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ABSTRACT

Reinforcement learning (RL) is a key driver of recent progress in large language
model reasoning, but its scalability is increasingly limited by the cost of online
rollouts, especially for long chain-of-thought generation and large-batch sampling.
Sparse attention is a promising way to reduce per-token attention cost and improve
rollout throughput, yet we find that practical sparse rollouts often destabilize train-
ing: approximation errors bias likelihood estimates, causing large actor—policy
distribution mismatch that compounds over long trajectories and can collapse train-
ing. We propose DISTILLSPARSE, a robust sparse-rollout framework that restores
distribution alignment while preserving speed. DISTILLSPARSE co-trains a sparse
rollout policy via lightweight, LoRA-based on-policy distillation from the dense
policy to prevent mismatch from accumulating across RL iterations. For long gen-
erations and high sparsity, DISTILLSPARSE further oversamples rollout candidates
and applies reward-aware filtering to focus updates on trajectories that are both
high-quality and closer to the dense distribution. We evaluate on POLARIS across
4B-8B models and mathematical reasoning benchmarks including AIME24/25,
AMC?23, and Math500. Across settings where training-free sparse rollouts degrade
or collapse, DISTILLSPARSE matches dense-rollout training performance while
providing substantial practical acceleration, achieving a 1.72x rollout speedup on
NVIDIA H200 at 16K generation length with minimal overhead.

1 INTRODUCTION

Reinforcement learning (RL) has recently
driven major gains in LLM reasoning and
agentic behavior (OpenAl et al., [2024;
DeepSeek-Al et al.| 2025} |Shao et al., 2024a).
However, scaling RL remains fundamentally
bottlenecked by the cost of online rollout gen-
eration (Zhang et al.,|[2025)). This is getting
worse as the field increasingly relies on long
chain-of-thought (CoT) reasoning and parallel
sampling at training time, which multiply the
inference workload (Sadhukhan et al.l[2025b).
Recent evidence suggests that sparse atten-
tion can improve test-time scaling (Beeching
et al.) by lowering per-token attention cost,
enabling longer generations and more parallel
samples under a fixed compute budget (Sad+
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Figure 1: Qwen3-1.7B Thinking training with Po-
laris dataset. Compared to Dense rollout, naive
sparse rollout lead to context length shrinking, even
if the sparse rollout correctness is comparable to the
dense rollout.

hukhan et al.l [2025b)). This makes sparse attention a promising rollout policy for producing high-
quality RL trajectories at substantially lower latency.

However, under realistic long output generation settings, we found that practical sparse attention for
rollout faces great training stability challenges, illustrated in Figure [T} We observe that it is difficult to
jointly achieve efficiency and training robustness through sparse attention. As shown in Figure 2] (c),
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Figure 2: The main challenge to Sparse Attention for speeding up RL rollout lies in the distribution
mismatch. (a) shows the bias in sparse attention estimating the importance ratio, a crucial term in RL
training for weighing the advantage. The importance ratio should be exactly one, but we observe that
in sparse rollout, the estimation of p,.s is usually biased, leading the importance ratio to deviates
from 1. Also, as the generation length increases and as we lowers the sparsity ratio, the deviation
exacerbates. (b) shows the striking contrast in KL divergence between the sparse rollout to dense
training problem versus the commonly studied staleness problem in previous works on distribution
alignment techniques: the difference in KL divergence is almost two orders of magnitude. We can
also see that two core components in DISTILLSPARSE can individually reduce the KL divergence of
the sparse rollout to dense. (c) shows that when combining the two techniques, DISTILLSPARSE can
recover from crashing and achieve on-par results as dense rollout dense training baseline, while still
preserving the sparse rollout efficiency.

a precise sparse attention algorithm like exact top-k can maintain training stability and performance,
but it is impractical. Conversely, the practical alternatives with actual speedup benefits shift the token
distribution substantially, resulting in training instability. Furthermore, this mismatch compounds
with rollout length as the approximation errors accumulate over autoregressive steps. Consequently,
the policy divergence grows across iterations, and rollouts tend to collapse to shorter, lower-diversity
responses, preventing long-CoT behavior from emerging (Fig[I). A standard approach to mitigate
this issue is to use importance sampling-based realignment techniques (Ionides, 2008} Team et al.|
2025a; |Liu et al., 2025b). However, they are unable to stabilize training. As these techniques are only
effective when the importance weights stay reasonably close to 1 (Zheng et al.,|2025a), which is
not satisfied by sparse attention policies as demonstrated in Fig. Zh. Alternatively, the distribution
mismatch can be nullified by speculative decoding using sparse attention-based self-speculation or
a small draft model. But the large verification overhead makes it intractable for large batch sizes
commonly observed in RL rollout workload (Liu et al.,[2025d;Sadhukhan et al.}[2025a). Thus we
observe that there is a tradeoff between efficiency and effectiveness.

These observations suggest that an ideal rollout strategy should remain (1) keep to actor-policy
distribution between sparse and dense small for training stability, (2) substantially faster than dense
rollouts without adding excessive overhead to the overall RL pipeline, and (3) maintain training
accuracy and sample efficiency.

One fundamental reason behind sparse rollout and dense training instability is the dynamics and
continuous nature of RL training. Unlike inference, approximation errors in sparse rollouts tend to
accumulate across training iterations: every step, the approximation bias causing the policy model
to deviate from its counterpart that trained on dense rollout, which exacerbates the the training
instability and actor-policy misalignment. As shown in Fig.[Zb, the KL divergence between the sparse
rollouts and dense policies increase across iterations and eventually explodes, causing training to
crash. Moreover, RL training for reasoning makes the situation worse for sparse, as the response
lengths will continously grow over time. Unfortunately, sparse attention likelihood approximation
bias increases with longer response length (Fig. 2h), causing the training signal for tokens at long
sequence length chaotic to learn. The noisy training signals trigger the sparse rollout training to see
response length continously dropping till training collapse, as shown in Figure[T]

The training dynamics suggest that the actor must actively bridge the distribution mismatch, which
motivates training it via on-policy distillation from the dense policy. As shown in Fig. [2p, distillation



Published as a workshop paper at the 1st Workshop on Scaling Post-training for LLMs (SPOT),
ICLR 2026

effectively prevents the KL divergence from exploding over training. That said, additional actor
training can substantially increase memory overhead and, if implemented naively, may erode the
cost savings of sparse rollouts. This makes careful system design essential. Moreover, even with KL
regularization toward the dense policy, rollouts under extreme sparsity remain fragile: as response
lengths grow, the training process remains prone to collapse. Fortunately, sparse attention exhibits
a useful property: increasing the number of rollout samples can improve trajectory quality in a
cost-effective manner [Sadhukhan et al.|(2025b). Oversampling increases the chance of encountering
trajectories that better match the dense-policy distribution, thereby reducing mismatch. However,
simply training on all oversampled rollouts does not resolve instability. How can we efficiently identify
the favorable trajectories that truly stabilize training? Empirically, we observe that trajectories closer
to the dense policy tend to achieve higher reward. Motivated by this, we filter low-quality rollouts from
the additional samples, providing a stronger training signal while avoiding unnecessary overhead.

Putting these pieces together, we propose DISTILLSPARSE . It uses sparse-attention rollouts for
efficiency and co-trains a sparse sampler via lightweight LoRA-based on-policy distillation to stabilize
training with minimal overhead. For very long CoT rollouts and high sparsity, DISTILLSPARSE
oversamples candidates per prompt and applies reward-aware filtering before updates, improving both
reward (Fig.[dp) and distribution alignment (Fig.[dc). Overall, DISTILLSPARSE matches the stability
and performance of dense RL training while retaining the rollout speedups of sparse attention.

We validate these insights on POLARIS (An et al., |2025) across 4B—8B models and evaluate on
mathematical reasoning benchmarks (AIME24/25, AMC23, Math500). Training-free sparse rollouts
show increasing mismatch and eventually collapse, degrading accuracy and shortening generations.
In contrast, DISTILLSPARSE matches dense training without collapse. Under extreme sparsity,
oversampling with reward-aware filtering further improves performance and robustness. As a by-
product, the co-trained sparse sampler becomes a strong sparse policy, outperforming baselines
trained from (i) a stronger dense policy or (ii) a minimally mismatched sparse policy.

Empirically, DISTILLSPARSE matches dense-rollout performance across downstream tasks and
delivers a 1.72 x speedup over the dense baseline on NVIDIA H200 at 16K generation length,
with minimal overhead.

2 BACKGROUND

We will only go through the most relevant techniques and background context to our problem. We
provide extended related works in Appendix [A] Also, we provide detailed rollout cost analysis in

Appendix [B]

2.1 DISTRIBUTION MISMATCH CORRECTION IN RL.

Actor (i.e., the rollout model) and policy (i.e., the trained model) mismatch is a common problem
that has long been studied (Espeholt et al., [2018)). To alleviate the actor—policy distribution gap, prior
methods go beyond clipping the importance sampling ratio and apply token-level scaling or masking
functions to improve training stability (like TIS and IcePop):

L£5(9) = Eympo,, F(M) Letip (1, A; e)}, (H

where pig,, is the distribution generated by the inference engine using old parameters 6,4. In the
subsequent text, we express this distribution by p for better readability. F' is an adjustment function
applying token-level scaling or masking. The new importance weights are not included directly
into the clipped PPO surrogate as it can not mitigate the bias in the gradients and gives suboptimal
performance. The choice of adjustment function F' is a key design choice in prior work, ranging from
simple identity scaling to truncated/masked importance-weight corrections (Fu et al.| 2025} [Zheng
et al.,[2025¢; | Yu et al., [2025} |[Zheng et al., [2025b; [Team et al.,|2025b).

On the other hand, rejection sampling-based methods have also been studied [Liu et al.| (2025b));
Verine et al.|(2024) to solve actor—policy misalignment problems. Specifically, |Verine et al.| (2024)
proposed a rejection criterion and showed that under some conditions, rejection sampling-based
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methods outperform TIS. Here is the objective:

LPPOORS () = B,y o[z, 9) S0, 9:6)] . w(a,y) & Mask(,y) SC <F<f>)> ”::ﬁ,i?)
6)

where rejected samples are removed by Mask(x, y), and accepted samples are reweighted according
to ,u/eold (y|z). The function F is the truncated IS correction, and empirically 7y can be replaced by
T, for distribution alignment. Jackpot will be used in most of the experiments of the paper as
the standard baseline for the training-free distribution alignment technique.

3 INSIGHTS AND METHODOLOGY

3.1 SPARSE ATTENTION DISTRIBUTION GAP TO DENSE

The importance sampling approach in Eq. [I] should ideally be implemented at sequence level.
However, because of numerical instability issues, it is approximated by token-level approaches i.e.,

3

y~u( |z) w(ye | z,y<¢)

lyl
LS. (0)=E ..p [ZS (ﬂww) ,gclip(Tt(9)7At) )

As argued by (Zheng et al.,[2025a), this approximation works well only when the probability ratio is
close to 1. However, as Fig. [2p demonstrates, the ratio diverges significantly from 1 as the generation
length increases. While truncated importance sampling-based approaches find it difficult to identify
a suitable truncation factor with the best bias-variance tradeoff across all generation lengths, the
rejection sampling-based approaches lose sample efficiency.

We identify this as a fundamental flaw of practical sparse attention algorithms. Unlike exact top-k
attention, they cannot closely match the dense attention distribution, even if they can produce rollouts
with high rewards (Fig. 2f).

This difficulty prompts us to distill the dense attention policy into the sparse one in an online manner.

3.2 LORA DISTILLATION

To minimize the training overhead and additional memory footprint (for extra parameters, and
optimizer states), we resort to LoRA-based distillation. We do not generate fresh trajectories using
the dense policy as that will defeat the purpose of efficient training. Instead, we repurpose the existing
sparse attention rollouts for this distillation process. The complete policy update process is described
in Algorithm

training overhead. The on-policy distillation process saves us the extra computation required for
new trajectory generation. Furthermore, the dense attention log-probs used to compute dense policy
update (step 4 in Algorithm[I)) can be repurposed to compute the distillation loss in step 7. The only
extra overhead comes from the additional forward pass through the sparse attention policy and a
relatively inexpensive backward pass which only computes gradients for the LoRA modules.

3.3 PARALLEL SAMPLING AND FILTERING

To further improve the output quality for extreme sparse attention rollouts, we perform oversampling
for the given prompts followed by a reward-score aware filtering. Suppose, for a given prompt x, the
base algorithm generates n samples €2, which are used to estimate the policy objective.

This decision is motivated by a simple observation. In Figure @] (Middle), we rank oversampled
trajectories by dense-model acceptance rate and evaluate the oracle Top-8 rewards. Although
computing dense log-probabilities is prohibitively expensive, we find that increasing the oversampling
factor N consistently raises the average reward of the dense-selected Top-8, while the average reward
over all N samples stays roughly constant. This indicates a strong correlation between trajectories
that are closer to the dense policy and higher rewards.
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Algorithm 1 Online LoRA distillation for sparse RL training

Require: Base model parameters 6; LoRA parameters ¢; prompt batch z ~ D
1: Construct dense policy 7§ (full attention) and sparse policy Ty (sparse attention + LoRA)
2: for each RL iteration do

3:  Sample rollouts y ~ 7,°4™(- | ) and compute rewards / advantages

4:  Recompute token log-probs with the dense model (FSDP): log 7§™(y; | x, y<¢)
5: Compute token log-probs with the sparse model: log 7’y (y: |, y<:)

6:  Update the base model 8 <— 6 — 1 Vg Lppo (9; x,y,log ﬂ'gense)

7 Freeze 6 and update LORA ¢ <— ¢ — 14 Vi LiorA (QS; z,9, 9) {Lppo_sparse + A Lkr}
8:  Refresh inference engine weights with updated base model 6 and LoRA ¢

9: end for

1 1 N
L0,0) == > Laig(rie(0), Air)

n il
where /Lt are the group normalized advantage scores in GRPO-style training (Shao et al., [2024al).
Instead, we generate M samples where M > n, and select the subset w of size n with highest rewards
to estimate the objective and the group normalized rewards.

w(z) 2 {y, € Qx) : A; € TopK ({flj}yjeg(gg), n) },
il

1 1 N
‘C(aaw) = ﬁ Z T Z‘eclip(ri,t(a)aAi,t) (4)

Yi Ew il =1

4 EMPIRICAL ANALYSIS

We put DISTILLSPARSE through comprehensive evaluations. The second is subdividied into three
aspects. First, we evaluate DISTILLSPARSE under three different scenarios of sparse attention for
rollout to train dense policy models. Second, we show that oversampling in DISTILLSPARSE can
be applied to scenarios outside sparse to dense settings. Third, we show that as a by-product of our
DISTILLSPARSE , we also get a stronger sparse model.

Models and Datasets: Due to computation infeasibility, we cannot afford to iterate on thinking
models where the output generation length is 32K on average. However, to the best of our effort,
we approximate the ideal settings by training on top of warmup base models. We first train Qwen3-
4B-Base and Qwen3-8B-Base (Yang et al.||2025)) models on DeepScaleR [Luo et al.| (2025)) dataset.
The warmup is usually 200 steps, where we see the response length roses to roughly 4K under 8K



Published as a workshop paper at the 1st Workshop on Scaling Post-training for LLMs (SPOT),
ICLR 2026

oud (I"I - 2) 034 Average.Reward vs N actor/sampler_acceptance_rate_update (all steps)
—e— Average Reward In N trajectories
| Trajectory #1 | 032 Oracle Top-8 Selection Average Reward
: 0.9650+
| Trajectory #2 | 0.30

0.9600

DistillSparse (n = 2)

B
5
2028
] p
*
(V] S026 09550
T :
Zo024

0.9500+

e [ Yo i

Sampler acceptance rate update

Sampling N and Top-8 (N = 16)

0.9450- — Sampling N and Top-8 (N = 8)

I:l ° 0.20 —\/ —— Normal width 8

Oversample M + Select n from M 10 15 20 25 30 230 240 250 260 270 280 290 300 310 320 330 340
N Step

Figure 4: Demonstration of Increase rollout width and then Filtering on top. (a) shows the contrast
between normal n width (n = 8 in our settings) rollout, almost free lunch from the system analysis in
sparse inference; (b) show the oracle filtering strategy which is prioritizing traces closer in distribution
with the policy naturally exhibit increase average accuracies which inspires our design; (c) shows
that by only filtering based on the trajectory-level reward, we are able to decrease the distribution gap
to the policy, and further increase rollout width N brings additional benefit
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Figure 5: The training landscape of the performance of three different settings, for each of which, we
present both the AIME25 performance and the response length dynamics; Left columns are from
Qwen3-4B-Base with 16x24 sparsity (7%), where we demonstrate the effectiveness of oversampling;
Middle column shows the 16x32 sparsity (10%) on 4B; Right column show the 16x32 sparsity (10%)
on 8B (Yang et al., [2025)).

warmup length limit, where we take the checkpoints to the harder polaris|An et al.|(2025)) dataset,
where we give 12K and 16K length limit to 4B and 8B models respectively. The training usually
would see length scaling from 5K to beyond 8K. Single epoch of training takes 2xDGX (H100) nodes
for 4B and 4xDGX (H100) nodes for 8B 5-6 days to complete, roughly for both models.

4.1 SPARSE ROLLOUT DENSE TRAINING THROUGH DISTILLSPARSE

Shown in Figure E], we see that even with Jackpot (Liu et al.l|2025b)), a powerful distribution alignment
method that uses both IS and RS, training-free sparse rollout either crashes or gets to suboptimal
results. We also generally see that the sparse rollout dense training see shrinking rollout generation
length, and blows up when policy crashes. Moreover, we see DISTILLSPARSE generally can help
recover the distribution gap of the sparse rollout to dense, resulting in convergence and performance
on par with the dense baseline. Specifically, on Figure[5] left-top, we see that continuously scaling
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Figure 6: Oversampling can be applied outside sparse to dense training as well. Left and middle show
that we take the same reward-based filtering oversampling to two completely different model training
scenarios, where we steadily see the improvement of training stability once the computational cost of
oversampling increases. Right shows that DISTILLSPARSE not only brings us a strong dense model,
but it can also bring us a strong sparse model as well, benefiting from the reverse KL distillation.

up oversampling compute (from 8 to 12, then to 16) continuously leads to better performance. The
findings validate the observation presented in Figure[4] right figure. Since the distribution mismatch is
the problem behind RL training instability, one baseline is sparse rollout + sparse training, evaluated
with dense attention at inference, as it keeps the actor-policy performance close. However, in
evaluation, we see that the method consistently leads to lower performance for a lower sparsity
budget than DISTILLSPARSE . To summarize DISTILLSPARSE overall performance, we conduct a
comprehensive evaluation in Table [T} where we survey the best performance under each downstream
task through the entire training run. In general, we see DISTILLSPARSE getting performance on par
with dense rollout dense training across different downstream tasks and training settings.

4.2 SPARSE MODEL IMPROVEMENT

Benefited from the reverse KL training from the dense

policy, the sparse models see improvement in per- 1000 Dense update cost
formance. The two baselines we compare are the _ Sparse update cost
training-free sparse models from the dense rollout £ soo Rollout cost

setting, while another one is the sparse rollout sparse g

training, a dedicated training run for the sparse model. & 000

The training progress situation is demonstrated in o 400
Figure[6|Right. We see that from the KL, the sparse 5

model, after combining the LoRA weights into the 200

model, achieves stronger downstream task perfor- <
mance on difficult tasks such as AIME25, and the - (oo (Seao\“’“ o e
performance improvement is consistent throughout v ° nout

the training. More evaluations are reported in Table[2} po™°

4.3 CAN OVERSAMPLING BE APPLIED Figure 7: Cost breakdown of three RL
TO SETTINGS OUTSIDE SPARSE ROLLOUT? training pipelines: dense-rollout training,

sparse-rollout training, and DISTILLSPARSE .
We further show that oversampling plus reward-based  All measurements use a 16k-token response
ﬁltering works well even under more general set- ]eng[h, 8 paral]e] Samp]es per prompt, a sparse
tings of weak model rollout and strong model train- KV budget of 512, a per-GPU micro-batch
ing. Here, we select Qwen3-1.7B-Base model as sjze of 2, and NVIDIA H200 GPUs.
the weaker rollout model, and the Qwen3-4B-Base
model as a stronger training model. We train them
using the DeepScaleR dataset. The training perfor-
mance is shown in Figure[f] (a). The 1.7B model will roll out and onpolicy train itself together with a
reverse KL from 4B, while the 4B model will train on the rollout sampled by the 1.7B model. The
difference to sparse rollout is that the two models no longer tie weights.

With the Jackpot distribution alignment technique, the 4B model can train stably for roughly 300
steps, or 19k examples. Interestingly, if we ask the 1.7B model to apply oversampling + reward-based
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Table 1: Comprehensive Evaluation of DISTILLSPARSE under three different settings, where we
report the best-achieved scores under each downstream task and task-related metrics. DISTILLSPARSE
consistently shows performance on par with the dense-to-dense training baseline.

Models GSMS8K  MATH-500 AMC22/23 AMC12 AIME24 AIME24 AIME25 AIME25
Mean@4 Mean@4 Mean@4  Mean@4 Mean@4 Pass@4 Mean@4 Pass@4

Qwen3-4B-Base (After warmup) Under Block-size 16 and Number of block 24 (12k generation length cutoff, 53K Training Examples in Polaris)

Qwen3-4B-Base (Dense Rollout) 0.9329 0.8480 0.6656 0.5944 0.3020 0.4134 0.2583 0.3433
Sparse Rollout Dense Training 0.92753 0.83 0.6265 0.5333 0.2750 0.3771 0.2364 0.3227
Sparse Rollout Sparse Training (dense eval) ~ 0.92753 0.8345 0.5333 0.5444 0.2812 0.3945 0.2333 0.3072
DISTILLSPARSE (Ours LoRA Only) 0.9363 0.851 0.6747 0.5444 0.2895 0.4128 0.2500 0.3396
DISTILLSPARSE (Ours with Oversampling) 0.9304 0.838 0.6656 0.5666 0.2879 0.4200 0.2604 0.335
Qwen3-4B-Base (After warmup) Under Block-size 16 and Number of block 32 (12k generation length cutoff, 53K Training Examples in Polaris)
Sparse Rollout Dense Training 0.9327 0.8350 0.6355 0.5333 0.2666 0.3954 0.2625 0.3625
Sparse Rollout Sparse Training (dense eval) 0.9289 0.8390 0.6475 0.5777 0.2916 0.4137 0.2375 0.3300
DISTILLSPARSE (Ours) 0.9332 0.8485 0.6656 0.5777 0.3104 0.4240 0.2666 0.3471
Qwen3-8B-Base (After warmup) Under Block-size 16 and Number of block 32 (16k generation length cutoff, 32k Training Examples in Polaris)
Qwen3-8B-Base (Dense Rollout) 0.9304 0.837 0.6656 0.5944 0.3208 0.4536 0.2308 0.3067
Sparse Rollout Dense Training 0.9404 0.8225 0.6295 0.5555 0.2729 0.3875 0.1979 0.2733
DISTILLSPARSE (Ours) 0.9306 0.8355 0.6656 0.6166 0.3229 0.4646 0.2291 0.3131

Table 2: Evaluation of the Sparse Attention. The models are asked to generate responses using Sparse
attention. We show that as a by-product of DISTILLSPARSE , we achieve a strong sparse model
compared to training-free sparsity from dense rollout and a sparse rollout, sparse training scenarios.

Models AIME25 AIME25 AIME24 AIME24
Mean@4 Pass@4 Mean@4  Pass@4

QOwen3-4B-Base (After warmup) Under Block-size 16 and Number of block 24 (length 12k)
Dense Rollout Dense Training (Sparse) 0.1812 0.2314 0.2354 0.3176

Sparse Rollout Sparse Training 0.1666 0.2314 0.2354 0.3301
DISTILLSPARSE (Ours) 0.2166 0.2921 0.2395 0.3457
QOwen3-4B-Base (After warmup) Under Block-size 16 and Number of block 32 (length 12k)
Sparse Rollout Sparse Training 0.2083 0.2882 0.2583 0.3588
DISTILLSPARSE (Ours) 0.2187 0.3151 0.2687 0.3613

filtering as in DISTILLSPARSE , we see better training stability continuously as the number of samples
increases from 12 to 16, later to 24, where the training stays stable even after 550 steps, 35k training
examples. Together, we also see that the acceptance rate improves as the oversampling scales up in
Figure@ (b), where if N = 24, the distribution between the two distributions will get closer as the
acceptance rate continues to increase. We highlight the generality of the oversampling technique and
its usefulness outside the sparse rollout and dense training domain.

System implementation & Efficiency: To conduct our experiments, we use Verl (Sheng et al., [2024)
with FSDP as the training engine and SGLang (Zheng et al., 2024) as the inference engine. For
efficient sparse-attention rollouts, we use Vortex_torch (Chenl 2025). We adopt block top-k attention
with a page size of 16, and set the number of top-k pages according to the sparse KV budget. In
addition, we use Flash Sparse Attention (Yan et al., | 2025)) for efficient sparse-attention training and
PEFT (Mangrulkar et al.;|2022)) for LoRA adaptation.

Below we report the empirical efficiency of our implementation. As shown in Fig.[/| dense rollouts
account for roughly 90% of the per-epoch time. Sparse attention directly alleviates this bottleneck
and accelerates rollouts by more than 2x. Although the dense policy update contributes only about
10% of the total cost, our sparse distillation increases this component by approximately 55%. Overall,
we obtain a 1.72x end-to-end speedup.

5 CONCLUSION

We show that naive sparse-attention rollouts can destabilize dense-policy RL by introducing sequence-
length—dependent likelihood bias. We propose DISTILLSPARSE , which stabilizes PPO by re-
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computing dense log-probabilities and maintains alignment by distilling the dense policy into a
sparse-attention LoRA, combined with reward-aware oversampling and filtering. Experiments on
Qwen3-4B/8B achieve near-dense performance with major rollout-time savings, making sparse
attention a practical lever in scaling long-context RL.
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A EXTENDED RELATED WORKS

We would like to divide the discussion of the related works into four aspects: RL for LLMs,
prior works on distribution alignment in RL, general rollout speedup methods, and sparse attention
application in LLM.

RL for LLM. Reinforcement learning has been widely applied to LLMs to improve human alignment,
reasoning, coding, and other complex tasks. Beyond PPO, memory efficient methods have been
proposed, including ReMax (Li et al., [2023), RLOO (Ahmadian et al.| 2024}, and GRPO (Shao et al.|
2024b)). In addition, methods such as SimPO (Meng et al.,|2024) and DPO (Rafailov et al.,[2023)),
which are based on offline RL, have also been employed for human alignment. RL training systems
for LLMs, such as Verl (Sheng et al., 2025)), AReal (Fu et al., 2025), TRL (von Werra et al., |2020),
and OpenRLHF (Hu et al.,|2024), have been developed to improve training throughput and scalability.

Distribution Mismatch Correction in RL. Actor-policy mismatch is a common problem that has
long been studied, e.g. Impala Espeholt et al.| (2018)). To alleviate the actor-policy distribution gap,
the method introduces a truncated importance sampling (TIS) to approximate the true PPO objective.

L) = E,p,, {min (p"‘("l") ,C) min (rg(z) A(z), clip(rg(z),1 — €,1 + €) A(JI))} )

Dint ()

The truncation threshold C' is for maintaining the stability of the range of the importance ratio.
Recently, several methods apply the truncated importance sampling method to RL of LLMs. Methods
such as FlashRL |Liu et al. (2025c), AReal (Fu et al., [2025), and LlamaRL (Wu et al., [2025) address
distribution mismatch by introducing (truncated) importance sampling ratios, typically of the form
Dref/Dinf» t0 correct the impact of mismatch on advantage estimation. From system perspective, FP32
LM heads Liu et al.[(2025c)) and deterministic LLM Inference (He & Lab, [2025) are implemented to
mitigate the numerical issue of serving systems when rollout.

Prior Rollout Speedup Methods. Many recent works have been proposed to address this rollout
efficiency challenge, but have several key limitations. Several recent works (Zheng et al.| 2025b;
Piché et al.| [2025} Zhou et al.| [2025)) have designed asynchronous RL training systems that accelerate
training by decoupling the rollout and training phases to better utilize computational resources.
However, although this line of work prioritizes training throughput, the high resource utilization in
the rollout phase remains unaddressed. Moreover, the asynchrony can result in staleness of samples
which can potentially lead to inferior training. Another line of work aims to accelerate rollouts with
model quantization (Liu et al.,|2025¢; Huang et al., 2025)) and speculative decoding (Leviathan et al.,
2023} (Chen et al.| [2023)). Despite that model quantization can significantly reduce the cost of loading
model weights, it cannot effectively mitigate the rollout overhead for long-sequence generation,
where KV-cache loading remains the primary bottleneck (Sadhukhan et al., 2025b). Conversely,
speculative decoding can accelerate rollouts without altering the sampling distribution. However, it is
largely unsuitable for large-batch rollout setting (Liu et al., [2025d; Su et al., [2023) in RL training
because the verification process becomes compute-intensive. Furthermore, speculative decoding
introduces an additional draft model which requires extra training resources and thus complicates the
whole training pipeline.

Sparse Attention. Attention operations cost dominates the latency of generating long-context output,
consensus shared by many prior studies|Sadhukhan et al.| (2025b); |Yuan et al|(2025)). An extended
amount of works have worked on reducing and alleviating the attention cost by pruning out redundant
token computation and only spending time loading and computing on essential tokens. Training-free
approaches revolve around fine-grained token-level decisions|Zhang et al.|(2023)) or more accurate
dynamic block-sparse attention Tang et al.| (2024); |Sun et al.|(2024); Liu et al.|(2025a). Despite robust
performance in general tasks, under aggressive sparsity settings, these methods incur an unacceptable
accuracy drop. Pretrained sparse attention methods Yuan et al.|(2025); DeepSeek-Al| (2025)), on the
other hand, are achieving scalable results.

B RoOLLOUT COST ANALYSIS AND SPARSE ATTENTION MOTIVATION

To understand why rollout generation dominates RL training, prior work models decoding cost as the
combination of computation and KV-cache memory traffic (Sadhukhan et al.,[2025b). We adopt the
same additive view and analyze rollout latency independently.
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For dense autoregressive decoding, the per-layer cost consists of parametric computation plus self-
attention:
C(cnmp = 2PB]VLOut + TBN(2Lin + Lout)LoutD7

while memory traffic is driven by parameter and KV-cache access:

Cmem = 2PLow + BN(2LinLow + L2,)D.

out

Although parameter access can be amortized with large batch size and model parallel inference,
the attention term grows quadratically with response length. As a result, rollout decoding becomes
increasingly memory-bound for long generations, and self-attention quickly emerges as the dominant
bottleneck.

Sparse Attention. With a KV budget K, sparse decoding replaces the quadratic dependence on
Ly with a budgeted cost:

Cparse K) = 9PBN Low + rBND - H(Lin, Lous, K),
Cipase®) = 2P Lo + BN D - H(Lin, Low, K),
where
H= (2Lin + Ldense)Ldense + 2K (Loul - Ldense)
Lense = min(Louta K- Lin)-

+7

Thus sparse attention avoids O(L2,,) scaling and instead yields O(K Ly) memory growth.

End-to-End Implications: An RL iteration decomposes into rollout generation, logits recomputation,
and policy update:
Ct l = Crollout + (recomp + C«update
otal — .

Recomputation and update operate on full sequences via prefill-style passes, achieving high arithmetic
intensity and remaining largely compute-bound. In contrast, rollout decoding performs per-token KV
access with low arithmetic intensity, making it fundamentally memory-bound.

Superior inference scaling with Sparse Attention. Overall, the rollout phase dominates end-
to-end training time (often > 90%, Figure , primarily because the KV loading cost increases
quadratically with generation length (Sadhukhan et al.|[2025b). Increasing number of rollouts can not
amortize the decoding cost as the dominant KV memory also grows linearly with it. Sparse attention
directly targets this bottleneck by reducing rollout memory cost from O(L2,,) to O(K Loy), where K
is the sparse KV cache size. This allows us to increase the generation length and number of samples
to achieve high-quality rollouts within reasonable cost. In other words, sparse attention unlocks
superior inference scaling in the usual long CoT regime.
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