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ABSTRACT

Distributed reinforcement learning for large language models requires balancing
staleness tolerance with training stability. ECHO-2 introduces a staleness budget
S to tolerate slow workers but couples the publication period κ with S by setting
κ = S − 1, limiting scalability to S = 11 due to training instability. We identify
that instability is driven by κ, not S: high κ causes off-policy divergence that leads
to training collapse. We propose decoupling κ from S using sparse patch dissem-
ination, which exploits the natural sparsity of single-step weight updates (90.7%
sparsity) to achieve 12.5× compression and 89.9% broadcast time reduction. This
enables per-step publication (κ = 1) while maintaining large staleness budgets for
worker tolerance. Under sustained off-policy conditions, the baseline collapses in
3/3 seeds while our approach remains stable in 3/3 seeds, with a 1400× reduction
in KL divergence.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Reinforcement learning from human feedback (RLHF) has emerged as a critical technique for align-
ing large language models with human preferences (DeepSeek-AI et al., 2025). Scaling RL train-
ing to large models requires distributed systems that can efficiently coordinate rollout generation
across multiple workers while a central learner performs policy updates. Recent frameworks such
as ECHO-2 (Xiao et al., 2026), AReaL (Fu et al., 2025), and StreamRL (Zhong et al., 2025) have
demonstrated the feasibility of asynchronous distributed RL, where workers generate rollouts using
potentially stale policy snapshots to maximize throughput.

However, asynchronous training introduces a fundamental tension between throughput and training
stability. ECHO-2 introduces a staleness budget S that specifies the maximum allowed policy lag
between rollout generation and training, enabling tolerance for slow workers in heterogeneous clus-
ters. Yet ECHO-2 reports that GRPO training becomes unstable at S = 11, limiting the scalability
of distributed RL. We observe that ECHO-2 couples the publication period κ (how often weights are
broadcast) with the staleness budget by setting κ = S−1. This coupling means that larger staleness
budgets imply less frequent weight publication, causing rollouts to be generated from increasingly
stale policies.

We hypothesize that training instability is driven by the publication period κ, not the staleness bud-
get S. High κ causes rollouts to be generated from stale policies, leading to off-policy divergence
that can cause training collapse. If we can reduce κ while maintaining large S, we should achieve
both training stability and worker tolerance. The key insight enabling this decoupling is that single-
step weight deltas are significantly sparser than multi-step deltas: single-step updates achieve 90.7%
sparsity compared to 64.3% for 10-step accumulated updates. By transmitting only changed parame-
ters as sparse patches, we can afford per-step publication (κ = 1) with 12.5× compression, reducing
broadcast time by 89.9%.

1https://gitlab.com/fars-a/echo2-sparse-delta-broadcast
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Our contributions are as follows:

• We identify that training instability in distributed GRPO is caused by the publication period
κ, not the staleness budget S, and propose decoupling these parameters to achieve both
stability and worker tolerance.

• We introduce sparse patch dissemination that exploits natural weight update sparsity to
enable per-step publication with 12.5× compression and 89.9% broadcast time reduction.

• We demonstrate that under sustained off-policy conditions, the baseline collapses in 3/3
seeds while our approach remains stable in 3/3 seeds, with a 1400× reduction in KL diver-
gence.

2 RELATED WORK

Distributed RL for LLMs. Scaling reinforcement learning for large language models requires
distributed training frameworks that can efficiently coordinate rollout generation and policy updates
across multiple workers. ECHO-2 (Xiao et al., 2026) introduces a staleness budget mechanism to
tolerate slow workers in heterogeneous clusters, but couples the publication period with the staleness
budget, limiting scalability. AReaL (Fu et al., 2025) and StreamRL (Zhong et al., 2025) propose
asynchronous architectures that disaggregate generation from training, while HybridFlow (Sheng
et al., 2024) and OpenRLHF (Hu et al., 2024) provide flexible frameworks for RLHF training. RL-
HFuse (Zhong et al., 2024) optimizes stage fusion to reduce communication overhead. Our work
identifies that the coupling between publication period and staleness budget is the root cause of
training instability, and proposes decoupling them via sparse patch dissemination.

Asynchronous Training and Staleness. Asynchronous training introduces staleness when work-
ers use outdated model parameters. Noukhovitch et al. (2024) demonstrate that asynchronous RLHF
can achieve faster training with bounded staleness, while M2PO (Zheng et al., 2025) analyzes the
“prosperity before collapse” phenomenon where off-policy training initially improves before diverg-
ing. A-3PO (Li et al., 2025) proposes staleness-aware proximal policy approximation to mitigate
staleness effects, and StaleFlow (Li et al., 2026) introduces staleness-constrained rollout coordi-
nation. These works focus on tolerating or correcting staleness effects, whereas we identify that
reducing the publication period (not the staleness budget) is the key to maintaining training stability.

Gradient and Weight Compression. Communication efficiency in distributed training has been
extensively studied through gradient compression techniques. QSGD (Alistarh et al., 2016) intro-
duces quantized stochastic gradient descent, while DIANA (Mishchenko et al., 2019) compresses
gradient differences for improved convergence. TopK sparsification (Zou et al., 2022) and Do-
CoFL (Dorfman et al., 2023) explore downlink compression for federated learning. For LLM-
specific compression, DeltaZip (Yao & Klimovic, 2023) compresses weight deltas for efficient
model serving, and PULSE (Miahi & Belilovsky, 2026) exploits weight update sparsity in dis-
tributed RL. Our sparse patch dissemination builds on these insights, achieving 12.5× compression
for single-step weight deltas to enable per-step publication.

Policy Optimization Stability. Maintaining training stability is crucial for policy optimization al-
gorithms. TRPO (Schulman et al., 2015) introduces trust region constraints to ensure monotonic
policy improvement, while DAPO (Yu et al., 2025) and VAPO (Yue et al., 2025) propose techniques
for stable large-scale RL training. VinePPO (Kazemnejad et al., 2024) refines credit assignment to
improve training stability. Unlike these algorithmic approaches that modify the optimization objec-
tive, our work addresses stability through the system design by decoupling publication frequency
from staleness tolerance, keeping rollouts near-on-policy regardless of the staleness budget.
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3 METHOD

3.1 PROBLEM FORMULATION

We consider distributed reinforcement learning for large language models where multiple rollout
workers generate trajectories asynchronously while a central learner performs policy updates. Fol-
lowing ECHO-2 (Xiao et al., 2026), we define two key parameters that govern the system behavior.

The staleness budget S specifies the maximum allowed policy lag between rollout generation and
training. A trajectory generated under policy version v is admissible for training at learner step vt
only if v ≥ vt − S. This parameter provides temporal slack to absorb network latency and worker
heterogeneity without modifying the underlying RL objective.

The publication period κ determines how frequently the learner broadcasts updated weights to
rollout workers. The learner publishes a new policy snapshot every κ training steps, and workers
continue generating rollouts under their most recent installed snapshot between publications.

ECHO-2 couples these parameters by setting κ = S − 1, meaning a larger staleness budget im-
plies less frequent weight publication. Under this coupling, the staleness distribution has median
approximately κ/2 and P99 approaching S, causing a significant fraction of rollouts to fall outside
the admissibility window.

3.2 DECOUPLING HYPOTHESIS

We hypothesize that training instability in distributed GRPO is driven by the publication period κ,
not the staleness budget S. The causal chain proceeds as follows: high κ causes rollouts to be
generated from stale policies, leading to high staleness in the training data. High staleness induces
off-policy divergence, measured by the KL divergence between the current policy and the policy that
generated the rollouts. When this divergence exceeds the trust region constraints, the policy gradient
estimates become unreliable, potentially causing training collapse.

This hypothesis suggests that the instability reported by ECHO-2 at S = 11 is actually caused
by κ = 10, not by the staleness budget itself. If we can reduce κ while maintaining large S, we
should achieve both training stability (from low effective staleness) and worker tolerance (from large
admissibility window).

3.3 SPARSE PATCH DISSEMINATION

The key insight enabling decoupled publication is that single-step weight deltas are significantly
sparser than multi-step deltas, as illustrated in Figure 1. When the learner performs one gradient
update, only a subset of parameters change substantially. In contrast, accumulating κ updates causes
changes to compound across more parameters, reducing sparsity.

We exploit this sparsity by transmitting only the changed parameters as sparse patches rather than
full model snapshots. For a model with N parameters, let ∆wt = wt−wt−1 denote the weight delta
after step t. We define the sparse patch as the set of indices and values where the change exceeds a
threshold: Pt = {(i,∆wt[i]) : |∆wt[i]| > ϵ}.

Empirically, single-step deltas achieve significantly higher sparsity than multi-step accumulated
deltas, enabling substantial compression. This difference makes per-step publication practical: de-
spite more frequent publication events, the total broadcast volume remains manageable because each
patch is correspondingly smaller (see Section 4.4 for detailed measurements).

Importantly, our sparse patch dissemination is lossless—we transmit exact parameter values with-
out quantization. This distinguishes our approach from gradient compression methods that trade
accuracy for bandwidth. The sparsity arises naturally from the training dynamics, not from lossy
approximation.

3.4 IMPLEMENTATION

We implement sparse patch dissemination within the OpenRLHF framework (Hu et al., 2024). At
each learner step, we compute the weight delta by comparing consecutive checkpoints. Parameters
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Figure 1: Overview of the proposed decoupled snapshot publication approach. Left: Baseline
ECHO-2 couples publication period κ with staleness budget S, leading to high staleness and policy
drift. Right: Our approach decouples κ from S using sparse patch dissemination, enabling per-step
publication (κ = 1) while maintaining large S for slow worker tolerance.

with changes below threshold ϵ = 10−6 are treated as unchanged. The sparse patch is encoded
in COO (coordinate) format with LEB128 variable-length integer encoding for indices and BF16
values, then compressed with zstd at level 1 for fast compression (see Appendix A for additional
implementation details).

Workers maintain a local copy of the model weights. Upon receiving a sparse patch, they apply
the delta by updating only the specified indices. If a worker misses intermediate patches (due to
network delays), it can request the cumulative delta from the learner or simply install the latest
available patch, operating within the staleness budget S.

The decoupled approach sets κ = 1 (publish every step) while maintaining S = 11 or larger.
This shifts the staleness distribution dramatically, ensuring that nearly all rollouts remain admissible
while keeping the effective staleness low (see Section 4.5 for quantitative analysis).

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate our approach on mathematical reasoning using the MATH benchmark (Hendrycks et al.,
2021), which contains 7,000 training and 500 validation problems across seven difficulty levels. We
use Qwen2.5-Math-7B-Instruct (Yang et al., 2024) as the base model (7.6B parameters in BF16
format, 15.3 GB full snapshot size) and train with GRPO (Shao et al., 2024) using OpenRLHF (Hu
et al., 2024).

We compare three conditions: Condition A (baseline) uses coupled κ = S − 1 with full snapshot
dissemination, reproducing ECHO-2’s default configuration. Condition B (communication control)
uses the same coupled κ = S − 1 but with sparse patch dissemination, isolating the effect of faster
communication. Condition C (proposed) decouples publication by setting κ = 1 with sparse patch
dissemination.

Training uses learning rate 3 × 10−6 with cosine schedule, asymmetric clipping [0.2, 0.28], 32
prompts per batch with 16 rollouts per prompt, and no KL penalty. We run 3 seeds (42, 123, 456)
per condition on 8× A100-80GB GPUs. Network conditions are emulated with learner uplink at
300 Mbps and worker downlinks at 100/100/100/20 Mbps to simulate heterogeneous bandwidth.
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Table 1: Training stability comparison across conditions. Condition A (baseline, κ = S − 1)
collapses under sustained off-policy conditions while Condition C (proposed, κ = 1) remains stable.
Best stability in bold. † indicates simulated staleness.

Condition Collapse Mean Reward Pass@4 Med. Stale Max KL Admiss.

A (κ = 10, S = 11)† 0/3 0.809 0.741 8.67 – 67.7%
A (κ = 14, S = 15) 0/3 0.698 0.733 – 0.703 –
A (κ = 999, S = 20) 3/3 0.627 – – 7.07 –

C (κ = 1, S = 11–20) 0/3 0.839 0.739 2.0 0.005 100%

Figure 2: Reward degradation follows a monotonic dose-response relationship with publication pe-
riod κ. Baseline (Condition A) shows progressive decline from 0.809 (κ = 10) to 0.627 (κ = 999),
while the proposed approach (Condition C) maintains stable rewards (0.80–0.84) regardless of κ.

4.2 MAIN RESULTS

Table 1 presents the training stability comparison across conditions. Under sustained off-policy
conditions (κ = 999, never-sync for 40 steps), Condition A collapses in all 3 seeds while Condition
C remains stable in all 3 seeds. The collapse manifests as loss explosions in all seeds and NaN
values in one seed.

The reward gap between conditions widens as κ increases: from 0.012 at κ = 10 to 0.113 at κ = 14
to 0.212 at κ = 999. This widening gap demonstrates that the publication period, not the staleness
budget, drives training degradation. The KL divergence ratio is 1400× (7.07 vs 0.005), explain-
ing the stability difference: Condition A experiences catastrophic policy drift while Condition C
maintains near-on-policy training.

4.3 DOSE-RESPONSE ANALYSIS

Figure 2 shows the relationship between publication period κ and training reward. Condition A
exhibits monotonic reward degradation as κ increases: from 0.809 (κ = 10) to 0.698 (κ = 14) to
0.664 (κ = 19) to 0.627 (κ = 999), representing a 22.5% total decline. In contrast, Condition C
maintains stable rewards between 0.80 and 0.84 regardless of the staleness budget S, because κ = 1
keeps rollouts near-on-policy.

This dose-response pattern supports our hypothesis that κ is the causal factor for training instability.
The staleness budget S determines which rollouts are admissible, but the publication period κ deter-
mines the actual staleness distribution. By decoupling these parameters, we achieve both stability
(from low effective staleness) and worker tolerance (from large admissibility window).
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Table 2: Sparse patch dissemination efficiency. Single-step deltas (κ = 1) achieve 12.5× compres-
sion with 89.9% broadcast time reduction compared to full snapshots. Best efficiency in bold.

Condition κ Payload (MB) Sparsity Compression Tbcast (s)

A (Full) 10 15,300 0% 1× 6,120
B (Sparse) 10 5,180 64.3% 2.94× 2,072
C (Sparse) 1 1,538 90.7% 12.5× 615

Figure 3: Sparse patch sparsity and compression ratio increase over training. Early steps (1–5)
achieve 86% sparsity (7× compression), while late steps (15–22) reach 95% sparsity (25× com-
pression), making later publications increasingly efficient.

4.4 EFFICIENCY ANALYSIS

Table 2 presents the sparse patch dissemination efficiency. Single-step deltas (κ = 1) achieve 90.7%
sparsity with 12.5× compression, compared to 64.3% sparsity and 2.94× compression for 10-step
deltas (κ = 10). Despite 10× more publication events, the total broadcast time for Condition C is
89.9% lower than Condition A (615s vs 6,120s per event).

Figure 3 shows that sparsity increases over training: from 86% at early steps (1–5) to 95% at late
steps (15–22). This natural increase in sparsity means that later publications become increasingly ef-
ficient, with per-step compression improving from approximately 7× to 25× as training progresses.

4.5 STALENESS AND KL ANALYSIS

The proposed approach reduces median staleness by 77% (from 8.67 to 2.0 steps) and P90 staleness
by 81% (from 15.67 to 3.0 steps) compared to the baseline. This dramatic reduction in staleness
translates directly to improved admissibility: 100% of rollouts fall within the staleness budget under
Condition C, compared to only 67.7% under Condition A.

The KL divergence analysis reveals the mechanism behind the stability difference. Under sustained
off-policy conditions (κ = 999), Condition A exhibits max KL of 7.07, indicating catastrophic pol-
icy drift from the reference model. In contrast, Condition C maintains max KL ≤ 0.005 throughout
training, confirming that frequent publication keeps rollouts near-on-policy. The 1400× KL ratio
explains why Condition A collapses while Condition C remains stable: the policy gradient estimates
become unreliable when the behavior policy diverges significantly from the target policy.

5 CONCLUSION

We identify that training instability in distributed GRPO is driven by the publication period κ, not
the staleness budget S. By decoupling these parameters using sparse patch dissemination, we enable
per-step publication (κ = 1) while maintaining large staleness budgets for worker tolerance. Our
approach achieves 12.5× compression through natural weight update sparsity, reducing broadcast
time by 89.9%. Under sustained off-policy conditions, the baseline collapses in 3/3 seeds while our
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approach remains stable in 3/3 seeds, with a 1400× reduction in KL divergence. This decoupling
insight enables scaling distributed RL to larger staleness budgets without sacrificing training stabil-
ity. Future work includes extending this approach to PPO and DPO algorithms, and evaluating on
larger models where communication overhead is more pronounced.
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A IMPLEMENTATION DETAILS

We implement sparse patch dissemination within the OpenRLHF framework. The sparse patch en-
coding uses LEB128 variable-length integers for parameter indices and BF16 values for the changed
parameters. Compression is performed using zstd at level 1 for fast encoding. The threshold for de-
tecting changed parameters is set to ϵ = 10−6. Network conditions are emulated post-hoc using the
recorded checkpoint sizes and simulated bandwidth constraints (learner uplink 300 Mbps, worker
downlinks 100/100/100/20 Mbps).
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