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Abstract
With the rapid advancement of large languagemodels (LLMs),
reinforcement learning (RL) has emerged as a pivotal method-
ology for enhancing the reasoning capabilities of LLMs. Un-
like traditional pre-training approaches, RL encompasses
multiple stages: rollout, reward, and training, which necessi-
tates collaboration among various worker types. However,
current RL systems continue to grapple with substantial GPU
underutilization, due to two primary factors: (1) The rollout
stage dominates the overall RL process due to test-time scal-
ing; (2) Imbalances in rollout lengths (within the same batch)
result in GPU bubbles. While prior solutions like asynchro-
nous execution and truncation offer partial relief, they may
compromise training accuracy for efficiency.

Our key insight stems from a previously overlooked obser-
vation: rollout responses exhibit remarkable similarity across
adjacent training epochs. Based on the insight, we introduce
RhymeRL, an LLM RL system designed to accelerate RL train-
ing with two key innovations. First, to enhance rollout gen-
eration, we present HistoSpec, a speculative decoding infer-
ence engine that utilizes the similarity of historical rollout
token sequences to obtain accurate drafts. Second, to tackle
rollout bubbles, we introduce HistoPipe, a two-tier schedul-
ing strategy that leverages the similarity of historical rollout
distributions to balance workload among rollout workers.
Experimental results demonstrate that RhymeRL achieves
up to a 2.6x performance improvement over existing meth-
ods, without compromising accuracy or modifying the RL
paradigm.

CCSConcepts: •Computingmethodologies→Distributed
computing methodologies;Machine learning.
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1 Introduction
Post-training with reinforcement learning (RL) has emerged
as a new paradigm for scaling and enhancing the capabilities
of LLMs [1–6]. Representative post-training models, such
as DeepSeek-R1 [1], have demonstrated significant improve-
ments in areas including coding [5], mathematics [7] and
many others [8–11]. A standard RL pipeline comprises three
main stages: rollout, reward, and training. In the rollout stage,
the LLM generates a large number of tokens, with extended
reasoning to improve the quality of final responses (test-time
scaling [12]). In the reward stage, a reward score is assigned
to each response (i.e., sample). In the subsequent training
stage, the model’s weights are updated by computing new
loss values based on the assigned rewards. As a result, RL
systems are inherently complex and distributed, typically
involving coordination among multiple heterogeneous work-
ers to efficiently execute the various pipeline stages.
Current LLM RL systems face significant GPU underuti-

lization, primarily arising from two sources. First, overly long
rollout phases. During each RL step, the rollout phase, which
entails generating a substantial number of thinking tokens,
typically consumes 84% to 91% of the total time. Additionally,
the autoregressive nature of LLMs prevents the rollout phase
from fully utilizing GPU computational resources, resulting
in substantial underutilization. Second, bubbles caused by im-
balanced rollouts.Within a single batch, the response lengths
of rollouts generated by different prompts vary dramatically,
leading to a pronounced long-tail effect. As a result, com-
pleted rollout tasks must wait until the longest rollout in
the batch finishes before advancing to reward and training
stages. Due to these factors, we observe that SOTA RL sys-
tems, such as veRL [13], experience over 46% GPU resource
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Figure 1. An overview of RhymeRL’s designs.

idleness, significantly compromising the efficiency of RL.
To address these problems, recent research has mainly

focused on scheduling optimizations. Some systems mitigate
the performance degradation caused by long-tail rollouts by
truncation (e.g., Kimi-K2 [14]) or reducing their batch size
(e.g., StreamRL [15]). However, truncation methods inher-
ently introduce a trade-off between accuracy and efficiency,
while adjusting batch sizes provides only limited alleviation
of the long-tail problem (∼10% [15]). Some systems (e.g.,
AReaL [16]) depart from conventional RL systems by en-
abling full asynchronization between the rollout and train-
ing phases to reduce GPU idle time. However, this results
in rollouts utilizing stale model weights, which changes the
paradigm of RL. Additionally, model weight updates during
rollout trigger the recomputation of all tokens in the ongo-
ing rollouts, leading to considerable overhead. Therefore,
enhancing the efficiency of rollout generation and minimiz-
ing GPU resource idleness remain critical challenges in the
development of LLM RL systems.

Through a detailed analysis of the RL training practice, we
observe that the rollout process in RL is distinct from con-
ventional LLM inference. Specifically, a complete RL train-
ing consists of performing multiple inference passes on the
same prompt in different RL steps (several epochs [7, 17, 18]).
While the model weights vary between these steps due to
continuous updates during training, current RL algorithms
(such as GRPO [7], etc. [17, 19]) apply mechanisms (e.g., PPO
clipping [20] and gradient clipping [21]) to restrict the mag-
nitude of the model’s updates at each step, thus maintaining
stable model evolution. This stability leads to a high de-
gree of similarity between rollout responses across different
epochs: (1) Token sequence similarity. The responses gener-
ated for each prompt exhibit substantial similarity to their
corresponding previous rollout responses, with 75%—95%
of tokens being reusable. (2) Length distribution similarity.
Although a prompt generates responses of varying lengths in
different epochs, their position within the epoch’s response
length ranking remains stable, with only 2%-4% of responses
experiencing significant rank changes. Motivated by this
observation, our central insight is to exploit the similarity
from historical rollouts to accelerate the rollout process and
achieve effective load balancing across rollout workers.
We propose a novel RL system, RhymeRL, which signifi-

cantly improves LLM RL efficiency without modifying exist-

ing RL training paradigms or sacrificing accuracy, as Fig.1
shows. First, leveraging the historical token sequence sim-
ilarity, we propose a lightweight yet effective speculative
decoding [22] mechanism, HistoSpec, to accelerate the rollout
process and improve the computational density. HistoSpec
adopts a reward-aware, tree-based management strategy to
organize draft tokens, and incorporates a novel speculative
strategy inspired by TCP congestion control mechanisms
(AIMD [23]) to improve prediction accuracy. Secondly, lever-
aging the historical length distribution similarity, we intro-
duce the HistoPipe scheduling. By complementing long and
short rollouts between adjacent steps, HistoPipe effectively
balances workload across rollout workers and eliminates
GPU bubbles caused by the imbalanced distribution of rollout
lengths. HistoPipe further tackles outliers with migration-
based tail rebalancing, and proposes a two-tier scheduling
mechanism for better complementarity.
We have implemented our system on veRL and success-

fully deployed it in industrial RL environments, achieving
a performance improvement of up to 2.6x. RhymeRL con-
sistently attains SOTA performance across GPU clusters of
varying scales while maintaining training accuracy without
compromise. HistoSpec is merged into veRL’s codebase [24].

In summary, we make the following contributions:
• We reveal the historical similarities during RL training. We
also provide the key implications from our RL practices.
• We leverage speculative decoding for RL acceleration. We
also design the reward-aware, tree-based distributed cache
management and the AIMD-inspired token speculation.
• We propose the distribution-aware rollout pipeline. We
also propose the migration-based tail rebalancing, and the
two-tier scheduling mechanism.

2 Background
2.1 LLM Reinforcement Learning
RL-based post-training refines LLMs through interaction
with environments. As the marginal benefits of pretraining
diminish, RL is widely acknowledged as a pivotal approach
for enhancing LLMs’ reasoning capabilities [1, 2, 25, 26].
Workflow. In brief, the LLM RL training workflow com-
prises three stages, as Fig. 2 shows: (1) Rollout: the model
generates responses to input prompts (processed in batches).
(2) Reward: Responses are scored using rule-based functions
or reward models. (3) Train: Loss is computed based on re-
wards, followed by backpropagation to optimize the model.
Algorithm. Early algorithms like PPO [27, 28] employ not
only rule-based functions/reward models to generate sample-
level rewards, but also simultaneously train a critic model to
produce action-level rewards. This strategy stabilized train-
ing by reducing the volatility of rewards from sample-level
evaluations. Contemporary mainstream methods, exempli-
fied by GRPO [7] and DAPO [17], have superseded critic
models with Group Relative Advantage (GRA). This paradigm
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Figure 2. Phases and time distribution in LLM RL. We train
32B models with math/code datasets using veRL [13] and GRPO [7].

leverages the inherent stochasticity of LLMs during rollout:
for each prompt, the LLM generates a group of responses (usu-
ally 16 in our production). Policy updates are then guided by
relative scoring within the groups. The process of generat-
ing multiple responses per prompt can be interpreted as the
model exploring diverse solution pathways to a problem.

2.2 Speculative Decoding
During LLM decoding, each attention operation requires ac-
cessing the entire KV cache, making the decoding process
memory bandwidth-bound and preventing full utilization
of computational resources. Unlike conventional decoding,
which generates one token per iteration (i.e., LLM forward
pass), speculative decoding [22, 29–33] first predicts multiple
draft tokens using a lightweight method (e.g., using a small
draft model [34–37] or retrieving from corpora [38–40]). The
LLM then verifies these tokens in a single forward pass by
computing their logits and accepting valid tokens. Since veri-
fying multiple tokens incurs nearly identical memory access
overhead (traversing the KV cache once) as generating one
token conventionally, but with higher computational inten-
sity, speculative decoding amortizes the memory cost across
multiple tokens. This approach is theoretically proven to pre-
serve output distribution integrity. When acceptance rates
are favorable, it significantly accelerates LLM decoding [41].

3 Characterising RL Training in the Wild
Despite the widespread adoption of RL for LLM training, cur-
rent RL systems still face significant performance challenges.

3.1 Rollout as the Major Bottleneck in RL Training
Implication-1: Rollout dominates the RL training time-
line. During RL training, we observe that the rollout phase
dominates the RL time. Specifically, as Fig.2 shows, for LLMs
trained with a maximum response length of 16K tokens, roll-
out accounted for 91% of the entire RL processing time for
the math model and 84% for the code model. When the maxi-
mum response length was increased to 32K tokens or longer,
the rollout time overhead exceeded 95%.

This significant overhead stems from three key factors: (1)
Complex reasoning demands.During RL, LLMs are required to
generate complex reasoning chains in responses. This results
in long responses, and crucially, the response length tends to
increase progressively as training advances. As Fig.3a shows,
the mean response length grows from 1K to 10K in 320 steps.

Systems
Reduce
rollout
time

Tackle
rollout
bubbles

Rollout
-train

pipeline
Core techniques

RLHFuse [45] ✗ Partially ✗ PPO-specific optimizations
HybridFlow [13] ✗ ✗ ✗ Hybrid programming model
Kimi K2 [14] ✗ Partially ✗ Partial rollout
DeepScaleR [18] ✗ ✗ ✓ Pipelined rollout/train
StreamRL [15] ✗ Partially ✓ Skewness-aware scheduling
AReaL [16, 42] ✗ ✓ ✓ Fully async rollout
AsyncFlow [43] ✗ Partially ✓ Streaming pipeline
DistFlow [44] ✗ ✗ ✓ Distributed multi-controller
RhymeRL ✓ ✓ ✓ HistoSpec + HistoPipe
Table 1. Existing LLM RL optimizations. RLHFuse [45] proposes
RLHF-specific optimizations (i.e., PPO-specific), and cannot optimize
current RL algorithms (GRPO/DAPO). It fuses the inference of actor/-
critic/reference/reward models and the training of actor/critic models.
But current algorithms usually only rollout/train with the actor model.

(2) Memory-bound decoding. During rollout, generating each
token requires an LLM forward pass, which is constrained
by memory bandwidth. (3) Sequential dependency. Due to the
dependency between rollout and the subsequent training
step, the training phase cannot commence until the longest
sequence within the batch completes its rollout.
Implication-2: Rollout imbalance leads to GPU under-
utilization. Preserving the rollout-train dependency is crit-
ical for accuracy, but it introduces significant compute bub-
bles and leads to GPU idleness during rollout. We observe a
significant long-tail effect within a batch, as shown in Fig.3b
— rollout response lengths varywidely across sequences. Due
to the imbalanced distribution of rollout lengths, some roll-
out workers (i.e., GPUs cooperating with tensor parallelism)
finish early and become idle, yet must remain inactive un-
til all workers complete their tasks. As Fig. 3c shows, in a
step, GPU monitoring reveals that the earliest-finishing GPU
remains idle for ∼76% of the total rollout duration.

3.2 State-of-the-Art Efforts and the Limitations
We summarize existing efforts on optimizing LLM RL sys-
tems [13–16, 18, 42–48] in Table.1.
Pipelining rollout and training. Early RL systems like
veRL [13] and OpenRLHF [47] adopt a colocated architec-
ture, where GPUs repeatedly switch between rollout and
training workloads, as Fig.4a shows. This design incurs sig-
nificant overhead from context switching between workers
and substantial bubbles due to strict step-wise rollout-train
dependency. Consequently, DeepScalaR [18] introduces a
decoupled architecture, relaxing the dependency by using
stale weights that are one step behind for rollout (i.e., the off-
policyness is 1), which is widely proven to maintain training
accuracy [15, 18, 49]. This enables coarse-grained rollout-
train pipeline, and is adopted by systems including veRL [49].
AsyncFlow [43] further refines the rollout-train pipeline by
granularizing dependencies from batch-level to mini-batch
level, enhancing pipeline efficiency (as Fig. 4b shows, the
reward and train processes proceed after a mini-batch’s roll-
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Figure 4. Existing LLM RL pipelines. Dashed lines represent the
dependency between rollout samples and reward/train, while solid
lines represent the dependency between training and weight updating.

out finishes). Nevertheless, imbalance persists among rollout
workers, leaving significant bubbles within rollout stages.
Tackling long-tail rollout. StreamRL [15] proposes skewness-
aware scheduling, which allocates additional data-parallel
GPUs to the prompts likely to generate long responses. By re-
ducing batch sizes for these prompts, it alleviates the long-tail
effect in rollouts. However, due to the autoregressive nature
of LLM rollouts, this approach only marginally reduces the
long-tail and the rollout bubbles (∼10% [15]). Kimi-K2 [14]
introduces partial rollout, which truncates excessively long
responses and retains generated segments for continuation in
subsequent steps. This method faces an efficiency-accuracy
dilemma: Excessive truncation causes significant portions of
responses to be generated by stale model weights, ultimately
producing outdated reward signals; conservative truncation
diminishes its effectiveness in reducing rollout bubbles.

Fully asynchronous rollout. AReaL [16] adopts a radical
approach (Fig.4c): (1) Fully async rollout. Rollout workers
continuously generate responses while train workers se-
lect usable samples based on the maximum off-policyness
threshold. (2) Aggressive dependency relaxation. Training
can utilize rewards derived from rollouts generated by (po-
tentially) stale model weights many steps prior. When new
model weights are produced, ongoing rollouts are truncated
to propagate updated weights. The truncated rollouts are
continued after recomputing the KV cache with newweights.
This method has critical limitations: (1) Fully async rollout
changes the paradigm of RL. Excessive off-policyness floods
training with obsolete signals. (2) Rollout imbalance-induced
GPU underutilization remains. Rollouts exceeding the off-
policyness threshold are discarded, and frequent KV cache
recomputation wastes GPU resources.
Summary. In existing systems, rollout imbalance remains a
persistent bottleneck, resulting in significant GPU resource
underutilization. Critically, no existing approach reduces the
time required for rollout execution and improves the GPU
computational underutilization of the rollout stages.

4 RhymeRL Overview
To resolve the persistent challenges in LLMRL: time-consuming
rollouts and rollout imbalance, we design and implement
RhymeRL, which leverages historical rollout information to
accelerate rollout execution andminimize imbalance, thereby
achieving significant speedups in RL training.

4.1 Observations and Insights
Observation. A complete LLM RL training typically spans
several epochs [7, 17, 18], each comprising multiple steps that
iterate through the full dataset1. In the long-term practice of
LLM RL training, we observe strong historical similarity
in rollout responses across epochs, characterized by:
• High token similarity in responses of the same prompt

1For example, Qwen3 [4] trains 170 steps with only 3995 query-verifier
pairs, DeepSeekMath-RL [7] (> 8000 steps) trains > 55 epochs, JustRL-
DeepSeek [50] (4380 steps) trains > 6 epochs, M2PO [51] (4000 steps) trains
> 25 epochs, DeepScaleR [18] (1750 steps) trains > 5 epochs, SimpleTIR [52]
(1200 steps, multi-turn) trains 4 epochs.
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across adjacent epochs, i.e., responses in each epoch contain
a large proportion of consecutive token sequences that are
identical to the sequences in the previous epoch (§5.1);
• High response length distribution similarity across adjacent
epochs. If we rank the prompts using their response lengths,
the ranking across adjacent epochs remains similar (§6.1).
Root cause. To maintain stable model evolution and prevent
catastrophic forgetting, current RL algorithms [7, 17, 19, 27,
51] employ mechanisms to constrain the magnitude of policy
updates, such as PPO clipping [20] and gradient clipping [21].

∇𝜃𝐿 ∝ 𝐴𝑡︸︷︷︸
Advantage

· 𝑟𝑡 (𝜃 )︸︷︷︸
Importance weight

· ∇𝜃 log𝜋𝜃 (𝑎𝑡 |𝑠𝑡 )︸              ︷︷              ︸
Score Function

(1)

As Equation 1 shows, the magnitude of the update de-
pends on the reward signal (i.e., advantage), the difference
between old and new policies (i.e., importance weight), and
the gradient of log-policy (i.e., score function). The advan-
tage is typically normalized, while the importance weight is
constrained by PPO clipping (e.g., usually 0.2–0.28 [17]). Dur-
ing stable iterating RL, the score function usually remains
moderate. Furthermore, the algorithms apply gradient clip-
ping to bound the final gradient. In practice, after the initial
phase, each step’s gradient norm (the gradient’s Euclidean
norm) generally stabilizes at the order of 10−1 [53].
Insights. The key insight of RhymeRL is motivated by the
above novel observations. By systematically organizing and
utilizing historical information, which has been overlooked
in all existing RL systems, we unlock new opportunities
to further enhance the overall performance of RL system.
Specifically, to accelerate the rollout process, we propose a
dedicated speculative decoding mechanism that leverages
historical rollouts as accurate drafts. Furthermore, to balance
theworkload among rollout workers, we introduce a two-tier,
distribution-aware pipeline scheduling strategy that exploits
the distributional similarity present in historical rollouts.

4.2 System Overview
As Fig.5 shows, RhymeRL inherits the hybrid controller archi-
tecture proposed by HybridFlow [13] and the disaggregated
rollout-train structure (Fig. 4b), utilizing dedicated rollout
workers for response generation, reward workers for reward

computation, and train workers for policy optimization to
form a pipelined RL workflow.

To improve the RL system’s overall efficiency, we adopt a
streaming pipeline architecture. During each step, each roll-
out worker retrieves a sub-batch of prompts asynchronously
dispatched by the controller from its prompt sub-batch queue,
and generates responses using the inference engine (❷).
Completed rollout responses (i.e., samples) proceed to re-
ward workers for scoring (❸) before being transferred to
train workers’ replay buffer. Once the replay buffer accumu-
lates sufficient samples matching the batch size (❹), the train
workers execute user-defined RL algorithms to optimize the
model (❺). Following full-batch policy optimization, updated
model weights are propagated from train workers to the
weight buffers (on host memory) of rollout workers. Before
processing each step’s sub-batch, rollout workers synchro-
nize the weights to their GPUs (❻). This worker-controlled
asynchronous weight update strategy removes global syn-
chronization overhead and minimizes idle waiting times.

To accelerate rollout generation via speculative decoding
(HistoSpec), RhymeRL employs a reward-aware suffix-tree-
based approach (§5.3) that efficiently generates speculation
drafts from historical data with minimal overhead. We fur-
ther propose an AIMD-inspired token speculation strategy
(§5.4) to dynamically adjust the length of speculative tokens,
thereby achieving higher acceptance rates while improving
computational density. Moreover, to balance the workload
among rollout workers, RhymeRL implements a distribution-
aware scheduling strategy (HistoPipe), which leverages inter-
step complementarity to achieve overall workload balance.
It addresses anomalous outliers with migration-based tail
rebalancing (§6.3), and tackles highly skewed rollout time
distributions with a two-tier scheduling mechanism (§6.4).

We introduce the cluster-scale history workers to manage,
index and analyzethe historical responses, which transfer
the indexed cache (asynchronously) to rollout workers for
speculation, and provide the length ranking information to
the controller for rollout scheduling. They operate on idle
CPU resources within the RL cluster. With the integration
of history workers, the RL workflow incorporates two ad-
ditional stages. First, the controller leverages the historical
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length ranking to enable more effective task scheduling (❶),
while it also distributes relevant historical responses to the
assigned rollout workers. Second, after a rollout worker gen-
erates responses, it asynchronously sends them to history
workers (❼), which update corresponding data structures.

5 HistoSpec: Speculative Rollout Generation
Since the rollout phase constitutes the majority of execu-
tion time in RL workflows, accelerating rollout is critical
for improving overall efficiency. Although existing RL sys-
tems utilize SOTA inference engines [54, 55] during rollout,
their performance is fundamentally constrained by mem-
ory bandwidth, due to the extremely long rollout sequences.
We observe that rollout is a specialized LLM inference that
demonstrates high historical similarity. Motivated by this, we
introduce a novel speculative strategy dedicated to rollout.

5.1 Observation: Token Similarity in Rollout
RL training comprisesmultiple iterative epochs, duringwhich
the same prompt will be repeatedly sampled across differ-
ent epochs. Mainstream RL algorithms [7, 17, 19, 27] restrict
the magnitude of the model’s updates. Furthermore, they
use Group Relative Advantage (GRA) Optimization, generat-
ing multiple responses per prompt (8—64 responses), which
enables comprehensive exploration of diverse reasoning tra-
jectories throughout each epoch. Consequently, the outputs
generated for the same prompt during rollouts at adjacent
epochs exhibit a high degree of similarity.
To quantitatively evaluate the similarity of tokens gen-

erated during rollouts, we analyze the response traces gen-
erated during RL training across five math/code datasets,
as listed in Fig.6c. For each response, we simulate its roll-
out “generation” from the beginning, and use the last three
“generated” tokens as the prefix to search for exact matches
in the historical responses from the previous epoch. When

a match is found, we record the length of identical token
sequences that follow the prefix in both historical and cur-
rent responses, labeling them as “accept” tokens. Otherwise,
we will forward the response to “generate” one token. The
routine is repeated until the end of the response. As Fig.6a
shows, across 8 epochs, for math tasks, 93% of tokens could
be successfully “accept” using this routine (on average, 75%
for code). Furthermore, as training progresses (i.e., with in-
creasing epochs), the similarity increases. Fig.6b shows the
distribution of the responses’ acceptance rates.

5.2 Speculative Rollout with History
Leveraging historical token similarity, we design HistoSpec,
which utilizes speculative decoding to accelerate rollouts and
uses historical responses as draft sources. In each decoding
iteration, HistoSpec uses the last few generated tokens as the
prefix to search for matches within the prompt’s historical
responses. Upon matching, it extracts a certain number of
subsequent tokens following the prefix as drafts. The drafts
are then verified via a single LLM forward pass, with some
(possibly all) tokens accepted (§2.2). This history-based spec-
ulative rollout improves computational resource utilization
during rollouts, and reduces the time of the rollout stage.
Technical challenges. However, this approach encounters
two challenges: (1) Over-long rollout sequences induce sig-
nificant prefix matching overhead, and the branching in
historical responses complicates draft token selection; (2)
Unpredictable draft acceptance length creates a trade-off
between underutilizing compute capacity (when predicting
too few tokens) and wasting resources on verifying rejected
tokens (when over-predicting).

5.3 Tree-based Historical Rollout Management
Draft generation overhead is a pivotal factor determining
speculative decoding’s effectiveness. However, existing corpus-
based speculation methods face a dilemma between retrieval
costs and index building costs. E.g., n-gram [39, 56] requires
time-consuming linear scans for prefix matching, and Suf-
fixDecoding [38] limits the lengths of draft source sequences
to reduce index building costs. During LLM RL, each epoch
generates multiple long responses (totaling hundreds of thou-
sands of tokens per prompt). Traditional draft generation
methods struggle to operate efficiently under the constraints.
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Async cache building. The RL workloads allow us to relax
the constraints on draft generation. In RL sampling strategies,
the same request is generally not re-sampled until multiple
steps later. Therefore, we are able to shift the computational
overhead associated with retrieval to the indexing phase.
RhymeRL employs history workers to index historical rollout
sequences asynchronously. Upon generating new responses,
the controller dispatches them to history workers for index
construction. When scheduling prompts to rollout workers
(asynchronously), the controller notifies the corresponding
history workers to transfer the relevant indexed cache.
Reward-aware tree-based management. RhymeRL em-
ploys suffix trees [57] to index cached responses, which en-
ables 𝑂 (𝑚)-time matching for length-𝑚 prefixes. RhymeRL
maintains a dedicated tree for each prompt, indexing all its
historical responses generated in its last rollout. Since mod-
ern RL algorithms generate multiple responses per prompt
to explore multiple solution paths, a prefix may branch to
divergent suffixes, complicating draft token selection. We ob-
serve that, during training, RL algorithms optimize themodel
towards generating high-reward solutions with higher prob-
ability. Therefore, we add a priority value to each tree node,
weighted by the sum of the rewards of its branch. For every
suffix branch present, HistoSpec selects the one with the
highest priority. Through this RL-algorithm-guided design,
HistoSpec maximizes the speculation acceptance rate.
As Fig.7 shows, in the suffix tree, each node represents

a subsequence formed by the path from root to that node,
where each leaf node corresponds to a complete suffix of
a response, and each edge represents one or more tokens
extending the sequence of parent node to the sequence of the
child. For each leaf node, its priority (marked on the nodes
in Fig. 7) is the sum of the rewards for the responses that
end with this suffix (that the leaf node represents). A parent
node’s priority is the sum of its children’s priorities.
Resources. Both the tree’s construction time overhead and
memory overhead are 𝑂 (𝑛) for 𝑛 tokens [58]. GPU clusters
have sufficient CPU resources (64–128+ cores and multi-
TB host memory), which are mostly idle during previous
RL flows. RhymeRL strictly limits the resources used by
history workers using OS methods [59], preventing them
from interfering with other workers. For RL training with a
230K dataset and 16K max response length, the host memory
overhead of suffix trees is < 80GB per node with 8 nodes.
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Figure 9. The ranking group changes of responses across 20
epochs. Since each prompt generate multiple responses, we ana-
lyze the previous epoch by assigning all responses of each prompt
to the same ranking group based on their median length, yielding
the predicted group. For the current epoch, we sort all responses by
their actual lengths to obtain the real group, and compare it with the
predicted group to collect the data. In the figure, the lower parts of the
bars represent the proportion of responses that remain in the same or a
lower group; the upper parts represent the proportion of responses that,
despite changing groups, only move up one group and have lengths in
the shorter 50% of the new group (i.e., shift near the group boundary).

HistoSpec also supports compression and swapping to SSD
for memory saving, and checkpoint for fault tolerance.

5.4 AIMD-like Token Speculation
To determine the length of tokens predicted by HistoSpec in
each iteration, we conduct a detailed analysis of the length
distribution of identical token sequences in rollout responses.
As shown in Fig. 8, short segments (1-2 tokens) dominate
in quantity, while long segments account for the majority
in the total length. This poses a challenge for HistoSpec: If
we predict many tokens per iteration, most tokens would
be rejected, wasting significant computation on verifying
them. If we predict a small number of tokens, computational
resources cannot be fully utilized, undermining speculative
decoding’s advantage in improving computational density.

We find that network congestion control encounters simi-
lar challenges. Classical TCP congestion control employs the
AIMD (Additive Increase, Multiplicative Decrease [23]) princi-
ple: gradually increasing the window size when network is
uncongested, but aggressively reducing it upon congestion.
Inspired by AIMD, HistoSpec designs a dynamic speculation
window for each response, initialized to two tokens. When
all speculated tokens are accepted, HistoSpec additively in-
creases the window size by 2, until it meets the upper thresh-
old (32 by default). But when any token is rejected, it resets
the size directly to 2. This approach guarantees high compu-
tational density during generating long matching sequences,
and minimal wasted computation for short sequences.
As for the prefix length, HistoSpec sets it to 7 initially. If

no matching suffix is found, HistoSpec progressively reduces
it until it reaches 3. These hyperparameters are adjustable.
HistoSpec also considers batch size. At large batch sizes,

increased decoding parallelism yields higher GPU computa-
tional utilization, where excessively low speculative accep-
tance rates degrades the overall throughput. To mitigate this,
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Figure 10. HistoPipe design. Leveraging the worker-controlled
async weight updating (§4.2), updated model weights are prop-
agated asynchronously to the rollout workers’ weight buffers and
updated to GPUs by rollout workers upon completing a rollout step. In
rare cases where the corresponding weights have not been propagated
to the weight buffer, the rollout worker will await the weights.

HistoSpec monitors the acceptance rates and adaptively dis-
ables speculation. Through pre-profiling, HistoSpec gets the
maximum viable batch size for throughput gains at different
acceptance rates. When a rollout worker’s current batch size
exceeds the threshold, speculation is automatically disabled
to preserve system efficiency.

We provide a dedicated proof for the sampling mechanism
of HistoSpec, to rigorously demonstrate that it does not alter
the model’s output token distribution (§A.2).

6 HistoPipe: Hybrid Rollout Pipeline
Although HistoSpec improves rollout efficiency, it does not
address the issue of imbalanced rollout distributions, result-
ing in non-trivial GPU resource underutilization. We observe
that leveraging the information from historical rollouts can
effectively maintain load balance throughout the rollout pro-
cess, and propose the HistoPipe scheduling design.

6.1 Observation: Distribution Similarity in Rollout
Although different prompts generate varying numbers of
tokens within a single rollout, we observe that the response
length (i.e., token count) distribution for the same prompt
across adjacent epochs remains similar. In other words, if a
prompt generates a relatively large number of tokens in one
rollout iteration, it is likely to produce a similarly large token
count in subsequent rollouts. Therefore, we can effectively
predict the ranking of response lengths using historical lengths.
To validate this observation, we analyze the response

length rankings acrossmultiple rollout epochs for five datasets
(Fig.6c). Specifically, we group the responses into 8 ranking
groups based on their lengths, ranked from low to high. As
Fig. 9 shows, across 20 epochs (300—1000 steps), for math
tasks, an average of only 16% of responses change their group
to higher ones (28% for code tasks). Among them, 13% of the
(all) responses only shift near the group boundary without
significantly altering the distribution (24% for code). These
results demonstrate that not only do generated tokens ex-
hibit similarity across rollouts, but the distribution of rollout
lengths also remains relatively consistent over epochs.

Dataset name Math-1 Math-2 Math-3 Code-1 Code-2
Rank 8 16 8 16 8 16 8 16 8 16
Accurate 85.7 79.7 83.2 76.9 79.0 71.6 71.8 62.6 73.2 62.5
Not last 10% 12.2 16.8 12.7 17.5 16.9 22.8 23.9 30.4 22.9 30.1
Within 1.1x 0.61 1.03 0.55 1.02 0.86 1.47 1.44 2.34 1.46 2.32
Migrated 1.49 2.47 3.55 4.58 3.24 4.13 2.86 4.66 2.44 5.08
Table 2. Accuracy of predicting the samples’ ranks with his-
torical lengths and migration rates (14B models). We list the
average value of the metrics of the 20+ epochs.

6.2 Distribution-aware Hybrid Pipeline
Leveraging the similarity in rollout length distributions can
enable more balanced scheduling of rollout tasks, reducing
load imbalance during rollout. We propose a distribution-
aware rollout pipeline strategy, named HistoPipe.
Hybrid Pipeline. Preserving the rollout-reward-train de-
pendency is essential for algorithmic integrity. However,
the imbalanced distribution of rollout lengths and the au-
toregressive nature of LLMs induce rollout bubbles within
individual steps. Inspired by Dual-Pipe’s philosophy [60],
instead of seeking per-step balance, HistoPipe shifts focus
to inter-step workload complementarity, which constructs
synergistic balancing across consecutive training steps.
Historical distribution enables HistoPipe to rank rollout

prompts based on their historical response lengths, obtaining
several ranking groups by equally dividing the ranked
prompts. As Fig. 10 shows, during odd-numbered rollout
steps, the scheduler assigns ranking groups to workers (0
through N-1) in ascending order of rollout length.

Conversely, during even-numbered steps, ranking groups
are assigned in descending order of rollout length. By com-
plementing rollout lengths in this alternating manner, we
fill idle time that occurs during rollout execution, thereby
improving the overall efficiency of the rollout workers. 2
HistoPipe is not enabled during the first epoch as no

historical information exists, which is acceptable because
RL training typically spans several epochs, and the first
epoch exhibits the shortest duration. For RL algorithms us-
ing Group Relative Advantage, HistoPipe uses the median
lengths within each response group as the historical response
lengths to rank the prompts. Although we do not preclude
more complicated algorithms or model-based methods [15],
the current method is sufficiently robust and effective (Fig.9).
Technical challenges. HistoPipe also faces several chal-
lenges under real workloads. (1) Although the rollout length
distributions exhibit high similarity, the occurrence of an
anomalously long rollout can damage the complementarity
and disrupt the pipelines. (2) In practice, the long-tail dis-
tribution of rollout lengths prevents consecutive steps from
achieving perfect workload complementarity.

2After gathering the entire batch from rollout/reward workers, the con-
troller randomly shuffles the batch, and then divides it into mini-batches
for training. This ensures that the training process does not inherit any bias
from the ranking-based grouping during rollout.
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Figure 11. Bubbles caused by skewed rollout time distribu-
tion, and how the two-tier scheduling reduces bubbles.

6.3 Migration-based Tail Rebalancing
To mitigate the impact of anomalous rollout lengths on the
hybrid pipeline, we employ two strategies. (1) Intra-step mi-
gration. Migrating excessively long rollouts to other groups
that are still in the same step’s rollout process. (2) Inter-step
migration.Migrating the outliers to the next step.
More specifically, we set a threshold for each ranking

group. When a rollout length exceeds the threshold, it will be
migrated. For the first strategy, long rollouts are dynamically
reassigned to other groups during execution. The generated
tokens are preserved and the rollouts continue after Rhyme-
RL recomputes the KV cache (i.e., prefill) of the prompt and
the tokens. For the second strategy, the migrated rollout is
added to the next step. Similarly, the generated tokens are
preserved and the rollouts continue after KV cache recompu-
tation. Since the RL algorithms and systems inherently use
oversampling, inter-step migrating a small number of roll-
outs and deferring their completion to the next step do not
adversely affect training. In our scheduling design, anoma-
lous rollouts in groups with short rollout lengths are prefer-
entially intra-step migrated, whereas inter-step migration is
used for anomalous rollouts in groups with generally long
rollout lengths. In practice, intra-step migration efficiently
handles most of the outliers.
Threshold.RhymeRLmigrates rollouts exhibiting: (1) within
the last remaining 𝛼% of the rollouts in the group; (2) gener-
ated response length exceeding 𝛽-times the maximum his-
torical response length of the prompts in the same group.
Currently, 𝛼=10 and 𝛽 is determined by the 75th percentile
of the growth rates in response lengths of the previous epoch
(𝛽=1.1 if the percentile < 1.1). Analysis across 5 datasets over
20 epochs reveals only 1.49%—3.55% (8 groups, on average)
of responses undergo migration, demonstrating acceptable
overhead and negligible impact on training accuracy.

6.4 Two-tier Scheduling
Achieving near-bubble-free inter-step complementarity re-
quires approximately linear execution time distributions
across rollout groups. In practice, however, long-tailed roll-
outs (Fig. 3b) cause the time distributions to approximate
exponential patterns, which leads to bubbles on some rollout
workers, as Fig. 11a shows. HistoPipe proposes a two-tier
scheduling mechanism to tackle this issue:
• Tier-1: assigning prompts to ranking groups. First,

▶MIN_WKS/MAX_WKS: a ranking
group' min/max worker number
▶Tool func: calculate workers
needed for a given d
func calWks(d, lens, wks, t0)

wks_needed = 0
for i in range(0, N):

target_t = t0+i*d
▶find min workers to meet
the group' s target time
group_wks = -1
for k in range(MIN_WKS,

MAX_WKS+1):
exec_t = 𝜏(lens[i], k)
if exec_t <= target_t:

group_wks = k
break

if group_wks == -1:
return (Inf, [])

wks_needed += group_wks
plan[i] = group_wks

return (wks_needed, plan)

▶Find best worker allocation
▶The target time of group n:
t(n)=d*n+t0, 0 <= n < N
func planAllocation(lens,

wks, t_train)
t0 = max(𝜏(lens[0], MAX_WKS),

t_train)
d_min = 0.0
d_max = (𝜏(lens[N-1],

MIN_WKS)-t0)/(N-1)
p = 1 # precision, adjustable
▶binary search
while (d_max-d_min) > p:
d_mid = (d_max+d_min)/2
result = calWks(d_mid,

lens, wks, t0)
if result.wks_needed > wks:
d_min = d_mid
else: # feasible solution
best_plan = result.plan
d_max = d_mid

return best_plan

Figure 12. Tier-2 scheduling algorithm. It solves the problem
by minimizing the execution time gradient (𝑑) via binary search, as
Fig.11b shows. We use t_train (time of the last finished step’s training
stage) to ensure the execution time of the shortest ranking group is
longer than the training stage’s time, avoiding the next step’s rollout
waiting for train workers to generate weights. 𝜏 (𝑙, 𝑑𝑝) is determined by
looking up the table obtained from pre-profiling. The cooperation of
HistoPipe with HistoSpec is also considered. 𝜏 (𝑙, 𝑑𝑝) also considers
HistoSpec’s current speculation information (e.g., acceptance rate),
which is omitted in the algorithm for ease of understanding.

HistoPipe equally divides the ranked prompts into groups.
• Tier-2: mapping ranking groups to GPUs. If we allo-
cate equal GPUs per ranking group, their execution times
will exhibit exponential distributions due to long-tail rollouts.
Therefore, HistoPipe designs a distribution reshaping strat-
egy: instead of evenly distributing GPUs among the groups, it
allocates fewer GPUs to the short-length and medium-length
groups while provisioning extra GPUs to the few groups with
long responses. In this way, HistoPipe reshapes the groups’
rollout time distribution from exponential to linear, thereby
further reducing rollout bubbles.

In RhymeRL, each rollout worker manages several GPUs
cooperating via model parallelism with user-specified con-
figurations. During Tier-2 scheduling, RhymeRL allocates
GPUs at rollout-worker granularity. Rollout workers operate
via data parallelism, thus, increasing rollout workers reduces
per-worker batch size and shortens the execution time.
Algorithm. HistoPipe determines the GPU allocation plan
using the algorithm detailed in Fig.12. It uses the mean value
of the prompts’ historical response lengths within each rank-
ing group (representative length) to estimate the group’s exe-
cution time. Through pre-profiling of the inference engine
(i.e., HistoSpec, also considering the impact of speculative
decoding), we can obtain the relationship between a ranking
group’s execution time (t), its representative rollout length
(l), and DP worker number (dp): 𝑡=𝜏 (𝑙, 𝑑𝑝). Within the RL
cluster, there are 𝑤𝑘𝑠 rollout workers to serve 𝑁 ranking
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Figure 13. The training throughput of RhymeRL, veRL, and AReaL. For each setting, we use the same configurations (e.g., number of
rollout/train workers, clip ratio, etc.) for the three systems. We use 4-GPU tensor parallelism (TP) for 32B LLMs, and 2-GPU TP for 8B/14B LLMs.

Model Layers Attn K/V Hidden
heads heads size

Qwen3-8B-Base 36 32 8 4096
Qwen3-14B-Base 40 40 8 5120
Qwen2.5-32B 64 40 8 5120
Llama3.1-8B 32 32 8 4096

DeepSeek-R1-Distill-Qwen-7B 28 28 4 3584
Table 3. The specifications of the evaluated LLMs.

groups, whose representative lengths are 𝑙𝑒𝑛𝑠 . We have to
assign varying numbers of rollout workers to each group,
and make their completion times close to linear distribution.
This constitutes an integer nonlinear programming problem
and we converge to the solution via binary search.

7 Evaluation
We evaluate RhymeRL with LLMs of sizes ranging from 8B
to 32B, on real-world math and code datasets.
Experiments. First, we compare RhymeRL’s end-to-end
training throughput with SOTA LLM RL systems on training
LLMs of different sizes using different datasets (§7.1). Then,
we break down the improvements of RhymeRL’s designs
(§7.2.1). To gain a deeper understanding of HistoSpec (§7.2.2),
we study HistoSpec’s improvements on rollout throughput
across steps, speculation rates, and acceptance rates. To fur-
ther understand HistoPipe (§ 7.2.3), we study its improve-
ments on training throughput across steps, and its migration
rates. Finally, we study the impact of RhymeRL on training
accuracy and algorithm behavior (§7.3). We also study Histo-
Spec’s generality (§7.4), and compare HistoSpec with other
speculative decoding methods (§8.1).
Hardware settings.We deploy RhymeRL on 16 nodes and
128 Hopper GPUs (80GB). Each node is equipped with 8
GPUs, 2 Intel Xeon Sapphire Rapids CPUs (96 cores), 1.9 TB
host DRAM, and 9 * 400 Gb/s ConnectX7 InfiniBand NIC (8
GPU-dedicated NICs and one CPU-dedicated NIC).
Algorithm settings. In all experiments, we set rollout’s
temperature to 1.0, top_p = 1.0, top_k = -1, min_p = 0.0, and
remove the KL penalty. This is the SOTA practice used by
DAPO [17], AReaL [16], and is recommended for all model-
s/settings by veRL [61]. We also evaluate RhymeRL under
different algorithm settings (different temperature and en-
abling/disabling KL penalty) in §7.4.1.
Model and algorithm. Our evaluation primarily utilizes
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Figure 14. Breakdown of RhymeRL’s improvements. The max
response length is set to 16K tokens. The throughputs are normalized.

Qwen3-8B-Base, Qwen3-14B-Base, and Qwen2.5-32B mod-
els [4, 62], which constitute our production model suite for
business applications, with detailed architectures listed in
Table.3. We also train DeepSeek-R1-Distill-Qwen-7B [1] and
LLama-3.1-8B [63] models to validate RhymeRL’s generality
(§7.4.2). We train these models using GRPO algorithm [7],
which is currently the mainstream LLM RL algorithm, power-
ing advanced LLMs such as DeepSeek-R1 [1]. We also verify
RhymeRL’s efficiency on recent next-generation algorithms
like DAPO [17] and provide the results. Based on our prac-
tice, the response group size is set to 16, which yields peak
algorithmic efficiency.
Metrics. As per convention [15, 45, 64], we report training
throughput, measured by the average number of samples
generated and processed per second. We sample 8K math-
/code prompts from internal datasets (Fig.6c). Under each
setting, we train 80 steps for math models and 100 steps for
code models, and use the first 20 steps as warm-up.

7.1 End-to-end Training Performance
We compare the end-to-end training performance of Rhyme-
RL with the following SOTA LLM RL training systems.
• veRL [13] (v0.4.1). Featuring the hierarchical hybrid pro-
gramming model, veRL is used by many projects and compa-
nies, and is RhymeRL’s codebase.We use the rollout/train dis-
aggregated architecture natively supported by veRL. It adapts
the key designs of StreamRL [15], e.g., rollout/train disag-
gregation and asynchronous training, which is the SOTA RL
architecture and outperforms its hybrid mode [49].
• AReaL [16] (v0.3.0). Leveraging fully async rollout, AReaL
achieves continuous rollout GPU utilization without idle
time (§3.2). We evaluate its performance when its max off-

938



History Doesn’t Repeat Itself but Rollouts Rhyme: Accelerating Reinforcement
Learning with RhymeRL ASPLOS ’26, March 22–26, 2026, Pittsburgh, PA, USA

20 40 60 80
Step

1.0
1.5
2.0
2.5

Th
ro

ug
hp

ut

1.
80

×

Math 8B

20 40 60 80
Step

0.9

1.2

1.5

1.8

1.
81

×

Math 14B

20 40 60 80
Step

0.9
1.2
1.5
1.8
2.1

1.
86

×

Math 32B

20 40 60 80 100
Step

0.9

1.2

1.5

1.8

1.
56

×

Code 14B
RhymeRL RhymeRL w/o spec. dec.

Figure 15. HistoSpec’s rollout throughput improvements. Max response length = 8K. The results are normalized to the baseline’s first step.

0-10 10-20 20-30 30-40 40-50 50-60 60-70 70-80
Step Interval

0

40

80

120

Ti
m

e 
(m

in
)

1.
08

×
1.

13
×

1.
26

×
1.

40
× 1.
37

×
1.

61
×

1.
37

×
1.

58
×

1.
41

×
1.

58
×

1.
43

×
1.

63
×

1.
51

×
1.

66
×

1.
48

×
1.

68
×veRL

HistoPipe w/o two tier
HistoPipe

Figure 16. HistoPipe’s improvements across steps. Model:
Math-14B. Max response length = 16K.

policyness threshold is 1 (equal off-policyness with RhymeRL
and veRL) and 8 (the max off-policyness recommended).

As Fig.13 shows, RhymeRL outperforms veRL and AReaL
on differentmodel sizes (8B—32B), response lengths (8K/16K),
tasks (Math/Code) and algorithms (DAPO/GRPO). Compared
with veRL, RhymeRL improves the training throughput by
up to 2.6x (1.9x on average for 8K max response length, and
2.3x on average for 16K max response length). This is pri-
marily attributed to RhymeRL significantly reducing rollout
time and effectively minimizing rollout bubbles. Compared
with AReaL, when its off-policyness is 1, RhymeRL improves
the training throughput by up to 2.1x (1.6x on average for
8K max response length, and 1.8x on average for 16K max
response length). Although AReaL achieves continuous GPU
utilization, it introduces rollout truncation and KV cache
recomputation overhead. Leveraging historical similarity,
RhymeRL achieves a more effective rollout pipeline. When
AReaL’s off-policyness is 8, RhymeRL improves the train-
ing throughput by up to 1.6x (1.3x on average for 8K max
response length, and 1.4x on average for 16K max response
length). RhymeRL outperforms AReaL (off-policyness = 8)
as it significantly reduces rollout time through HistoSpec.
Besides, RhymeRL does not change current RL paradigm.

7.2 Extended Studies
7.2.1 Ablation Study. We break down the improvements
brought by the designs. As Fig.14 shows, for the Math-14B
LLM, HistoPipe (§6.2) achieves 1.43x (1.41x for Code-14B)
throughput boosts, with Two-tier Scheduling (§6.4) further
improving the throughput of the naive hybrid pipeline by
1.10x (1.08x for Code-14B). HistoSpec (§5) further improves
the training throughput by 1.50x (1.40x for Code-14B).

7.2.2 Detailed Analysis of HistoSpec.
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Figure 17. Speculation rate and acceptance rate.

Improvement across steps.We present HistoSpec’s rollout
throughput gains in each step in Fig.15. HistoSpec delivers
up to 1.86x per-step rollout throughput gains, with progres-
sive enhancement observed throughout training. This ac-
celeration stems from: (1) increasing proportion of tokens
generated by speculation and acceptance rate, and (2) grow-
ing decoding dominance due to extending response lengths,
which exacerbates memory-bound limitations.
Speculation rate and acceptance rate. As shown in Fig.17,
the proportion of tokens generated from speculative decod-
ing (speculation rate) increases as training continues. The ac-
ceptance rate, i.e., the proportion of accepted tokens among
the draft, remains 65%–79% and also increases as training
continues. Utilizing the reward-aware tree-based history
management (§5.3) and AIMD-like token speculation (§5.4),
HistoSpec achieves high speculation rate and acceptance
rate without wasting much computational resources.

7.2.3 Detailed Analysis of HistoPipe.
Improvement across steps.We evaluate the improvements
of HistoPipe with/without Two-tier Scheduling across steps.
As Fig.16 shows, HistoPipe shortens the training time per 10
steps by up to 1.68x, and the Two-tier Scheduling (§6.4) accel-
erates the naive hybrid pipe by up to 1.14x. As the training
progresses, the response length distribution becomes more
stable, and the improvement becomes more significant.
Migration Rate.We quantify the proportion of rollout sam-
ples migrated (intra-step or inter-step, §6.3) as outliers across
steps. We use 16 ranking groups for math models and 8 rank-
ing groups for code models. As Fig.19 shows, for math tasks,
2.2%—5.5% of samples undergo migration (1.6%—4.6% for
code tasks), with the outlier proportion progressively de-
creasing during training. Such minor migration maintains
the efficiency of HistoPipe, while preserving algorithmic
integrity (§7.3) and introducing negligible overhead.
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Figure 18. The end-to-end training curves and model evaluation (i.e. validation) scores. The training set and validation set are
disjoint. We report the average scores per step (training) or per dataset (validation).
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7.3 Accuracy and Algorithmic Integrity
We conduct full training of the Math-14B, Code-14B and
Math-32B models using RhymeRL and veRL. During math
training, we use DAPO-Math-17k [17, 65] as the training set,
and evaluate the model every 10 steps, using three datasets
(AIME24 [66], AIME25 [67], and SimpleRL Hard (MATH lv.3-
5) [68, 69]) as the validation set. During code training, we
use the training set of CodeR1-12K [70] as the training set,
and evaluate the model using CodeR1-12K’s testing set.

Fig.18 presents the per-step reward scores during the train-
ing processes, as well as the evaluation scores of the models
on the validation datasets (per 10 steps). The results demon-
strate that the training trajectory with RhymeRL aligns with
that of veRL, and the model trained with RhymeRL delivers
consistent end-to-end performance with that of veRL. Col-
lectively, these findings confirm that RhymeRL preserves
training integrity and final model accuracy.

7.4 Generality Studies
7.4.1 Generality for Algorithmic Variants. Algorithm
configurations, especially temperature and KL penalty, can

Standard
Low Temp.

High Temp.
w/ KL

Algorithm Variant

0

1

2

3

N
or

m
'd

 T
P

1.87×
2.30×

1.64× 1.93×

Max Res. = 8K

Standard
Low Temp.

High Temp.
w/ KL

Algorithm Variant

0

1

2

3 2.34× 2.66×
2.12× 2.49×

Max Res. = 16K
Baseline RhymeRL (Ours)

Figure 20. Improvements across algorithm settings (Math-
14B). The results (throughput) are normalized to the baseline.

influence the prominence of historical similarity. The tem-
perature controls the randomness of model outputs, and a
higher temperature increases stochasticity. The KL penalty
constrains policy updates and limits the divergence between
old and new policies. We evaluate their effect on RhymeRL’s
performance3, with the following settings:
• Standard. Temperature = 1 and disabling KL penalty.
• Low temperature.Temperature = 0.8, disabling KL penalty.
• High temperature.Temperature = 1.2, disabling KL penalty.
• KL penalty. Temperature = 1, enabling KL penalty.

As Fig.20 shows, with lower temperature and KL penalty,
the historical similarity becomes more pronounced, enhanc-
ing RhymeRL’s effectiveness. Under higher temperature, in-
creased output randomness diminishes the performance of

3Please note that, in current practice, it is a standard and largely unvaried
configuration to set temperature = 1 (i.e., the original distribution) and
disable the KL penalty [16, 17, 61], which is used in other experiments.
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RhymeRL, yet it still significantly outperforms the baseline.

7.4.2 Generality for Other Model Structures. To evalu-
ate the generality of RhymeRL across different models, we
conduct experiments using Llama3.1-8B and DeepSeek-R1-
Distill-Qwen-7B (DeepSeek-7B for short, detailed in Table.3).
As Fig.21 shows, RhymeRL yields consistent improvements
for different base models. The insights and designs of Rhyme-
RL are grounded in general RL algorithms and workflows,
ensuring its generality for different base models.

7.4.3 Effectiveness of HistoSpec for Synchronous RL.
While asynchronous RL is widely adopted for large-scale
training due to its high resource efficiency and scalability,
synchronous RL remains essential for scenarios such as al-
gorithm validation. RhymeRL also supports using HistoSpec
in synchronous mode (i.e., HistoSpec only). As Fig.22 shows,
it speeds up the rollout by up to 2.09x for Math-14B at 8K
max response length, demonstrating its generality.

8 Discussion
8.1 HistoSpec vs. Model-based Speculation
Although model-based speculation methods can also accel-
erate LLM inference, they face significant challenges in LLM
RL rollout, making HistoSpec outperform them.
Draft model adaptability and model evolution. Small
LLMs cannot have peer reasoning capabilities as large LLMs
[71]; therefore, SOTA methods utilize the target LLM’s hid-
den states for draft generation [34–37]. However, they still
face fundamental challenges in RL due to continuous model
evolution. During RL, the LLMs are updated iteratively for
thousands of steps. However, SOTA methods typically ac-
quire draft models through distillation from the static model
(Eagle1-3 [35–37]) or incremental fine-tuning of frozen base
models (Medusa [34]), limiting their adaptability to the dy-
namically evolving LLMs.4
Performance and batch size.HistoSpec outperforms SOTA
model-based methods, stemming from three key advantages:
(1) ultra-low draft generation overhead (hundreds of CPU cy-
cles vs. millisecond-level costs in model-based speculation),
(2) zero GPU computation or HBM footprint for drafting, and
(3) consistently high acceptance rates. SOTAmethods like Ea-
4As DAPO [17] mentions, “during training the long-CoT reasoning model,
the model distribution can diverge significantly from the initial model”.
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Figure 22. Efficiency of HistoSpec for sync RL (rollout latency
per step). The results are normalized to the baseline’s first step. We
use a dataset of 16K prompts.

gle3 [37] suffer throughput degradation beyond a batch size
of 64 despite using a single-layer transformer (also reported
by Eagle3 [37] and vLLM [72]). In contrast, HistoSpec sus-
tains significant acceleration even at extreme batch sizes. At
step 80, automatic oversampling leads to batch sizes of 4,928
rollouts/TP for Math-32B and 2,176 rollouts/TP for Math-8B,
where HistoSpec still accelerates rollout by 1.80x—1.86x.

8.2 Accelerating the First Training Epoch
Some may be concerned that RhymeRL cannot accelerate
the first epoch due to the absence of history. This can be ad-
dressed through the following approaches: (1) leveraging the
multi-response nature of RL algorithms like GRPO/DAPO,
and sampling several responses per prompt to serve as the
history for the subsequent generations [73]; (2) pre-warming
the dataset with fast, large-batch inference before formal
training begins; and (3) reusing traces from previous train-
ing that runs on the same dataset.

9 Conclusion
We present RhymeRL, an LLM RL system leveraging his-
torical similarity for efficiency optimization. As the first
RL system leveraging speculative decoding to shorten roll-
out time, RhymeRL utilizes historical rollout sequences as
draft sources. Leveraging historical distribution, it proposes
distribution-aware scheduling to reduce rollout bubbles. It
improves RL efficiency without compromising accuracy.
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A Speculative Decoding: Algorithm and
Proof of Distribution Preservation

A.1 Algorithm and Workflow
Let𝑀𝑝 denote the target model with distribution 𝑝 (𝑥) and
𝑀𝑞 denote the draft method with distribution 𝑞(𝑥). The spec-
ulative decoding process consists of three phases: target for-
ward, speculative sampling, and bonus token sampling.
• Input. The draft tokens and their probabilities.
• Phase 1: target model forward. The target model pro-
cesses all draft tokens in a single forward pass to obtain their
logits and compute probabilities. This process is identical to
a standard model forward pass.
• Phase 2: speculative sampling. The sampling process
iterates through each draft token. For a token 𝑥 , the process
has three branches:
– Branch 1 (direct acceptance). If 𝑥 is the draft token, and
𝑝 (𝑥) ≥ 𝑞(𝑥), 𝑥 is always accepted (i.e., with probability 1).
– Branch 2 (probabilistic acceptance). If 𝑥 is the draft
token, and 𝑝 (𝑥) < 𝑞(𝑥), 𝑥 is accepted with probability 𝑝 (𝑥 )

𝑞 (𝑥 ) .
– Branch 3 (resampling). If the draft token is rejected
(whether 𝑥 is the draft token or not), a new token is sampled
from the residual distribution 𝑝′ (𝑥). Let 𝑉 be the vocabu-
lary of all possible tokens. The variable 𝑧 ∈ 𝑉 represents a
specific token in the vocabulary.

𝑝′ (𝑥) = norm (max(0, 𝑝 (𝑥) − 𝑞(𝑥)))

=
max(0, 𝑝 (𝑥) − 𝑞(𝑥))∑
𝑧∈𝑉 max(0, 𝑝 (𝑧) − 𝑞(𝑧))

(1)

• Phase 3: bonus token sampling. If all draft tokens are
accepted, an additional token is generated beyond the draft
tokens, called the bonus token. In Phase 1, the target model
not only computes the logits and probabilities for all draft
tokens, but also generates the logits and probabilities for this
bonus token in the same forward pass.

A.2 HistoSpec: Setting and Distribution Preservation
To rigorously demonstrate that HistoSpec does not alter
the target model’s output token distribution, we provide a
dedicated mathematical proof for the sampling mechanism
of HistoSpec. Please note that this proof is a special case of
the general speculative decoding proof [22], which proves
that for any distributions 𝑝 (𝑥) and 𝑞(𝑥), the tokens sampled
via speculative sampling from 𝑝 (𝑥) and 𝑞(𝑥) are distributed
identically to those sampled from 𝑝 (𝑥) alone.
Specific settings. HistoSpec is much simpler than general
speculative decoding, because the draft distribution 𝑞(𝑥) is
one-hot. In other words, HistoSpec sets the probability of the
token that it predicts to 1, and sets the probability of other
tokens to 0. If the draft token is 𝑘 , we have:

𝑞(𝑥) = I(𝑥 = 𝑘) =
{
1 if 𝑥 = 𝑘

0 if 𝑥 ≠ 𝑘
(2)

Consequently, the speculative sampling phase of Histo-
Spec (Phase 2) is simplified as follows:

Phase 2: speculative sampling. For a token 𝑥 :
• Branch 1 (direct acceptance). Never happens, because
𝑞(𝑘) = 1, and 𝑝 (𝑘) < 1.5

• Branch 2 (probabilistic acceptance). The draft token 𝑘
is accepted with probability 𝑝 (𝑘)/𝑞(𝑘) = 𝑝 (𝑘)/1 = 𝑝 (𝑘).
• Branch 3 (resampling). If the draft token is rejected, a
new token is sampled. The new token is resampled from the
residual distribution 𝑝′ (𝑥).

From Equation 1, the unnormalized mass (numerator) for
𝑝′ (𝑥) is max(0, 𝑝 (𝑥) − 𝑞(𝑥)).
• For 𝑥 = 𝑘 , since 𝑝 (𝑘) ≤ 1, we have:

max(0, 𝑝 (𝑘) − 𝑞(𝑘)) =max(0, 𝑝 (𝑘) − 1) = 0 (3)

• For 𝑥 ≠ 𝑘 :

max(0, 𝑝 (𝑘) − 𝑞(𝑘)) =max(0, 𝑝 (𝑥) − 0) = 𝑝 (𝑥) (4)

The normalization constant (denominator) is:∑︁
𝑧

max(0, 𝑝 (𝑧) − 𝑞(𝑧)) = 0 +
∑︁
𝑧≠𝑘

𝑝 (𝑧) = 1 − 𝑝 (𝑘) (5)

Thus, the resampled distribution is:

𝑝′ (𝑥) =
{
0 if 𝑥 = 𝑘
𝑝 (𝑥 )

1−𝑝 (𝑘 ) if 𝑥 ≠ 𝑘
(6)

Notably, 𝑝′ (𝑘) = 0, which means that the resampling will
never choose 𝑘 .
Mathematical proof. For a token position with draft token
𝑘 , we analyze 𝑃 (output = 𝑥) for two cases:
• Case 1: The output token is the draft token (𝑥 = 𝑘).
This happens when speculative sampling accepts the draft
token (with probability 𝑝 (𝑘), Branch 2).6

𝑃 (output = 𝑘) = 𝑝 (𝑘) (7)

• Case 2: The output token is NOT the draft token
(𝑥 ≠ 𝑘). This happens when speculative sampling rejects
the draft token (with probability 1 − 𝑝 (𝑘), Branch 2), and
resamples 𝑥 from the residual distribution 𝑝′ (𝑥) (Branch 3).

𝑃 (output = 𝑥) = (1 − 𝑝 (𝑘)) · 𝑝′ (𝑥)

= (1 − 𝑝 (𝑘)) · 𝑝 (𝑥)
1 − 𝑝 (𝑘)

= 𝑝 (𝑥)

(8)

We have shown that for any token 𝑥 , whether it is the
draft proposal 𝑘 or not, 𝑃 (output = 𝑥) = 𝑝 (𝑥).
Therefore, HistoSpec strictly preserves the target proba-

bility distribution. QED.
This is also the case for n-gram [39, 56], SuffixDecod-

ing [38], and other model-free drafting methods.
5Although it is theoretically possible that 𝑝 (𝑘 ) = 1, it is extremely rare in
practice and can be covered by Branch 2.
6From Equation 6, Branch 3 (resampling) will never choose 𝑘 if it is rejected.
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