAPO, a reinforcement learning framework that
enhances the reasoning capability of LLMs through targeted
sample-level interventions, including Dynamic Teacher In-
jection (DTI) and Perturbed Answer Injection (PAI), along
with InfoLen, a semantics-aware reward shaping strategy.
Extensive experiments across six math benchmarks such
as AIME 2024, AMC 2023, and MATH demonstrate that
TAPO significantly improves both accuracy and training sta-
bility over the Naive GRPO baseline, and also outperforms
strong 1.5B and 7B models without increasing model size.
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