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Abstract

Reinforcement Learning (RL) has become es-
sential for eliciting complex reasoning capa-
bilities in Large Language Models (LLMs).
However, the substantial memory overhead of
storing Key-Value (KV) caches during long-
horizon rollouts acts as a critical bottleneck,
often prohibiting efficient training on limited
hardware. While existing KV compression
techniques offer a remedy for inference, di-
rectly applying them to RL training induces
a severe policy mismatch, leading to catas-
trophic performance collapse. To address this,
we introduce Sparse-RL, which empowers sta-
ble RL training under sparse rollouts. We
show that instability arises from a fundamen-
tal policy mismatch among the dense old pol-
icy, the sparse sampler policy, and the learner
policy. To mitigate this issue, Sparse-RL in-
corporates Sparsity-Aware Rejection Sampling
and Importance-based Reweighting to correct
the off-policy bias introduced by compression-
induced information loss. Experimental results
show that Sparse-RL reduces rollout overhead
compared to dense baselines while preserving
the performance. Furthermore, Sparse-RL in-
herently implements sparsity-aware training,
significantly enhancing model robustness dur-
ing sparse inference deployment. The corre-
sponding training data and code are publicly
available on the repository1.

1 Introduction

Reasoning large models, such as OpenAI-o1 (Jaech
et al., 2024) and DeepSeek-R1 (Guo et al., 2025),
have demonstrated exceptional capabilities in tack-
ling complex reasoning tasks such as mathemat-
ical reasoning and code generation (Chen et al.,
2025; Liu and Zhang, 2025). Reinforcement learn-
ing (RL) has emerged as an effective post-training

*Equal Contributions.
†Corresponding Author.
1https://github.com/RUCKBReasoning/Sparse-RL

paradigm for enhancing LLMs’ strong reasoning
capabilities (Ouyang et al., 2022; Shao et al., 2024).
By incentivizing models to explore extended chains
of reasoning and optimizing them toward explicit
behavioral goals, RL enables LLMs to better align
with human preferences and execute tasks requir-
ing structured reasoning and verifiable decision-
making (Guo et al., 2025; Team, 2025).

The remarkable effectiveness of RL training
comes at an extremely high computational cost.
Modern RL training primarily consists of two
stages: rollout and training, with the rollout stage
dominating the overall time in RL execution. Re-
cent studies (Shao et al., 2025; Wang et al., 2025)
show that the rollout stage accounts for approx-
imately 70% of the total time. Simultaneously,
this large-scale generation faces a severe “memory
wall”: as the sequence lengths increase, the contin-
uously expanding KV cache consumes substantial
GPU memory (Zhao et al., 2025). To prevent out-
of-memory (OOM) errors during long-tail sample
generation, rollout batch sizes must be constrained.
This limitation reduces GPU utilization and con-
strains the throughput of scalable RL training.

To alleviate computational and memory bot-
tlenecks in RL training, KV cache compression
techniques offer a viable solution—originally de-
signed to accelerate long-context inference (Zhang
et al., 2023b). By selectively retaining key-
value pairs (typically identified through cumu-
lative attention scores), representative compres-
sion algorithms (e.g., H2O (Zhang et al., 2023b),
StreamingLLM (Xiao et al., 2023), SnapKV (Li
et al., 2024)) can effectively reduce memory com-
plexity from linear growth to a fixed token budget,
decoupling memory consumption from sequence
length. Given that existing training-free compres-
sion methods demonstrate strong performance in
inference scenarios, a natural question emerges:
Can these training-free compression methods be
directly applied to the rollout stage of RL train-
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Figure 1: Impact of Sparse-RL on training stability.
We compare training dynamics between naive GRPO
and Sparse-RL during Qwen2.5-7B training with R-KV
compression. While naive GRPO suffers from a re-
ward collapse and gradient spikes, Sparse-RL maintains
stable reward growth with gradient norms remaining
consistently low (appearing near the x-axis relative to
the massive spikes of the naive baseline).

ing? Theoretically, this could eliminate the afore-
mentioned long-tail memory shortage risk, thereby
supporting larger batch sizes to accelerate rollout.

However, directly applying compression meth-
ods designed for static inference to dynamic RL
training is non-trivial and faces the following
challenges: (1) Policy Mismatch: In standard
PPO (Schulman et al., 2017) or GRPO (Shao et al.,
2024), sampling and training policies typically orig-
inate from identical distributions. In this setup,
responses generated during sampling rely on a
sparse policy based on compressed key-value pairs,
while gradient updates utilize a dense policy. This
mismatch introduces a fundamental off-policy is-
sue (Yao et al., 2025; Liu et al., 2025). (2) Anoma-
lous Sample: Existing KV compression algorithms
are primarily designed for long-context inference
and do not account for the randomness inherent
in the RL exploration stage. During sampling, the
information loss induced by compression may gen-
erate anomalous samples such as infinite repetition
(example in Appendix G), which can produce mas-
sive negative gradients or noise, undermining the
stability of RL training. Crucially, these two ef-
fects jointly result in catastrophic training collapse.
The policy mismatch amplifies the influence of
corrupted trajectories, while anomalous samples
introduce extreme gradients and high-variance up-
dates. As observed in Figure 1, after training for
about 200 steps, the rewards of the naive GRPO

with R-KV (Cai et al., 2025) compression begin to
decrease and the gradient norm spikes at the same
time.

To address these challenges, we propose Sparse-
RL, a novel framework that enables stable RL train-
ing with sparse rollouts through KV cache com-
pression. For anomalous samples generated due to
KV compression, we design Sparsity-Aware Rejec-
tion Sampling, which utilizes the token probability
ratio between sparse and dense policies as a detec-
tor to eliminate anomalous sequence samples. To
further correct the policy mismatch within valid
samples, we use Importance-based Reweighting
which leverage the token probability ratio between
sparse and dense policies to reweight the policy gra-
dient, recovering unbiased estimates for the dense
learner. This design enables Sparse-RL to theoret-
ically achieve stable, efficient RL training under
relatively low memory budgets. Since its correction
mechanism relies solely on probability distribution
rather than specific compression operators, Sparse-
RL adapts to various mainstream training-free com-
pression algorithms, providing the community with
a universal, memory-efficient RL paradigm.

Our contributions can be summarized as fol-
lows: 1) We pioneer the exploration of integrating
training-free KV Cache compression technology
into the rollout phase of RL training. 2) We identi-
fied and resolved training collapse caused by policy
mismatch resulting from sparse rollouts. We pro-
pose Sparsity-Aware Rejection Sampling to filter
anomalous trajectories introduced by KV compres-
sion, and Importance-based Reweighting to ensure
stable policy updates. 3) We evaluate Sparse-RL
on 7 benchmarks with 4 models and 2 KV com-
pression methods. Under a fixed token budget,
Sparse-RL matches dense rollouts and even out-
performs them on Qwen2.5-1.5B. Up to 7B scale,
it retains over 96% of dense performance. 4) We
further observe that Sparse-RL inherently imple-
ments Sparsity-Aware Training, significantly en-
hancing model robustness during sparse inference
deployment in downstream tasks. This success-
fully bridges the gap between efficient training and
efficient deployment.

2 Related Work

Efficient Reinforcement Learning for LLM. Re-
inforcement Learning (RL) has emerged as the
cornerstone for eliciting complex reasoning ca-
pabilities in LLMs, as demonstrated by OpenAI-
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o1 (Jaech et al., 2024) and DeepSeek-R1 (Guo
et al., 2025). Unlike offline alignment methods
such as DPO (Rafailov et al., 2023), which are
data-efficient but lack exploratory capacity, online
algorithms like PPO (Schulman et al., 2017) and
GRPO (Shao et al., 2024) are essential for discov-
ering novel reasoning paths. Compared to PPO,
GRPO eliminates the critic by estimating advan-
tages through group-wise ranking, significantly re-
ducing memory consumption while maintaining
strong performance on verifiable reasoning tasks.
GSPO (Zheng et al., 2025) elevates the optimiza-
tion granularity from token-level to sequence-level,
rectifying the credit assignment ambiguity inher-
ent in dense rewards. From a system perspective,
frameworks like Seer (Qin et al., 2025), Agen-
tRL (Zhang et al., 2025a) and AReaL (Fu et al.,
2025) propose asynchronous architectures that de-
couple trajectory generation from policy learning,
significantly improve training throughput (Zhang
et al., 2025c,b).

KV Cache Compression. Existing methods pri-
marily include token eviction (Ge et al., 2023; Liu
et al., 2023; Li et al., 2024), merging (Zhang et al.,
2024), quantization (Hooper et al., 2024; Liu et al.,
2024), and low-rank decomposition (Sun et al.,
2024). For reasoning models, we consider dynamic
eviction strategies that continuously evicts key-
value caches during decoding. Early methods like
StreamingLLM (Xiao et al., 2023) use sliding win-
dows combined with attention sinks. SnapKV (Li
et al., 2024), PyramidKV (Cai et al., 2024) and
Ada-KV (Feng et al., 2024) prune tokens based
on attention scores. More recently, R-KV (Cai
et al., 2025) targets redundant tokens common in
reasoning chains. By eliminating redundancy via
similarity clustering during both pre-filling and de-
coding, R-KV achieves state-of-the-art results on
MATH500 (Hendrycks et al., 2021) and AIME24.
However, all aforementioned methods are designed
for inference, and their application to RL training
dynamics has not yet been investigated.

3 Problem Definition

In the context of RL training with KV cache com-
pression, we aim to optimize a policy πθ to maxi-
mize the expected objective. Due to sparse rollout
generation and policy staleness, three distinct pol-
icy distributions coexist during training, giving rise
to an intrinsic policy mismatch.

Notation We define an autoregressive LLM param-

eterized by θ as a policy πθ. We use x to denote an
input prompt and D as the prompt set. Under the
policy πθ, the likelihood of a response o to a prompt
x is denoted as πθ(o|x) =

∏|o|
t=1 πθ(ot|x, o<t)

where |o| is the number of tokens in o.

Dense Old Policy represents the ideal and uncom-
pressed policy derived from the full context history
o<t:

πθold(ot|x, o<t) = P (ot|x, o<t; θold) (1)

Sparse Sampler Policy is the policy actually used
for generating responses, emerging from the sparse
version of the dense old policy. Due to the use
of the KV compression operator M(·), the condi-
tional probability at time step t depends on com-
pressed historical information:

πθsparse(ot|x, o<t) = P (ot|x,M(o<t); θold) (2)

Note that while we denote it as πθsparse for notational
symmetry, it does not possess a distinct set of pa-
rameters; rather, it represents the sparse view of
πθold under compression.

Learner Policy is the policy currently being op-
timized, typically diverges from θold due to policy
staleness:

πθ(ot|x, o<t) = P (ot|x, o<t; θ) (3)

4 Methodology

To address the policy mismatch introduced by KV
compression, we first analyze the discrepancy from
an Importance Sampling (IS) perspective. Guided
by this derivation, we propose Sparse-RL, which
utilizes Sparsity-Aware Rejection Sampling to fil-
ter anomalous trajectories and Importance-based
Reweighting to recover unbiased gradient esti-
mates.

4.1 The Decomposition of Policy Mismatch

Standard on-policy RL algorithms (e.g., PPO) as-
sume the sampler policy matches the learner pol-
icy. In our setting, sampling from πθsparse intro-
duces a structural bias. To obtain an unbiased
gradient estimate for πθ, one would theoretically
employ the total importance sampling (IS) weight
wtotal =

πθ
πθsparse

.
We observe that the discrepancy between the

learner and the sparse sampler policy stems from
two distinct sources: the difference between dense

43190



and sparse policy distributions caused by infor-
mation loss during compression, and the standard
off-policy bias arising from optimizing new policy
based on empirical data generated by old policy.
Therefore, the importance weights can be decom-
posed as follows:

πθ(ot|x, o<t)

πθsparse(ot|x, o<t)
=

πθ(ot|x, o<t)

πθold(ot|x, o<t)︸ ︷︷ ︸
policy staleness

× πθold(ot|x, o<t)

πθsparse(ot|x, o<t)︸ ︷︷ ︸
sparsity-induced mismatch

(4)

4.2 Sparsity-Aware Rejection Sampling

Quantifying Distributional Discrepancy. KV
compression can be viewed as a lossy approxi-
mation operator M(·) on the historical state o<t.
While often accurate, this approximation causes
πθsparse to occasionally assign high probability to
tokens that are statistically impossible under the
full-context πθold , leading to abnormal sequences.
To detect these trajectories, we define the sparsity
consistency ratio ξt at each time step t:

ξt =
πθold(ot|x, o<t)

πθsparse(ot|x, o<t)
(5)

A value of ξt ≈ 1 implies local consistency be-
tween sparse policy and dense policy. Conversely,
ξt → 0 signals a support mismatch, where the
sparse policy enters a region of the state space un-
supported by the dense model.

Rejection Sampling. In reasoning tasks, a single
hallucinated step can invalidate the entire chain
of thought. Therefore, we use a strict sequence-
level validity constraint: a trajectory is accepted if
and only if every generated token remains within
the support of the dense policy. We define the
sequence-level rejection weight MRS(o) as:

MRS(o) =

{
0 if ∃t ∈ [1, |o|] s.t. ξt < ϵ

1 otherwise
(6)

where ϵ is a threshold (e.g., 1e-4). This implies that
if the sparse policy generates a single anomalous
token, the weight of the entire sequence is zeroed
out. As a result, the optimizer computes gradients
only from logically valid trajectories that remain
consistent with the behavior of the dense policy.

4.3 Importance-based Reweighting
As Sparse-RL is built upon GRPO (preliminaries
detailed in Appendix D), the policy model samples
a group of G outputs {o1, . . . , oG} from the sparse

policy πθsparse for a given prompt x. After filter-
ing out hallucinated trajectories through rejection
sampling, a distributional bias remains: the valid
samples are drawn from πθsparse , but we aim to esti-
mate expectations under the dense policygg πθold .
To rigorously correct this bias, we incorporate the
sparsity consistency ratio ξi,t =

πθold (ot|x,oi,<t)

πθsparse (ot|x,oi,<t)
as

a reweighting factor, and wi,t(θ) =
πθ(ot|x,oi,<t)
πθold (ot|x,oi,<t)

denote the ratio of policy staleness.
The objective function of Sparse-RL is formu-

lated as:

JSparse-RL(θ) =E x∼D
oi∼πθsparse

[
1

G

G∑

i=1

MRS(oi) ·
1

|oi|

|oi|∑

t=1

ξi,t

·min
(
wi,t(θ)Âi, clip

(
wi,t(θ), 1− ϵ, 1 + ϵ

)
Âi

)]

(7)
where MRS(o) zeros out entire anomalous trajec-
tories. The sparsity consistency ratio ξi,t is ap-
plied outside the clipping operator to unbiasedly
correct the distribution shift via importance sam-
pling, while the clipping is restricted to wi,t(θ) to
enforce the trust region constraint relative to the
dense policy.

Gradient Analysis For the Sparse-RL objective
(Eq. 7), the policy gradient ∇θJSparse-RL(θ) can be
derived as follows (clipping is omitted for brevity):

∇θJSparse-RL = E
x∼D

oi∼πθsparse

[
1

G

G∑

i=1

MRS(oi) ·
Âi

|oi|

·
|oi|∑

t=1

(
ξi,t · wi,t(θ)∇θ log πθ(oi,t|x, oi,<t)

)]

(8)
If we use V = {i | MRS(oi) = 1} to denote the

set of indices for valid trajectories that passed the
rejection sampling filter, the gradient becomes:

∇θJSparse-RL = E
x∼D

oi∼πθsparse

[
1

G

∑

i∈V

1

|oi|
· Âi

·
|oi|∑

t=1

(
ξi,t · wi,t(θ)∇θ log πθ(oi,t|x, oi,<t)

)]

(9)
The detailed derivation is provided in Appendix E.

Mechanistic Interpretation. The resulting gradi-
ent reveals a dual-level correction mechanism:

• Sequence-level Filtering (MRS): The sum-
mation

∑
i∈V effectively removes any output

oi that contains hallucinations or abnormal
reasoning steps caused by information loss.
This ensures the advantage estimates Âi are
not corrupted by out-of-distribution samples.
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Model Rollout
Method

GSM8K MATH500 Gaokao Minerva
Math

Olympiad AIME24 AMC23 Avg. Toks.
saving

Llama-3.2-1B-Instruct

Base – 36.2 22.8 17.9 5.5 5.5 1.2 8.8 14.0 -
GRPO Dense 51.2 33.6 28.8 8.8 8.7 2.9 12.8 21.0 -

GRPO w/ R-KV 49.8 30.0 23.9 5.5 7.6 1.7 12.8 18.8

35.1%↪→ + Sparse-RL 49.1 30.2 26.5 5.5 8.3 2.1 15.2 19.6

GRPO w/ SnapKV 52.2 33.6 26.5 5.5 9.0 2.9 13.8 20.5
↪→ + Sparse-RL 54.6 34.4 27.0 6.2 9.3 3.0 13.6 21.2

Qwen2.5-1.5B

Base – 43.5 21.0 18.4 4.0 4.0 0.3 7.5 14.1 -
GRPO Dense 72.9 58.0 46.5 16.9 21.6 3.6 28.5 35.4 -

GRPO w/ R-KV 48.8 34.0 32.5 7.0 11.6 1.0 21.2 22.3

53.3%↪→ + Sparse-RL 75.3 55.8 48.1 20.2 21.9 2.9 29.5 36.2

GRPO w/ SnapKV 66.3 37.6 33.8 8.1 16.1 3.1 18.0 26.1
↪→ + Sparse-RL 73.7 57.6 48.8 18.0 20.7 3.4 29.5 36.0

Qwen2.5-3B

Base – 76.0 55.8 45.2 19.9 21.6 4.1 27.3 35.7 -
GRPO Dense 83.5 64.2 56.9 25.0 29.8 6.0 38.6 43.4 -

GRPO w/ R-KV 79.0 56.6 46.2 21.7 23.0 4.7 27.0 36.9

42.0%↪→ + Sparse-RL 84.6 65.6 53.5 26.5 27.7 4.6 37.4 42.8

GRPO w/ SnapKV 79.0 54.2 48.3 19.5 23.6 5.2 30.5 37.2
↪→ + Sparse-RL 83.4 64.0 54.8 25.4 25.9 5.3 39.1 42.6

Qwen2.5-7B

Base – 81.6 57.4 52.2 22.1 26.4 7.3 35.5 40.4 -
GRPO Dense 91.0 73.8 63.9 37.1 39.1 14.5 52.5 53.1 -

GRPO w/ R-KV 88.0 64.2 57.1 23.2 30.7 8.8 43.8 45.1

39.4%↪→ + Sparse-RL 91.5 72.0 61.8 32.7 36.6 12.5 52.7 51.4

GRPO w/ SnapKV 73.4 54.6 46.0 16.9 19.0 2.6 25.2 34.0
↪→ + Sparse-RL 90.1 71.4 60.8 26.8 32.9 10.2 47.6 48.5

Table 1: Main results on 7 mathematical reasoning benchmarks. We compare our Sparse-RL framework (instantiated
with R-KV and SnapKV) against the uncompressed Dense-GRPO baseline and the Naive sparse rollout baseline.
The “Toks. saving” column indicates the reduction in KV cache storage compared to the dense rollout baseline
during training. The top two performances are highlighted in bold and underlined.

• Token-level Reweighting (ξi,t): For the ac-
cepted trajectories, the token-level gradient is
reweighted by ξi,t to eliminate the distribution
gap between sparse and dense policy.

5 Experiments

5.1 Experimental Setup

Backbone Models We conduct zero RL train-
ing experiments on Qwen2.5 (1.5B/3B/7B) (Qwen
et al., 2025) and Llama-3.2-1B-Instruct (Dubey
et al., 2024), to cover various model sizes and ver-
ify cross-architecture generalization.

Training Datasets Our experiments use the
SimpleRL-Zoo (Zeng et al., 2025) dataset, which
integrates the training sets of GSM8K (Cobbe et al.,
2021) and MATH (Hendrycks et al., 2021). This

dataset is chosen based on the observation that,
when initiating ZeroRL directly from a base model,
successful training critically depends on using data
that matches the model’s capability. The dataset is
divided into three difficulty levels: Easy (GSM8K
and MATH level 1), Medium (MATH levels 1–4),
and Hard (MATH levels 3–5), with each split con-
taining approximately 8,000 problems. Given the
strong mathematical capabilities of the Qwen2.5
series and llama3.2 instruct models, we use the
hard level split as our training dataset.

Evaluation We evaluate the performance
of our method on 7 standard mathemati-
cal reasoning benchmarks: GSM8K (Cobbe
et al., 2021), MATH500 (Hendrycks et al.,
2021), Gaokao (Zhang et al., 2023a), Min-
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Figure 2: Comparison of training curves between GRPO-Dense and GRPO + Sparse-RL (with R-KV) on Qwen2.5-
3B over 400 training steps. Left: Average rewards per step. Middle: Average response length (tokens). Right:
Policy entropy.

erva Math (Lewkowycz et al., 2022), Olympiad-
Bench (He et al., 2024), AIME242 and AMC233.
For AIME24 and AMC23, we report Avg@32: for
each problem, we sample 32 responses and calcu-
late the mean accuracy among these 32 responses;
the final score is the average of the mean accuracy
for each item over the dataset. For the other six
benchmarks, we report Pass@1: generating one
response per problem.

Baselines To assess the efficacy of our proposed
framework, we design a comparative study involv-
ing three primary configurations:

• Base: The base model without RL training.

• GRPO (Dense Rollout): The standard GRPO
algorithm using full KV cache rollouts with-
out any compression. This serves as the
dense baseline to measure the performance
gap caused by sparse approximation.

• GRPO (Naive Sparse Rollout): We directly
apply the KV cache compression methods
(specifically R-KV and SnapKV) during the
rollout generation phase of GRPO, devoid of
off-policy correction mechanisms. This base-
line highlights the catastrophic performance
collapse arising from the policy mismatch.

• GRPO + Sparse-RL (Ours): We instanti-
ate our Sparse-RL framework with two dis-
tinct compression algorithms: Sparse-RL +
SnapKV (representing attention-based com-
pression) and Sparse-RL + R-KV (represent-
ing redundancy-aware compression).

2huggingface.co/datasets/AI-MO/aimo-validation-aime
3huggingface.co/datasets/AI-MO/aimo-validation-amc

Implementation Details Our training is based on
the slime framework (Zhu et al., 2025). We adopt
a strict binary reward scheme, assigning a reward
of 1 to correct responses and 0 otherwise. For each
prompt, we sample G = 8 rollouts with a tempera-
ture of 1.0, top-p of 1.0, and a maximum response
length of 4096 tokens. The global rollout batch
size is set to 1024, with an update batch size of
256. The learning rate is set to 1e-6 with a KL loss
coefficient of 1e-4. The ratio of rejection sampling
is set to 1e-4. As for compression parameters, we
set the KV budget to 512, which means during the
rollout process, only 512 tokens are retained when
generating each response. Experiments fine-tune
backbone models for 400 training steps (≈ 1.5
epochs) on 4× NVIDIA H20-HGX-141GB GPUs.

5.2 Main Results

Table 1 presents the experimental results across 7
mathematical reasoning benchmarks. The “Toks.
saving” column indicates the reduction in stored
KV cache tokens compared to the generation length
of the GRPO-Dense during RL training. Our key
findings are as follows:

Sparse-RL achieves comparable performance
to dense upper bounds. Under the constraint
of a fixed retained token budget, GRPO with
naive sparse rollout performs poorly overall, while
GRPO + Sparse-RL maintains performance com-
parable to the Dense GRPO baseline and even out-
performs it in certain scenarios. On Qwen2.5-1.5B,
Sparse-RL with R-KV achieves an average score of
36.2, outperforming GRPO-Dense (35.4) by 2.3%,
and attains the best results on 4 out of 7 bench-
marks (GSM8K, Minerva, Olympiad, AMC23).
On Qwen2.5-3B, Sparse-RL performs on par with
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the dense baseline (42.8 vs. 43.4 on average). On
Qwen2.5-7B, although a small performance gap
remains (51.4 vs. 53.1 on average), Sparse-RL re-
tains 96.8% of the dense model’s performance, in-
dicating that the method scales effectively to larger
models with more complex reasoning patterns.

Substantial reduction in memory overhead. As
indicated by the “Toks. saving” metric, we achieve
token savings of 35.1%, 53.3%, 42.0%, and 39.4%
for the Llama3.2-1B-Instruct, Qwen2.5-1.5B, 3B,
and 7B models, respectively. Notably, on the 1.5B
model, GRPO + Sparse-RL outperformed the dense
GRPO method while discarding over half of the
contextual history (53.3% saving). This highlights
the potential redundancy in standard CoT paths,
showing that Sparse-RL enables the model to per-
form correct deductions using a much more com-
pact information representation.

Robustness across models and compression al-
gorithms. Consistent performance trends on both
Qwen2.5 and Llama backbones indicate that our
framework is robust across model architectures.
Comparing two compression variants, Sparse-RL
with R-KV and Sparse-RL with SnapKV, we ob-
serve highly similar results. For example, on
Qwen2.5-3B, their average scores are nearly iden-
tical (42.8 vs. 42.6 on average). This indicates that
Sparse-RL is largely compression-agnostic: as long
as the compression method preserves the essential
context, our off-policy correction mechanism can
effectively stabilize training. Notably, R-KV shows
a slight advantage on more challenging tasks such
as Olympiad (27.7 vs. 25.9 on 3B, 36.6 vs. 32.9
on 7B), validating its design benefits in handling
reasoning redundancy.

5.3 Training Dynamics

To further analyze the training stability and potan-
tial of Sparse-RL, we visualize the training dynam-
ics of GRPO-Dense and GRPO + Sparse-RL (with
R-KV) in Figure 2. Our analysis is as follows:

Outcome Rewards. The average reward tra-
jectory of Sparse-RL is slightly lower than that of
the dense baseline but remains within an accept-
able margin, which is a direct consequence of the
information loss inherent to compressed rollout
generation. Despite the approximation errors in-
troduced by KV compression, the reward curves
indicate that Sparse-RL can still perform stable
and effective policy optimization. While a persis-
tent yet minor performance gap remains compared

0 100 200 300 400
Step

0.000

0.001

0.002

0.003

0.004

0.005

0.006

M
is

m
at

ch
 K

L

GRPO-Dense
GRPO+Sparse-RL(R-KV)

Figure 3: Comparison of the Mismatch KL between
GRPO-Dense and GRPO + Sparse-RL (with R-KV) on
Qwen2.5-7B.

to the GRPO-Dense baseline—which represents a
theoretical upper bound—Sparse-RL successfully
avoids the catastrophic training collapse commonly
observed in naive sparse training settings.

Adaptation to Sparse Memory. The overall
trend in response length for Sparse-RL (R-KV)
and GRPO-Dense is to increase initially and then
decrease. In the early stages of training, Sparse-
RL (R-KV) has longer response length, possibly
because the model generated long anomalous se-
quences (e.g., infinite repetitions) due to informa-
tion loss. Crucially, as training progresses, the
response length rapidly regresses to align with the
Dense baseline. This convergence validates the cor-
rective power of our RL framework, demonstrating
that the model learns to perform token-efficient
reasoning within the strict KV budget constraints.

Stability of Exploration. The GRPO-Dense
baseline exhibits a steep drop in entropy during
the initial phase, while Sparse-RL demonstrates a
more gradual decay curve. Notably, Sparse-RL con-
sistently maintains higher entropy levels between
steps 50 and 300. We attribute this phenomenon
to the implicit regularization effect of compression
noise, which prevents the policy from prematurely
overconfidently committing to shortcuts, thereby
promoting exploration of the inference space. The
entropy of Sparse-RL ultimately converges to the
same level as the dense baseline, confirming that
our method successfully achieves policy stability
and avoids the divergence issues commonly en-
countered in sparse training.

Degree of Policy Mismatch. We quantify pol-
icy mismatch via the KL divergence between roll-
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Model GSM8K MATH500 Gaokao Minerva Olympiad

Qwen2.5-1.5B

GRPO (Dense) 73.4 50.8 37.7 12.5 14.2
↪→ + Sparse-RL (R-KV) 74.6 54.0 42.9 15.4 18.1

Qwen2.5-3B

GRPO (Dense) 85.1 54.2 44.2 16.5 17.3
↪→ + Sparse-RL (R-KV) 84.1 61.8 49.1 22.1 23.3

Qwen2.5-7B

GRPO (Dense) 91.2 71.6 55.3 33.8 33.0
↪→ + Sparse-RL (R-KV) 91.4 71.8 59.0 30.9 33.5

Table 2: The performance of models trained by GRPO +
Sparse-RL (with R-KV) and GRPO-Dense in the sparse
inference scenario by R-KV compression.

out and training policies. As shown in Figure 3,
Sparse-RL initially exhibits a higher KL magni-
tude 10−3 than the dense baseline 10−4, reflecting
the structural bias from KV compression. This
discrepancy steadily decreases and stabilizes after
approximately 200 steps. This convergence demon-
strates that the dense learner successfully adapts to
the compression logic, effectively bridging the dis-
tribution gap to learn consistent reasoning patterns
from sparse trajectories.

Sampling Efficiency and Stability. To provide
a more comprehensive view of our rejection sam-
pling mechanism, we monitor the rejection ratio
(the fraction of trajectories vetoed by the sparsity-
aware filter) and policy gradient clipping ratio on
Qwen2.5-3B throughout GRPO + Sparse-RL (R-
KV) training. The average rejection rate is 0.07,
indicating that the majority of generated trajecto-
ries satisfy the sparsity consistency constraint. The
average clip ratio remains at 0.0005. The detailed
dynamics are provided in Appendix C.

5.4 Bonus: Superiority in Sparse Inference

Beyond the standard evaluation, we investigate
the models’ adaptability to downstream sparse
inference scenarios. In this experiment, we en-
force the exact same KV compression configura-
tion used during Sparse-RL training (i.e., R-KV
with a budget of 512 tokens) for models trained
by the GRPO-Dense and our Sparse-RL (with R-
KV). As shown in Table 2, Sparse-RL outperform
their dense counterparts on the majority of bench-
marks across varying scales. For instance, on
Qwen2.5-3B, Sparse-RL surpasses the dense base-
line by 7.6% on MATH500 under the sparse setting.
The overall superiority highlights a critical insight:
while GRPO-Dense suffers from a distribution shift
when forcing sparsity at inference time, Sparse-
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Figure 4: Ablation study on KV cache budget size.
Performance of Sparse-RL (with R-KV) on Qwen2.5-
3B across different budget levels on MATH500 and
Olympiad-Bench. The red dashed line represents the
dense rollouts baseline (FullKV).

RL successfully internalizes the compression logic
during training. This Sparsity-Aware Training ef-
fectively aligns the training dynamics with the in-
ference constraints, yielding significantly robust
performance in memory-constrained applications.

5.5 Ablation Study

Size of KV Cache Budget. We evaluate the effect
of different token budget sizes by varying the re-
tained tokens during rollout (128, 256, 512, 1024,
and FullKV) for Qwen2.5-3B trained with GRPO
+ Sparse-RL (using R-KV). As shown in Figure 4,
performance degrades under extremely small bud-
gets (128 tokens), indicating insufficient context
for reliable reasoning. As the budget increases to
256 and 512 tokens, accuracy improves rapidly on
both benchmarks. We note that for the models and
benchmarks considered in this paper, a KV budget
of 512 tokens is sufficient to achieve performance
comparable to FullKV. For more challenging tasks
or models with longer CoT generation, the optimal
budget may need to be adjusted accordingly.

6 Conclusion

This paper investigates the critical memory bottle-
neck issue caused by key-value (KV) cache storage
for rollout stage in reinforcement learning. We
identify the policy mismatch between sparse sam-
pler and dense learner as the root cause of training
crashes under sparse rollout pattern. To address
this, we propose Sparse-RL, a memory-efficient
framework that enables sparse RL rollout. We in-
tegrate Sparsity-Aware Rejection Sampling and
Importance-based Reweighting to ensure stable
training. Experiments validate Sparse-RL’s ef-
fectiveness, achieving performance on par with
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dense baselines under strict KV budget constraints
while demonstrating robust resilience across vary-
ing model scales and compression methods.

Limitations

Task Generalization. While Sparse-RL demon-
strates robust performance on reasoning-intensive
tasks (e.g., mathematics) with verifiable binary re-
wards, its applicability to open-ended generation
tasks—such as creative writing or general instruc-
tion following—remains under-explored. In these
scenarios, the definition of anomalous tokens is
more ambiguous, and the attention patterns may
differ from the redundancy often found in Chain-
of-Thought reasoning. Future work is needed to
verify whether the distributional correction mecha-
nisms of Sparse-RL generalize effectively to these
broader domains.

Sampling Efficiency Trade-off. Sparse-RL relies
on a strict rejection sampling mechanism to filter
out trajectories corrupted by compression-induced
information loss. Although this ensures training
stability, it inherently introduces a trade-off in sam-
pling efficiency. In cases where the compression
budget is extremely aggressive or the policy mis-
match is severe, the rejection rate may increase,
leading to wasted computational resources on dis-
carded trajectories. Optimizing this trade-off, per-
haps through token-level correction during genera-
tion rather than sequence-level rejection, remains a
direction for future improvement.
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A Compression Configuration

The hyperparameters for R-KV and SnapKV in-
clude: (1) Bbudget, the budget size of cache to store
retained KV tokens; (2) Bbuffer, the size of a buffer
for newly generated text tokens. After the model
generates each fixed-length text segment in the
buffer, the KV cache compression is executed. (3)
α, the last few tokens that are always retained in the
cache as observation tokens. (4) λ (only in R-KV),
controls the trade-off between prioritizing impor-
tant tokens and reducing redundant tokens. In our
experiments, Bbudget = 512, Bbuffer = 128, α = 8,
λ = 0.1, with the latter three parameters following
the settings in the R-KV paper (Cai et al., 2025).

B Benchmark Statistics

The detailed statistical information of the 7 mathe-
matical benchmarks is shown in Table 3.

Benchmark Description Size

GSM8K High quality linguistically di-
verse grade school math word
problems.

1319

MATH500 A subset from the MATH bench-
mark that OpenAI created in their
Let’s Verify Step by Step paper.

500

Minerva A curated subset of Minerva tar-
geting advanced STEM reason-
ing from undergraduate math and
science exams.

272

Gaokao Math questions from Chinese col-
lege entrance examinations.

385

Olympiad Olympiad-level mathematics and
physics competitions.

675

AIME24 Problems from the 2024 Ameri-
can Invitational Mathematics Ex-
amination.

30

AMC23 Problems from the 2023 Ameri-
can Mathematics Competition.

40

Table 3: Description of benchmark

C Dynamics of Rejection Rate and Clip
Ratio

We monitor the rejection rate and the policy gra-
dient clipping ratio, using Qwen2.5-3B trained by
GRPO + Sparse-RL (with R-KV).

Figures 5 and 6 illustrate the detailed training
dynamics on Qwen2.5-3B. The rejection ratio (Fig-
ure 5) fluctuates between roughly 0.05 and 0.11
throughout the training process, with an average of
0.07. This indicates that the vast majority of tra-
jectories generated by the sparse policy satisfy the
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Figure 5: Dynamics of rejection rate on Qwen2.5-3B
trained by GRPO + Sparse-RL (with R-KV).
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Figure 6: Dynamics of policy gradient clip ratio on
Qwen2.5-3B trained by GRPO + Sparse-RL (with R-
KV).

consistency constraints required by our rejection
sampling mechanism. Meanwhile, the clip ratio
(Figure 6) remains negligible in the order of 10−4,
confirming that our Importance-Based Reweight-
ing successfully corrects off-policy bias, keeping
policy updates well-contained within a stable trust
region throughout training.

D Preliminaries of GRPO

Group Relative Policy Optimization (GRPO), in-
troduced by (Shao et al., 2024), is a variant of
the Proximal Policy Optimization (PPO) algorithm
specifically designed for LLMs. The key innova-
tion of GRPO is the elimination of the value model
(critic), which significantly reduces computational
overhead.

GRPO estimates the advantage of a response by
comparing its reward against the relative perfor-
mance within a group of samples generated from
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the same prompt. For a given input prompt x,
the model generates G responses {o1, o2, . . . , oG}.
Each response oi is assigned a reward ri (through
a rule-based verifier or a reward model). The ad-
vantage Âi for each response oi is calculated as:

Âi =
ri − mean(r1, . . . , rG)

std(r1, . . . , rG)
(10)

Based on this , GRPO adopts a clipped surrogate
loss similar to PPO:

JGRPO(θ) = E x∼D
oi∼πθold

[
1

G

G∑

i=1

1

|oi|

|oi|∑

t=1

(
min(wi,t(θ)Âi,

clip(wi,t(θ), 1− ϵ, 1 + ϵ)Âi)
)]

(11)
where wi,t(θ) =

πθ(oi,t|x,oi,<t)
πθold (oi,t|x,oi,<t)

is the importance
sampling weight (policy ratio), ϵ is the clipping
threshold.

E Derivation of Sparse-RL Objective
Function

According to section 4.3, the objective is:

JSparse-RL(θ) = E x∼D
oi∼πθsparse

[
1

G

G∑

i=1

MRS(oi) ·
1

|oi|

|oi|∑

t=1

ξi,t

·min
(
wi,t(θ)Âi, clip

(
wi,t(θ), 1− ϵ, 1 + ϵ

)
Âi

)]

(12)
The gradient derivation of Eq.12 is (clipping is

omitted for brevity):

∇θJCaRPO(θ) = ∇θE x∼D
oi∼πθsparse


 1

G

G∑

i=1

MRS(oi)

|oi|

|oi|∑

t=1

ξi,t · wi,t(θ)Âi




= E x∼D
oi∼πθsparse


 1

G

G∑

i=1

MRS(oi)

|oi|

|oi|∑

t=1

ξi,t · ∇θwi,t(θ)Âi




(13)
By applying the chain rule to the policy ratio

wi,t(θ) =
πθ(oi,t|x,oi,<t)
πθold (oi,t|x,oi,<t)

, the gradient term can
be expanded:

∇θwi,t(θ) =
πθ(oi,t|x,oi,<t)
πθold (oi,t|x,oi,<t)

∇θ log πθ(oi,t|x, oi,<t)

(14)
Substituting this back into Eq. 13, we obtain the

final gradient update:

∇θJSparse-RL = E
x∼D

oi∼πθsparse

[
1

G

G∑

i=1

MRS(oi) ·
Âi

|oi|

·
|oi|∑

t=1

(
ξi,t · wi,t(θ)∇θ log πθ(oi,t|x, oi,<t)

)]

(15)

Because we have:

ξi,t · wi,t(θ) =
πθold(oi,t|x, oi,<t)

πθsparse(oi,t|x, oi,<t)
· πθ(oi,t|x, oi,<t)

πθold(oi,t|x, oi,<t)

=
πθ(oi,t|x, oi,<t)

πθsparse(oi,t|x, oi,<t)

(16)
Substituting Eq. 16 into Eq. 15, the gradient

becomes:

∇θJSparse-RL = E
x∼D

oi∼πθsparse

[
1

G

G∑

i=1

MRS(oi) ·
Âi

|oi|

·
|oi|∑

t=1

( πθ(oi,t|x, oi,<t)

πθsparse(oi,t|x, oi,<t)
∇θ log πθ(oi,t|x, oi,<t)

)]

(17)

F Decoding Efficiency and Latency
Analysis

Sequence Length Dense(ms) SnapKV(ms) Speedup
8k 21.36 21.61 ∼1.0×

16k 28.70 21.58 ∼1.33×
32k 43.99 21.57 ∼2.04×

Table 4: Operator-level decoding latency comparison
between dense baseline and SnapKV on Qwen3-8B
across different sequence lengths.

To better understand the computational impact
of KV cache compression, we conduct an operator-
level benchmark on autoregressive decoding la-
tency using Qwen3-8B. We compare a standard
dense decoding baseline with sparse decoding en-
abled by SnapKV, one of the compression methods
used in our framework.

Specifically, we measure the average per-step
decoding latency under different sequence lengths
(8k, 16k, and 32k tokens). The results are summa-
rized in Table 4.

We observe that the baseline decoding latency
increases approximately linearly with sequence
length, reflecting the growing cost of attention over
the full KV cache. In contrast, SnapKV maintains a
near-constant decoding latency across all sequence
lengths, effectively decoupling computation from
context length.

In addition to latency improvements, KV com-
pression reduces KV cache storage by 35–53%
in our main experiments. This reduction directly
translates into improved memory efficiency, en-
abling larger rollout batch sizes and supporting
longer context generation without triggering out-
of-memory (OOM) errors during RL training.
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G Example of Anomalous Sequence

Prompt & Dense Rollout (Correct)

Prompt:
The expression 2 · 3 · 4 · 5 + 1 is equal to 121, since
multiplication is carried out before addition. How-
ever, we can obtain values other than 121 for this
expression if we are allowed to change it by inserting
parentheses. For example,

(2 · (3 · 4)) · (5 + 1) = 144.

In total, how many values can be obtained?

Dense Rollout (Correct):
We can reason step by step as follows:
1. We have the expression 2 · 3 · 4 · 5 + 1.
2. We can insert parentheses to change the order of
operations and obtain different values.
3. Let’s consider each possible position for inserting
parentheses:
(a) Between 2 and 3: (2 · 3) · 4 · 5 + 1
(b) Between 3 and 4: 2 · (3 · 4) · 5 + 1
(c) Between 4 and 5: 2 · 3 · (4 · 5) + 1
(d) Between 5 and 1: 2 · 3 · 4 · (5 + 1)

4. We can calculate the value of each modified
expression:
(a) (2 · 3) · 4 · 5+1 = 6 · 4 · 5+1 = 120+1 = 121
(b) 2 · (3 ·4) ·5+1 = 2 ·12 ·5+1 = 120+1 = 121
(c) 2 ·3 · (4 ·5)+1 = 2 ·3 ·20+1 = 120+1 = 121
(d) 2 · 3 · 4 · (5 + 1) = 2 · 3 · 4 · 6 = 144

5. We have found four different values that can be
obtained by inserting parentheses in the expression:
121, 121, 121, and 144.
6. Therefore, the total number of values that can
be obtained from the expression 2 · 3 · 4 · 5 + 1 by
inserting parentheses is 4.

✓

Sparse Rollout (Anomalous)

To determine how many distinct values can be ob-
tained from the expression 2 ·3 ·4 ·5+1 by inserting
parentheses, we need to consider all possible ways
to distribute multiplication operations across the se-
quence of numbers and the addition. Let’s break this
down step by step.
Step 1: List Out All Possible Parenthesizations
We start by listing out all potential combinations of
inserting parentheses into the expression 2 · 3 · 4 ·
5 + 1. We will consider different groupings of the
multiplications, but not changing the overall structure
of the additions or subtractions, as only the grouping
of the multiplications is allowed.
Here are the possible ways:
1. (2 · 3) · (4 · 5) + 1
2. 2 · (3 · (4 · 5)) + 1
3. 2 · (3 · (4 · (5 + 1)))
4. ((2 · 3) · 4) · 5 + 1
5. 2 · ((3 · 4) · 5) + 1
6. 2 · (3 · (4 · (5 + 1)))
7. 2 · 3 · 4 · (5 + 1) + 1
8. (2 · 3 · (4 · 5)) + 1
9. 2 · ((3 · 4) · (5 + 1)) + 1
Step 2: Calculate Each Parenthesized Expression
Now, let’s calculate each of these expressions indi-
vidually to find out their respective values:
1. (2 ·3) · (4 ·5)+1 = 6 ·20+1 = 120+1 = 121
2. 2 ·(3 ·(4 ·5))+1 = 2 ·(3 ·20)+1 = 2 ·60+1 =

120 + 1 = 121
3. 2 · (3 · (4 · (5 + 1))) = 2 · (3 · (4 · 6)) + 1 =

2 · (3 · 24) + 1 = 2 · 72 + 1 = 144 + 1 = 145
4. ((2 ·3) ·4) ·5+1 = (6 ·4) ·5+1 = 24 ·5+1 =

120 + 1 = 121
5. 2 ·((3 ·4) ·5)+1 = 2 ·(12 ·5)+1 = 2 ·60+1 =

120 + 1 = 121
6. 2·(3·(4·(5+1))) = 2·(3·24)+1 = 2·72+1 =

141 + 1 = 141 + 1 = 141 + 1 = 141 + 1 . . .
[Infinite repetition]

Figure 7: The information loss caused by KV cache compression may generate anomalous sequences (e.g., infinite
repetition) during rollout phase. We provide a concrete example sampled during the training of Qwen2.5-3B with
R-KV compression (budget=512).
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