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Abstract

RL post-training for LLMs has been widely scaled to en-
hance reasoning and tool-using capabilities. However, RL
post-training interleaves training and inference workloads,
exposing the system to faults from both sides. Existing fault
tolerance frameworks for LLMs target either training or infer-
ence, leaving the optimization potential in the asynchronous
execution unexplored for RL. Our key insight is role-based
fault isolation so the failure in one machine does not affect
the others. We treat trainer, rollout, and other management
roles in RL training as distinct distributed sub-tasks. Instead
of restarting the entire task in pretrain robust system ByteRo-
bust, we recover only the failed role and reconnect it to living
ones, thereby eliminating the full-restart overhead including
rollout replay and initialization delay.

We present RobustRL, the first comprehensive robust sys-
tem to handle GPU machine errors for RL post-training ETTR
(Effective Training Time Ratio) improvement via a Detect-
Restart-Reconnect paradigm. (1) Detect. We implement role-
aware monitoring to distinguish actual failures from role-
specific behaviors to avoid the false positive and delayed
detection. (2) Restart. For trainers, we implement a non-
disruptive recovery where rollouts persist state and continue
trajectory generation, while the trainer is rapidly restored
via rollout warm standbys. For rollout, we perform isolated
machine replacement without interrupting the RL task. (3)
Reconnect. We replace static collective communication with
dynamic, UCX-based (Unified Communication X) point-to-
point communication, enabling immediate weight synchro-
nization between recovered roles. In an RL training task on
a 256-GPU cluster with Qwen3-8B-Math workload under
10% failure injection frequency, RobustRL can achieve an
ETTR of over 80% compared with the 60% in ByteRobust
and achieves 8.4%-17.4% faster in end-to-end training time.

1 Introduction

Reinforcement Learning (RL) has emerged as a transfor-
mative paradigm for post-training LL.Ms (Large Language
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Figure 1: Different RL training architectures. The GPU role
includes trainer, rollout and hybrid (colocate the both).

Models) [2, 6, 32], where the week-level [24] and 200K
GPUs large-scale [80] RL training has been deployed to
enhance their reasoning and tool-using capabilities through
iterative policy optimization [57,59,85]. State-of-the-art mod-
els [7,24,52,63,64,80] all leverage RL post-training to achieve
superior performance in complex tasks [91], such as mathe-
matics [50], code generation [30,42], and search [31] et al..

Unlike traditional LLM pre-training [19, 29, 73] or serv-
ing [34,62,75,81] workloads, RL post-training comprises two
phases: rollout (generation and tool interaction) and training,
where they contribute close to 100% and 70% post-training
time in reasoning tasks and tool learning tasks [60]. To mit-
igate the long-tail latency inherent in the rollout phase, RL
training frameworks have evolved from synchronous archi-
tectures that co-locate rollout and trainers [26,43, 61, 84,90]
in Figure 1(a) to asynchronous designs [16,25,60,77,89,93]
in Figure 1(b) and (c). These include async mode with dedi-
cated standalone rollouts and trainers, as well as semi-sync
mode [7,65] that combine co-located workers with additional
standalone rollouts.

The efficiency of large-scale RL training is therefore criti-
cally dependent on the reliability of both the trainer and roll-
out because they consume the majority of training time [60].
When scaling to thousands of GPUs, machine failures be-
come the dominant source of task interruption [11, 38, 73].
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However, because rollout and training are tightly interleaved
in a single RL task, fault detection and recovery must han-
dle failures stemming from both phases. A naive solution
is applying different fault tolerance strategies to the specific
roles of the failed components. Unfortunately, they lack the
fine-grained mechanisms required for the unique demands
of RL. Existing fault tolerance solutions are tailored to pure
pre-training [4, 13, 17,27, 36,70, 71, 73] or pure inference
workloads [39,46, 54]. In current RL systems, the failure of
a single critical worker would trigger a RL task restart, dis-
carding training progress and wasting computation resources.
Ideally, a fault in a machine hosting one distributed RL role
should not disrupt the others. Only the detected failed role
should restart and subsequently reconnect with others while
the remaining roles continue to run. However, achieving this
ideal state presents three significant challenges.

Challenge #1: Accurate and efficient fault detection. The
rank-level detection for training in ByteRobust does not work
for RL. It flags a process as suspect when its behavior de-
viates from peers or it exhibits zero GPU or network activ-
ity [11,29,38,73] because each process runs identical forward-
backward passes. As shown in Figure 2(a), however, rollouts
can idle their GPUs while awaiting external tool responses,
causing false positives. Conversely, cluster-level detects the
error when all ranks have no GPU activity. It masks these idle
periods and introduces significant detection delays as shown
in Figure 2. For instance, a trainer network failure might re-
main undetected for hours until the long-tail rollout phase
completes, wasting valuable cluster resources.

Challenge #2: Fine-grained and efficient restart. We need
to guarantee both machine failures in trainer and rollout would
not lose the trajectory due to the task restart. Furthermore, for
the trainer, we need rollout to continue the generation during
the recovery of the trainer. Besides, the gang-scheduling leads
to the long blocking time until the new machine initializes,
while the extra warm standby machine leads to the resource
waste. An efficient and resource-friendly system is needed
for efficient trainer restart. For rollout, we want the recovered
rollout to soon get the latest weight for trajectories generation.
Challenge #3: Dynamic and efficient weight synchroniza-
tion. The restart trainer or rollout needs to build reconnection
for subsequent weight update as shown in Figure 1(b) and
(c). Collective communication based on NCCL [1] needs to

build the fixed communication group before transfer, so it
cannot connect with the recovered role in the new machine
and does not support fault tolerance. Point-to-point communi-
cation like UCX is available for dynamic reconnection, but
needs asynchronous and parallel optimization to be efficient.
To address these challenges, we designed RobustRL, the
first comprehensive role-based fault tolerance system for RL
post-training in the three RL modes of Figure 1. It mitigates
the impact of the machine failures for the rollout and trainer.
Our contributions are as follows.
1. Role-phase-aware fault detection. It decides which roles
should restart. We introduce a phase-aware and extensible de-
tection strategy for trainer and rollout. Faults in corresponding
roles are handled using appropriate robust strategies. (§4).
2. Role-based and resource-efficient restart. It decides how
the roles restart. We propose a decoupled recovery strategy to
avoid the RL task restart and preserve the rollout progress. In
semi-sync and async mode, for trainer failures, we implement
an efficient recovery that dynamically takes rollout as warm
standbys, bypassing gang-scheduling delays without requiring
extra idle resources. For rollout failures, the recovered rollout
would pull the latest weight from other rollouts for trajectory
generation immediately. (§5.1)
3. Efficient and reliable reconnection. It decides how the
roles reconnect. We implement UCX-based (Unified Com-
munication X) dynamic communication to replace NCCL
for weight synchronization. It can achieve efficient weight
update through asynchronous point-to-point communication
and relay server design. In addition, it can handle the different
failure cases during the recovery. (§5.2)
4. End-to-end benefits. In the scenario with frequent failures
where a trainer fault is injected every 10% steps, RobustRL
still maintains an 80% ETTR on the Qwen3-8B-Math training
task with 20% higher than ByteRobust. The RL training time
is 8.4%-17.4% faster than ByteRobust. (§7)

2 Background & Motivation

2.1 RL System for LLM Post-Training

Post-training using Reinforcement Learning (RL), which
evolved from initial human feedback (RLHF) techniques
[5,55], is now critical for enhancing the reasoning [24, 59, 85]
and tool-using capabilities [14,30] of LLMs. This process
consists of two phases, rollout and training.

Rollout. The rollout model generates trajectories based on
prompts and the results of environment interaction, a process
typically completed by an inference engine [35, 88]. For ex-
ample, mathematical reasoning problems [50] can be solved
using chain-of-thought (CoT) [76]. The rollout model can fur-
ther achieve tool learning through multi-turn tool invocations.
In software engineering [30] scenarios, trajectories include
multi-turn interactions with a code sandbox to fix a bug or
implement a specific function. In search scenarios [31,33,83],
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trajectories involve multi-turn interactions with a search en-
gine to retrieve target answers.

Training. The actor updates its policy by trajectory rewards
evaluated in the training engine [49, 87]. The score can be
obtained via various reward sources such as rule-based func-
tions [24, 85] or learned reward models [5, 53]. Subsequently,
the reference and critic models convert per-trajectory scores
and advantages into training experience. Finally, the actor
model consumes this experience through a specific policy
update strategy [3,57,59,85] to complete this iteration.

RL training system. RL frameworks like verl [22] adopt a
synchronous mode. After the rollout phase is completed, they
switch the inference engine to a training engine by resharding
the model weights. However, the multi-turn interactions and
decode latency in rollout leads to a significant long-tail latency.
Therefore, existing async RL frameworks [16, 25, 60, 89,93]
allow the trainer to train within a certain range of offline
steps without waiting for all rollout trajectories to complete.
It greatly improves training efficiency while maintaining an
acceptable loss in precision. Compared to the hybrid deploy-
ment of the sync mode, the async paradigm independently
deploys the trainer and standalone rollouts, with weight syn-
chronization through network pulling. The semi-sync [58, 65]
mode replaces the async trainer with a hybrid one, thereby
avoiding idle waiting caused by an improper ratio of trainer
to standalone rollouts as shown in Figure 1.

2.2 LLM Fault Tolerance System

Like pre-training, the RL post-training of large models can
last for several weeks or even months [80]. During this pe-
riod, machine failures inevitably occur, leading to a loss of
training progress. In RL, a GPU machine where a failure oc-
curs could be executing either a training or an inference task.
Prior works, ByteRobust [73] and EaaS [39], have respec-
tively discussed machine failure scenarios during training and
inference. In the pre-training process, at the scale of a 100K
GPU cluster, machine-induced failures (e.g., GPU, network,
CPU, memory, disk) cause over 3,000 interruptions per week
on average (30/k-machine/week). For inference services, at
the scale of a 4K GPU cluster, 8.8 failures also occur weekly
(2.2/k-machines/week), with the main faults manifesting as
GPU disconnection and ECC (Error-Correcting Code) errors.

On top of training and inference workload, RL introduces
additional stages such as weight synchronization, Ray [48]
management, and tool calls. It further increases the possibility
of machine failures. Furthermore, by analyzing issues from
open-source RL frameworks with keyword matching, we have
found the similar problems caused by the machine error as
shown in Table 1. Unfortunately, there is no specific robust
system for the RL system as we know and the ByteRobust
is applied since RL post-training is a kind of training task.
Restarting the task when an error happens in ByteRobust is
not the best optimization in RL.

Project ‘ verl [61] Roll[21]  OpenRLHF [20]  Slime [93]
Total issues ‘ 1830 127 719 162
CUDA error 189 7 74 14
Timeout 152 6 60 9
OOM 117 7 66 12
Job Hang 65 2 20 4

Table 1: Issues of machine error and job hang in open source
RL training framework.

= [0,0.5k) [1k,2k) [4k,8K) [16k,32k)
[0.5k,1k) [2k,4k) [8k,16k)  mmm [32k64k) == Rollout Tool use === Train

100

9 1000
5 80 — 800
= G
=3
5 60 2 600
J‘Bz C
a 40 £ 400
c |
4? 20 200 VA2 AlpAr s A s r s
()
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Step Step

Figure 3: Trajectory length distribution (a) and time cost
of each step (b) of Search R1 [31] training in HotPotQA
dataset [83] with Qwen2.5-7B [67].

For instance, the pre-train robust system ByteRobust [73]
achieves warm standby machines to enable fast recovery from
a task restart. But it restarts the whole task whatever the error
happens, leading to the large progress loss especially in RL
training. A better solution is fine-gained restart by role and
rollout can be the warm standby for the trainer. We can apply
ByteRobust only when the role-based robust strategy in RL
cannot handle the case like human-made code or configuration
error. For the inference system, they mainly focus on keeping
the service running [39,46] or avoid re-prefilling [18,54] when
one inference machine fails. Current RL robust systems follow
the inference design [60, 79] to achieve the robust rollout
because it only needs to extra consider how to reconnect with
the trainer in async mode. However, the trainer process has
much higher failure frequency compared with inference. The
robust trainer is important and the robust rollout should take
the trainer failure into consideration.

2.3 Opportunity and Challenge

RL robust benefits. Role-based fault tolerance in RL has two
benefits. First, it ensures the failure isolation of different roles.
The task can continue to run, which guarantees that the current
rollout and agent environment states are maintained. This is
important under the long-tail phenomenon, where the rollout
phase constitutes the main overhead. In Figure 3 of search
agent training, rollout phase plays the major overhead in one
step. Because the response length is long and the tool calling
time contributes to the extra overhead. Second, it reduces the
recovery time. We only need to restart the trainer instead of the
RL task. In the case of async training, the failure of a rollout
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does not affect the training task, as requests are forwarded
to other rollouts. A trainer failure does not affect the rollouts
from generating trajectories. To achieve so, we need to handle
the following issues.

Per-step checkpoint. If weights are not saved each step, a
weight inconsistency between the recovered trainer and the
rollouts will occur when a failure happens. This leads to
trajectory deviations and affects the training results. In this
situation, it is necessary to roll back to the last checkpoint
saved step to retrain and re-rollout. Per-step checkpoint can
avoid the re-execution of the time consuming rollout phase.

We believe that a per-step checkpoint is available in the
RL scenario based on the following insights. First, in pre-
training scenarios, checkpoints are typically saved every ten
or hundred steps because a single training step takes only
seconds. In contrast, an RL step can last for minutes or even
hours [91], which makes the checkpoint overhead ratio small.
Second, in async RL training, the checkpoint process only
blocks the trainer for a short time, while rollouts can con-
tinue inference during this period. Third, to further reduce
the overhead brought by a per-step checkpoint, we apply the
ByteCheckpoint [72]. The blocking time for saving weights
is mainly the GPU to memory time within 5 seconds.
Efficient point-to-point communication. In asynchronous
RL training, when trainer or rollout has faults, it needs to re-
establish connections after recovery for later weight synchro-
nization shown in Figure 1(b) and (c). The existing collective
communication protocol NCCL only supports the static com-
munication member so it cannot support robust cases. For
example, the trainer would send its weight by layer to the
rank-0 of the rollout machine by NCCL. Then the rollout
machine boards the weight to other ranks through NVLink.
When the number of communication members increases, the
transfer overhead would increase linearly.

We solve this by the UCX-based point-to-point commu-
nication. It supports dynamic connection and asynchronous
rank-level transmission from the trainer GPU to rollout GPU
directly. It solves the traffic bottleneck of single NICs (Net-
work Interface Cards) in NCCL. In addition, the rollout which
finishes the weight update can be the relay server for the out-
dated or recovered rollout pulling. Finally, We further support
the fault tolerance case during weight synchronization.

3 System Overview

The design goal of RobustRL is to ensure reliable RL training
by using a role-based fault detection mechanism and applying
different fault recovery strategies to trainer and rollout. Ro-
bustRL consists of two core components: control plane and
data plane. The architecture overview is shown in Figure 4.

Control Plane. It mainly consists of the phase aware analyzer
and the runtime controller. The analyzer is responsible for in-
teracting with the RL robust runtime. It tailors fault-detection
strategies to each RL role and training stage. The controller,

I Data plane
Global Workers
e ([0 Ray actors
Agent Worker ”|Request Manager |« I sharos

‘ Failure recover
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Figure 4: System overview of RobustRL.

i

Robust Trainer

responsible for machine scheduling, receives analysis results
from the analyzer and adopts the appropriate fault tolerance
and recovery strategy (§4).

Data Plane. The GPU machines are the primary failure
sources and they all have fault tolerance capabilities (§5)
for machine errors with RobustRL. All trainers would restart
whenever any trainer machine fails, while rollouts would only
restart or replace the corresponding faulty machine.

The CPU machine includes management roles, such as the
AgentWorker for tool interaction, the RolloutManager, and
the RequestManager for managing inference instances and
requests. They are placed on CPU machines, and the number
of machines is determined by the workload. There can be mul-
tiple AgentWorkers, while the other roles default to one in-
stance each. The TaskRunner invokes the RolloutManager
to get the trajectories (®). Then RolloutManager invokes
the AgentWorker (@) to call the inference engine and tools
to store the result in the RequestManager (®). This process
can be a multi-turn conversation and the AgentWorker get
the trajectories (@ and ®) to the trainer (®).

A failure in these roles triggers a RL task restart [73]. We
use affinity scheduling to ensure that management roles are
not scheduled on trainer or rollout machines. This eliminates
RL task restarts that would otherwise be triggered by the
termination of a management role when a trainer or rollout
machine is replaced after a failure.

4 Role-based Fault Detection

We illustrate the semi-sync RL workflow in Figure 5 since
both sync and async training are special cases of it. Our goal
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is to detect which trainer or rollout machine has failed fast
and apply the corresponding robust mechanism in §5.

! Robust
! Generation ———
. ] Rollout

H . A Robust
. ;g Tin || R
' ' Trainer

\Trainer Machlneo

@ TPS check @) Heatbeat check if TPS = 0 €])Tensorcore activity check

Context switch or weight update AFauItdetect GPU

Figure 5: Role-phase-aware fault detection in semi-sync RL
training. Row 2 is the hybrid. TPS: Throughput Per Second.

Trainer fault detection. As introduced in §2.1, the train-
ing phase is divided into the forward-only computation of
the reference/critic/reward models and the forward-backward
computation of the actor/critic policy update. The detection
strategy during this process is consistent with that of pre-
training. Failures manifest as zero GPU TensorCore activity
for a five-minute window in RobustRL. When this occurs, we
switch to the robust trainer workflow (§5.1.2).

Trainer detection is only applied during the training phase
on the trainer machines (Figure 5 ®). Although phases such as
context switching, weight updates, or advantage computation
exhibit no GPU activity, their duration is short enough relative
to the training phase. Thus, monitoring TensorCore activity is
sufficient to detect failures without false positives from short
GPU-idle phases. Users can also extend their own detection
strategy for this case. For example in large scale RL training,
the advantage computation can be over 5 minutes and we
can set a large GPU idle threshold. The trainer fault detection
method is orthogonal to both pre-training [10,11] and machine
diagnostic methods [73].

Rollout fault detection. Rollout workloads comprise infer-
ence, weight synchronization, and awaiting requests or tool
returns. TensorCore activity occurs solely during inference. In
the other two stages, the worker exhibits no GPU activity yet
remains healthy. We first periodically collect the throughput of
each rollout from the RolloutManager (®). If the rollout ex-
hibits zero throughput for a specified time interval (60 seconds
in our system), we mark it as suspect and trigger heartbeat de-
tection to further verify its status (®). No response within the
timeout confirms a rollout machine failure and we will handle
it with a robust rollout strategy (§5.2). The Rollout detec-
tion adopts throughput detection prior to heartbeat, avoiding
misjudgment caused by unprocessed heartbeat requests and
excessively long TTFT (time-to-first-token) in high-load Roll-
out scenarios. For the hybrid-rollout of sync and semi-sync
mode, this detection method can also be applied. Since the
error happens at the trainer machine, we switch to the robust
trainer workflow (§5.1.2).

Extensibility to complex faults. It is worth noting that the
role separation architecture proposed in RobustRL naturally

raln W1 .
M Time Gap

Timeline

Byte-
Robust # Rollout, WO Tram wWo
RObUSt ‘ Rollout, WO Tram Wo

(a) Robust timeline in sync RL training

Byte-
[ —

Robust- Rollout, WO Rollout, WO Time Gap
i

(b) Robust timeline in async RL training

. o

Trainer Rollout Hybrid- Hybrid- Block Hestart Waste Error GPU
Trainer Rollout  time comput

{

Timeline

Figure 6: Timeline comparison between ByteRobust and Ro-
bustRL in (a) sync and (b) async mode when the trainer ma-
chine error happens.

facilitates the integration of advanced fault detection methods.
By decoupling the execution contexts, our system becomes
inherently compatible with specialized detection strategies
designed for complex issues like silent data corruption (SDC)
[28,40,41] and stragglers [38,78] to further harden the system.

5 Role-based Fault Tolerance

5.1 Robust Trainer

This section illustrates the benefit of robust trainers in dif-
ferent RL architectures (§5.1.1), appropriate restart strategy
(§5.1.2) and reduction of restart overhead by rollout warm
standbys (§5.1.3).

5.1.1 Robust Trainer Timeline

Figure 6 illustrates the difference between the ByteRobust
and the RobustRL in both sync and async training mode.
The semi-sync mode is the special case of sync and async
mode because it contains both hybrid and standalone rollout.
The yellow part denotes the time that blocks the RL training,
which includes weight synchronization, per-step checkpoint
and weight reshard between training and inference engine.

Robust trainer benefit. In sync training mode of Figure 6(a),
ByteRobust restarts the entire task, with the rollout progress of
the current iteration lost. RobustRL only restarts the affected
hybrid role and preserves the rollout progress. After recovery,
it simply resumes rollout and thus completes the iteration
sooner than ByteRobust. In async training mode of Figure
6(b), the extra benefit is that rollout can continue running
during the trainer recovery. Under the same failure case, the
rollout in RobustRL ends earlier, it avoids the trainer to wait
for the rollout to end in ByteRobust. In addition, compared
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with restarting the RL task, we eliminate the overhead for
container initialization, ray cluster initialization et al..

Low blocking overhead. Due to the long-tail phenomenon of
rollout, one step in RL is long shown in Figure 3(b), making
the blocking time relatively short. The efficiency of rollout
weight update has been solved in §5.2.1. In addition, we intro-
duce ByteCheckpoint [72] to improve the checkpoint saving
efficiency. The blocking time is only the GPU-to-memory,
while the transfer from memory to disk or other persistent
storage is executed asynchronously.

5.1.2 Robust Trainer Workflow

Robust trainer targets restarts from machine failures and we
must avoid an infinite loop of trainer restarts by the human-
induced fault. When a human-induced fault occurs, we restart
the task and check the code or roll back the code version in-
stead of trainer role restart as soon as possible. This operation
"Restart task" is similar to ByteRobust’s machine diagnostics
and code rollback procedures. We present the robust trainer
workflow in Figure 7.

Iteration. One iteration includes the step @ to ® in Figure 4.
The RL training is completed through the iteration of multiple
steps. Robust trainer wraps the training step function with
a try-catch block to capture exceptions during training.
The sources of exceptions include both explicit and implicit
failures, which are detected by the method in §4. When the
exception happens it turns to the robust phase.

Trainer restart. First, TaskRunner terminates all trainer-
related processes. Then, it re-executes the trainer’s initial-
ization phase and finally reloads the weights from the last
saved model checkpoint. Since the model weights are saved
each step, the reloaded weights are consistent with the rollout.
Information that binds rollouts to the trainer, such as commu-
nication addresses for pulling weights, is updated concurrently
with the trainer loading the weights.

When we restart to iterate, we skip to rollout a new batch.
Instead, when the current batch finishes rollout, TaskRunner
fetches the trajectories from the RequestManager to the
trainer. Otherwise, if we use the sync or semi-sync mode
for RL training, we switch the context to the inference engine
to rollout the trajectories.

In the following situations, we restart the RL task instead
of only the trainers shown in Figure 7.

1. First-iteration exception detected. If the model fails on

the first step of training or on the first step after resuming
training, this indicates an explicit machine or code error. ~

2. Repeated exception detected. If it is the second time
the fault has been detected in the current step, we indicate
a reproducible fault exists in this step. This situation is also
similar to a code error and we restart the task. For example,
developers introduce a code error in the validation process,
which is executed each 5 steps.

3. Repeated restart failure detected. The restart process
itself may fail. For example, if resources are not fully released
during the trainer restart or if connection establishment fails
due to the restart. In such cases, one restart failure is per-
mitted. If restart failure persists, we also consider it to be a
reproducible machine or code error.

5.1.3 Trainer Warmup by Rollout

The trainer schedule follows the gang scheduling, meaning
the trainer’s initialization cannot begin until a new machine
is scheduled and the environment is initialized, which is time-
consuming as shown in Figure 8(a). ByteRobust prepares the
extra warm standby machines to replace faulty ones, thereby
saving scheduling and container initialization time. However,
using redundant machines leads to potential resource waste,
making this strategy limited to large-scale training.

3. schedule a new machine

D Gang : : Independent :
- ~minute-level, no block

.Trainer . Rollout

1. borrow

2. kill rollout & join trainer

~second-level blockéy a rollout
|_> 0 machine
2. wait for env init 1. schedule a . .
~minute-level block | new machine

Machine Pool —  Machine Pool

(a) ByteRobust schedule (b) RobustRL schedule

Figure 8: Schedule without extra warmup machines when
trainer fails. (a) ByteRobust scheduled a new one from the
machine pool. (b) RobustRL borrows a machine from rollout
and rollout schedules a new one from the pool.

This design does not work for sync-mode training. In semi-

2Code errors in rollout trigger this process as well.
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sync and async mode, we can use rollouts as warm standbys
for the trainer as shown in Figure 8(b). When a failure occurs,
one rollout is killed, and it will join the trainer’s initialization.
Since rollouts use independent scheduling, requests being
processed by the rollout on the replaced machine are handled
through the robust rollout strategy (§5.2).

The prerequisite for warmup rollout is that rollouts and
trainers are in the same data center and rollout and trainer
machines are homogeneous. In deployment, similar to ByteR-
obust, one can reserve a quantity of max(DP, TP, PP, EP, CP)
rollouts as homogeneous machines in the same data center, en-
abling hot-swapping when a failure or suspected fault occurs
in any parallel group. Since warmup rollouts have the same
environment as the trainer, they can be quickly substituted
when a trainer machine fails.

Our scheme is compatible with existing Trainer-Rollout
heterogeneous deployment [89]. For example, we can add an
H800 warm Rollout in cluster A for heterogeneous training
with cluster A (10xH800 Trainer) and cluster B (10xH20
Rollout)). In addition, Rollout warmup requires no weight
resharding because one Rollout machine is corresponding to
one DP Group, which means recrimination only reduces in-
ference concurrency. Trainer parallelism remains unchanged
after borrowing a machine.

5.2 Robust Rollout

The design goals for robust rollout are to ensure that after a
rollout fails, the recovered rollout can 1) re-establish a con-
nection with the trainer. 2) Achieve high pulling efficiency
for weight from the trainer or other relay rollouts. 3) Update
weights and resume inference as quickly as possible after
recovery. To achieve these goals, we have introduced UCX-
based weight synchronization (§5.2.1) and discuss the situa-
tion of the failure handling during rollout recovery (§5.2.2).

5.2.1 UCX-based Weight Update

The naive-UCX baseline transfers weights from GPU memory
on machine 1 to host memory via PCle, then across machines
through a single network interface to machine 2’s host mem-
ory, and finally from machine 2’s memory to individual ranks
via PCle. The path is: PCle -> NIC -> PCle.The NCCL base-
line uses RDMA GPU zero-copy (IB/RoCE v2) across nodes
and intra-node N'VLink for rank-to-rank communication. The
path is: NIC -> NVLink. Compared to naive UCX, NCCL
has a shorter data path and benefits from higher NVLink
bandwidth than PCle. Therefore, we need to shorten the com-
munication path and improve the concurrency of UCX so as
to combine the advantages both on the efficiency and elas-
ticity. Previous work like Owl [15] discusses the data relay
transfer mechanism to achieve the data-ready object send-
ing to another object. But in RL weight synchronization, we
need to further support GPU-to-GPU zero-copy transmission
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Figure 9: UCX-based weight update.

and weight shard management, and handle fault scenarios
throughout the RL training lifecycle. The weight synchroniza-
tion includes three parts.
® Reshard. As shown in Figure 9 step @, we reshard the
model to align with the sharding of the rollout. The imple-
mentation is based on verl [22], and this process takes under
ten seconds.
@ UCX weight synchronization. To ensure efficient weight
synchronization, we implement point-to-point communica-
tion from the trainer’s multiple data-parallel (DP) groups to
the rollout replicas based on their corresponding ranks shown
in Figure 9 @. Each transfer initiates by placing the model
layer by layer into a buffer for transmission. We ensure the
buffer size is large enough to saturate the RDMA bandwidth.
Besides, we also prevent OOM error on the GPU by preserv-
ing a buffer for transfer. The object pulling weights include
both outdated and recovered rollouts awaiting weight updates.
We ensure that at any given time, each weight is pulled by
only one rollout to prevent network bandwidth contention.

Compared with current point-to-point communication de-
sign [60], the entire weight synchronization process is exe-
cuted on the GPU. However, since torch tensors do not directly
support UCX transfer, we convert them to cupy arrays [51],
as cupy supports byte-level transfers. We use DLPack [12] to
support a unified tensor memory layout, achieving zero-copy
overhead for the conversion from torch tensors to cupy arrays.
@ Relay transfer. A weight updated rollout will act as a relay
server, allowing other outdated and recovered rollouts to pull
weights from it. Once weight pulling is complete, they join
the relay-server set. The pulling process in this stage is the
same as the one described in Figure 9 step ®. If a rollout
recovers outside of a weight update stage, it directly pulls
weights from a relay server, as shown in step ®.

The transfer efficiency between trainers and rollouts from
different DP groups can vary due to network fluctuations.
We make the entire weight synchronization asynchronous. It
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allows the outdated and recovered rollouts to immediately
pull from any rollout having the latest weights. A more ex-
treme asynchronous strategy would be to allow asynchronous
transfers at the tensor parallelism (TP) granularity, taking
into account that stragglers can exist among different NICs
[60]. However, the async DP transfer for a 235B model on
4%200Gbps NICs is under 10s. This overhead is sufficiently
small compared to a single RL step in minutes or even hours
level. Therefore, to maintain the simplicity of the weight syn-
chronization design, we did not pursue further optimization.

In semi-sync RL training, the rollout phase does not be-
gin until all rollouts have finished updating. In this case, the
hybrid-rollout in the trainer machine also acts as a relay. In
async RL training, the trainer resumes its shard once the first
batch of relay rollouts finish their weight update, minimizing
training stalls.

5.2.2 Rollout Failure Cases

Preserve the trajectories. We save the trajectories of the
prompt of each tool iteration in the RequestManager to avoid
the rollout progress lost when the rollout machine fails. Af-
ter each tool iteration, the RolloutManager checks the live-
ness status of the corresponding rollouts. When a failure oc-
curs on a rollout, the previous results are reassigned to other
living rollouts. If it is a rollout machine failure, such as an
ECC error, the machine is replaced with a new one. Since
the AgentWorker and the sandbox reside outside the rollout
machine, the rollout progress can be preserved.

Relay server failure during pulling. When resuming the
weight pull, the rollout will first update its set of target ad-
dresses to the living rollouts. If a weight pull fails, it will find
another relay server to pull from. The outdated or recovered
rollout records their successful pulling progress and pulls the
remaining one from other living relay servers.

Trainer failure during pulling. Failure may happen when
the trainer prepares to be pulled or being pulled by rollout. In
the first case, rollouts close their established connections with
the trainer and wait for its recovery before re-establishing
connections. In the case where a pull is in progress, the
process is interrupted, and the partially updated weights are
cleared. Finally, rollouts wait for the trainer to recover before
re-initiating the weight pull.

6 Implementation

The implementation of the RL fault tolerance system at the
framework level is 8k LoCs of Python for the semi-sync sup-
port, fault detection, and robust roles. RobustRL is built on
verl [22] and its asynchronous RL extension [44]. We extend
this foundation with a semi-sync training mode, which retains
the trainer’s resharding operation to the inference engine. The
implementation of the training scheduler that supports the
training architectures in Figure 1.

class ElasticRayWorkerGroup
# init function
def __init__(self, cls, args):
# support scale up/down for worker group
def create_worker(...): # and destroy worker
# create RayClass with init_args
def scale_up(num_worker): # and scale down
# invoke the create_worker
def liveness_probe(...):
10. #detect the liveness of worker groups
11. class ElasticPolicy:
12. # define when to scale up/down
13. def should_scale_up(...): # and scale down
14. # define the scale up condition (recover phase)
15. def _scaling_loop(...):
16. # scale up if reinit, scale down if error

©CXND AWM~

18. rollout_cls = RayClassWithInitArgs(RolloutClass, args)
19. - rollout = RayWorkerGroup(rollout_cls, ...)

19. + elastic_rollout = ElasticRayWorkerGroup(rollout_cls, ...)
20. + rollout_policy = ElasticPolicy(elastic_rollout, ...)

Figure 10: The replicated ray worker group and scaling policy
for the robust and elastic ray worker in RobustRL.

Robust API. In verl, the initialization of workers for the
trainer or rollout roles uses the RayWorkerGroup (RWGQG) in
line 19 of Figure 10. We further encapsulate this abstrac-
tion to handle fault tolerance and recovery scenarios (line
19-20). The ElasticRayWorkerGroup (ERWG) supports ex-
pansion and destruction, while a ElasticPolicy determines
the timing for these actions. The ERWG supports moni-
toring the liveness status of the RWG and defines the ini-
tialization and destruction functions, create_worker and
destroy_worker, along with their corresponding pre- and
post-processing hooks. The scale_up is used to determine
the number of workers to expand. For example, multiple
rollouts fail or are taken to warm up the trainer (§5.1.3) or
scales [79]. The policy defines the conditions for elastic scal-
ing with a polling thread to check the liveness of the RWG.
For instance, when the platform detects a machine failure
during training, it is captured by this policy and scales up the
failure worker. This abstraction avoids the need to repeatedly
implement creation and destruction logic for different RWGs.

7 Evaluation

Our evaluation tries to answer the following questions.

Q1. What is the end-to-end training time and ETTR of Ro-
bustRL in scenarios with training failures? (§7.2)

Q2. What are the enhancements in RobustRL’s fault recovery
in terms of restart efficiency and state preservation? (§7.3)

Q3. What is the extra overhead introduced by RobustRL to
implement role-specific fault tolerance? (§7.4)
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Figure 11: End to end evaluation for RL post-training of Qwen3 models in math [85] and SWE-bench [30]. The first row is the
job completion time and the second row is the ETTR. The overhead of the first row is the time gap with Baseline.

7.1 Setup

Testbed. We deploy RobustRL on 32 GPU machines with
256 GPUs. Each machine is equipped with eight NVIDIA
H20 96GB GPUs. The intra-machine and inter-machine
bandwidths are configured with 900 GB/s NVLink and
4x200Gbps NICs, respectively. Each machine has 2TB of
memory. Our software versions are CUDA 12.4, PyTorch
2.4.1, and NCCL 2.21.5. We build our system on verl 0.5.x
[22], using Pytorch FSDP2 [87] and vLLM [35] as the training
and inference backend. Our checkpointing uses ByteCheck-
point [72] with HDFS as the storage backend. We selected
Qwen3-8B, 32B, and 235B-A22B [82] to evaluate the per-
formance because they are the popular models for RL post-
training research in academia and industry. We use the 8B
and 32B models to test training performance and provide re-
sults from the 235B model to test weight saving and weight
synchronization costs. The TP size of rollout is 8 to guarantee
each rollout occupies a machine.

Baselines. The methods we compare are ByteRobust and
our RobustRL. The baseline system is RL training without
any injected faults. In ByteRobust and RobustRL, we inject
a fault for the trainer at a random time within every 10%
interval steps. Since the trainer follows the gang-scheduling,
it would trigger the TaskRunner to automatically restart all
the trainers. This failure frequency setting is higher than in
practical production environments if the machine error rate
is i.i.d. For example, the 100K GPU training in Meta [56]
the error frequency is 18min, corresponding to 117 hours in
a 256 GPU cluster. Our experiments are designed as stress
tests to quantify the benefits of our fault-tolerant design under
the extreme, large-scale training scenarios that will emerge in
future workloads.

For ByteRobust, we retain only the in-place restart part
of a failure, without machine rescheduling. The RL train-
ing includes the three architectures in Figure 1. Semi-sync
switches from rollout mode to train mode when 50% of the
prompts in a batch are completed and the sync mode is 100%.
Async is 0% with a one-step warmup. For semi-sync and

async mode, the number of GPUs for the trainer and rollouts
is equal. We do not compare with the current robust rollout RL
system [37,60] because existing RL systems do not support
trainer fault tolerance. Under trainer failures, their behavior
is equivalent to ByteRobust. For rollout fault tolerance, the
failure or recovery of rollout would not lead to the training
bottleneck with further evaluation. For the weight synchro-
nization efficiency, we directly compare with the time of ideal
network bandwidth.

Dataset. For reasoning tasks on math with "DAPO-Math-
17K" [85], we use a rule-based reward function to score the
trajectories. For the multi-turn tool-learning task, we gen-
erate the trajectories by obtaining answers through multi-
turn interactions with a sandbox in SWE-bench [30]. We use
GRPO [59] for both tasks. RbustRL is independent of the
specific RL algorithm and the effectiveness of RobustRL can
generalize to the others. Our global batch size is set to 512,
with 64 prompts per batch, and 8 responses generated for
each prompt following the previous research [60]. We set the
maximum text length to 65536 and the maximum number of
tool interaction turns to 50. We train for 100 steps by default.
Metrics. Our primary evaluation metrics for fault tolerance
are the end-to-end training time and the ETTR. We further
evaluate the restart time overhead, additional fault tolerance
overhead, and the time saved due to fault tolerance for differ-
ent methods.

7.2 End to End Evaluation

We compare the end-to-end training time and ETTR for dif-
ferent training architectures under various GPU workloads on
math and SWE post-training tasks on 128 GPUs.

End-to-End Training Time. As shown in the first row of Fig-
ure 11, the Qwen3-8B-Math takes the shortest time because
the model is small and the post-training task is relatively
simple. The SWE task takes the longest time because the
introduction of tool interaction significantly lengthens the
rollout time. Taking the Qwen3-8B-Math task as an example,
the training time varies for different training architectures,
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Figure 12: Sliding ETTR of the training process Qwen3-8B-
Math. The sampling interval is 5 minutes.

where the async mode is faster than the sync one by miti-
gating long-tail overhead. Therefore, the end-to-end training
time continuously increases from the async to the sync mode.

Since we inject a fault every 10 training steps, the end-to-
end training times for ByteRobust and RobustRL are longer
than the baseline. The overhead introduced by a fault restart is
mainly caused by the restart initialization and the loss of train-
ing progress, especially the loss of rollout progress (§5.1.1).
In contrast, RobustRL can restart only the trainers, allowing
the rollouts to continue executing inference and environment
interaction processes. Therefore, the overhead of RobustRL
is smaller than that of ByteRobust. As we shift from async to
sync training mode, the impact of the long-tail phenomenon
becomes progressively more severe, thus the overhead of
ByteRobust gradually increases. In sync mode, the rollout and
training phases are executed sequentially as shown in Figure
1. By leveraging the role-based fault tolerance strategy, Ro-
bustRL explicitly preserves the rollout results. Consequently,
if a failure occurs during the training phase, the system can
resume directly from the training step, skipping the redundant
rollout phase as shown in Figure 6(a). This stands in contrast
to approaches like ByteRobust, which necessitate restarting
the entire RL step. Lastly, the fault tolerance benefits of us-
ing RobustRL on complex tasks like SWE are greater than
on math reasoning, because the rollout phase is more time-
consuming. The benefit of preserving the rollout progress is
more obvious.

In summary, under the extreme condition of a 10% failure
rate, RobustRL can save 0.8-2.1h, 1.4-1.6h, and 3.5-4.5h in
end-to-end training time compared to ByteRobust on the 8B-
Math, 32B-Math and 32B-SWE tasks respectively. The restart
overhead of RobustRL for fault tolerance accounts for less
than 5% of the total time, while the ByteRobust introduces
20% overhead.

ETTR. As shown in the second row of Figure 11, compu-
tation stages such as actor policy updates and rollout are
all counted towards the effective training time in RL post-
training. In RobustRL, there is a phase where the trainer
restarts for fault tolerance while the rollouts continue running.
During this process, the recovery ETTR is calculated with
the ratio ETTR,4ip = #Rollout Since RobustRL sig-

. #Rollout+#Trainer
nificantly reduces restart overhead compared to ByteRobust,

its ETTR is better than ByteRobust’s, and the advantage is
more pronounced in simpler tasks like Qwen3-8B-Math. The
reason is that the longer training time is, the more negligible
the restart time. In addition, although ByteRobust would lose
the progress during the restart, the re-execution of rollout is
also counted towards ETTR. So the gap of average ETTR
between ByteRobust and RobustRL is not large.

We further show the sliding ETTR for Qwen3-8B-Math in
Figure 12 with semi-sync training mode. We sample the train-
ing process every 5 minutes. We take the process of 0.8-2h
as an example. Since ByteRobust restarts both the trainer and
rollouts when a fault occurs, its ETTR is significantly lower at
20%. During the same period, RobustRL’s rollouts continue
to execute, so the influence of failure is less. Compared to
ByteRobust, RobustRL improves ETTR by 18-24% on the
Qwen3-8B-Math task.
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Figure 13: Training consistency in sync (row 1) and semi-
sync (row 2) mode. The reward of the answer is normalized.

Training trend. We use the training trend of Qwen3-8B-Math
with sync and semi-sync to verify the correctness of training
in the presence of failures. We execute 100 training steps
and obtain curves with similar training trends and the result
is shown in Figure 13. In sync training, the three methods
has the similar score tendency because we can make sure
the training order of the prompt by batch mode instead of
the streaming pipeline mode [89]°. When the error happens,
we can get the prompt and response from RequestManager
to continue the training in RobustRL. However, the result in
sync does not get fully alignment because we do not enable
the deterministic inference [69] with FlashAttention [9] and
CUDA atomic operations in our evaluation. In semi-sync
situation, the results are still not deterministic and the trend
difference is larger because the async schedule mode must
use the streaming schedule, which cannot guarantee the order
of the prompt. But generally, the three methods in semi-sync
training shows the similar tendency.

3Batch mode is waiting for all the prompts in this batch to finish. Stream-
ing mode is adding a new prompt to rollout if one prompt in this batch
finishes.

1416 20th USENIX Symposium on Operating Systems Design and Implementation

USENIX Association



Comparison under different error injection frequency. We
further evaluate the performance of RobustRL and ByteRo-
bust under diverse fault frequencies shown in Figure 14. All
experiments are conducted on a 64-GPU in semi-sync mode
with the same number of trainers and rollout for Qwen3-8B-
Math workload and each experiment runs for 50 training steps.
Notably, ByteRobust adopts a fixed checkpoint interval of
one snapshot per 5 steps, and faults are uniformly injected
throughout the entire training timeline.

mmm ByteRobust w## RobustRL

o

w

Train Cost (hours)
\\
N
N
\\J
ETTR (%

Error Inject Steps

Figure 14: End-to-end training time and ETTR comparison
of ByteRobust under different error injection frequency.

Error Inject Steps

In the fault-free scenario, RobustRL and ByteRobust
achieve comparable end-to-end training time and ETTR. Al-
though RobustRL adopts a one-step checkpoint, the overall
time for a small proportion of the full RL training §7.4. We
provide an in-depth breakdown of checkpoint overhead in
the following overhead analysis section. As the injected fault
frequency increases from 1 to 5 (2%-10% in 50 steps), Robus-
tRL outperforms ByteRobust by 2.2%-12.2% in end-to-end
completion time reduction and 2.7%-15.7% in ETTR im-
provement because the time gain of RobustRL compared to
ByteRobust is highly depends on the fault frequency. Con-
sidering that the performance advantage of RobustRL ap-
proaches saturation at a 2% fault rate, we omit additional
evaluations for even lower fault frequencies.

7.3 Robust Benefits Analysis

Trainer restart benefit. Figure 15 shows a comparison of
restart time breakdown between ByteRobust and RobustRL
for different model sizes and numbers of GPUs. We use the
semi-sync case as an example because its startup time is the
longest, as the trainer machines need both the training and
inference engines, in addition to the rollout roles. The main
bottlenecks in starting an RL training task consist of four
stages: instance restart, rollout initialization, checkpoint load-
ing, and worker initialization. The "restart instance" stage
includes container startup, installation of third-party libraries
after startup, Kubernetes scheduling et al.. The "worker init"
stage is primarily the initialization of the training engine.
The "rollout init" stage is the initialization process for the
standalone rollout inference engine, not including weight syn-
chronization. The "load checkpoint" is the stage to load from
memory to the GPU. When we detect a model anomaly, we
asynchronously load the corresponding shards from HDFS
to the local memory. The overhead from "rollout init" and
"restart instance" phases does not exist in RobustRL, making
it faster than ByteRobust. Benefited by the warmup by rollout
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Figure 15: Restart cost comparison of ByteRobust and Robus-
tRL. Row 1 is the result with different model size and row 2
is the result of 8B with different number of GPUs.
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Rollout cost CDF and (b) Rollout length CDF of all prompts
in Qwen3-32B-SWE.

mechanism in §5.1.3, we avoid the trainer’s gang scheduling
process when the trainer has machine error because we can
schedule the rollout machines to replace.

The second row of Figure 15 shows the results of restart
latency of ByteRobust and RobustRL as the number of GPUs
increases, where the duration of all initialization stages in-
creases accordingly. The "worker init" overhead in Robus-
tRL is larger than in ByteRobust. Compared to ByteRo-
bust’s startup, the trainer’s restart includes a destruction phase,
which introduces additional overhead for destroying network
connections. Overall, RobustRL improves restart efficiency
by a factor of 1.5-1.7x compared to ByteRobust.
Preserving rollout progress benefit. In addition to the restart
benefit, RobustRL can preserve rollout progress compared to
ByteRobust. We recorded the output time distribution and out-
put length distribution for 50k prompts (batch size x steps =
512 x 100) on the Qwen3-32B-SWE task shown in Figure 16.
The tail latency reaches 1050s, with an output length of over
4k tokens. RobustRL can avoid the overhead of re-executing
this inference. When we extend to larger RL training scenar-
ios involving more conversation turns and more complex tool
invocation logic, the benefit can be more significant.
Rollout fault tolerance benefit. A machine failure on a roll-
out or a machine being borrowed by the trainer does not
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Figure 17: Rollout token throughput of Qwen3-8B-Math with
50 steps. We inject the error each five steps.

influence the RL task. There are multiple rollout instances,
and in semi-sync mode, the trainer can also provide rollout
capabilities. Compared to the over 300s required for a RL
task restart shown in Figure 15, the impact of a rollout restart
would not influence the throughput of token decode as shown
in Figure 17. In the event of a rollout machine failure in 32B
model, the time for a single rollout to start up and begin pro-
viding service includes machine scheduling (30s), container
startup (under 30s), inference engine startup (49s), and weight
synchronization (10s), for a total of 119s.

Throughput under the trainer and rollout failure. We vi-
sualize the rollout throughput of semi-sync training in Figure
17. The failure in trainer machines can lead to the throughput
decrease because the error can happen when rollout phase fin-
ishes. In this phase, the trajectories wait for the consumption
by the trainer and continue the next step rollout. The token
throughput of rollout failure is not affected because we have
multiple rollout replicas.

Detection benefit. ByteRobust [73] applies the 30 seconds
interval for network-related fault detection and 10 seconds
for the GPU ones (setup in its Table 1). As discussed in §1, it
would lead to endless restart of the task since the RL task can
have idle time waiting for the response from the tools. The
RobustRL can continue the running process. Compared with
the cluster-level detection in Figure 2(b), it can save at most
about 1000 seconds as shown in Figure 16(a) since we set the
hang detection interval for rollout as 60 seconds.

7.4 Robust Overhead Analysis
7.4.1 Weight Synchronization of Trainer and Rollout

Weight synchronization efficiency. Figure 18 shows the
weight synchronization efficiency for an equal number of
trainers and rollouts. The 235B model requires more than 64
GPUs for the trainer to start as shown in Figure 18(b). The
NCCL communication method first gathers all weight to rank
0 and then broadcasts the weight to all the rollouts. The UCX
uses point-to-point communication to the corresponding ranks
in rollouts. Since UCX can fully utilize all the bandwidth of
the NICs, it can have close performance to the NCCL. In ad-
dition, UCX allows for dynamic connections, providing fault
tolerance capabilities. For a 235B model with FP16 precision,
the model size is 470GB. With the 4 x 200Gbps NICs, the

theoretical transfer cost is 4232506?8 =4.7s. Our UCX-based
weight synchronization cost is about 6s. The extra overhead
can be introduced by the network bandwidth fluctuations and

the async bubbles between NICs in one machine.
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Figure 18: Weight synchronization latency with different num-
ber of GPUs and model size. The number of GPUs of trainer
and rollout is equal. (a) 8B and 32B and (b) 235B.

We further evaluate the pulling efficiency of our weight syn-
chronization strategy in Figure 19. Our UCX-based transfer
can achieve a linear increase in cost even when the number of
rollouts grows exponentially. Benefit by the joining as relay
design (§5.2.1), the outdated or recovered rollout can pull the
weight from the relay server. On the contrary NCCL-based
weight synchronization strategy does not support dynamic
connection with relay server and all the rollout must pull the
weight from the trainer. When the number of rollouts is larger
than the trainer, its efficiency decreases.
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Figure 19: Weight synchronization latency with 16 trainer
GPUs and different number of rollout GPUs. (a) 8B and (b)
32B models.

7.4.2 Per-step Checkpoint

Checkpoint efficiency. We evaluate the checkpoint overhead
of both FSDP2 and Megatron in Figure 20. It shows the GPU
to memory and memory to disk latency with different model
size and number of GPUs for checkpoint. The GPU to mem-
ory and memory to disk are independent of the model size and
the number of GPUs because the saving process only needs
to save the shard corresponding to each rank. The 3s blocking
time is 1% of the minutes or hours required for one step in
the RL task. It guarantees that a per-step GPU-to-memory
checkpoint would not lead to the OOM during the process
of checkpoint from GPU to memory because each step takes
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Figure 20: Checkpoint latency of ByteCheckpoint. (a) GPU
to memory and (b) memory to disk with different model size
and number of GPUs.

over minutes. We have enough time to offload the checkpoint
from memory to the disk for about 10s. The disk writing stage
is non-blocking, which further minimizes the overhead of
checkpoint for the RL training.
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Figure 21: Checkpoint overhead of each step in GPU to mem-
ory (left) and memory to HDFS (right).

Continuous checkpoint. In Figure 21, we analyze the latency
of GPU-to-memory and memory-to-disk across the first 20
training steps for the 32B model. For the 235B model, check-
point saving is executed at a consistent 10-minute interval.
Consistent with the observations, the GPU-to-memory latency
is independent of model scale and training steps. This is be-
cause the GPU-to-memory address mapping in ByteCheck-
point [72] is pinned during the initialization phase.

In contrast, for the memory-to-disk persistence phase in
Bytecheckpoint, the first weight saving needs extra full traver-
sal of all model tensors, global shard metadata generation,
distributed execution planning. Larger models introduce more
tensors, larger metadata footprints, and greater volumes of
data to be written, leading to a strong correlation between per-
sistence overhead and model scale. Starting from the second
checkpoint, however, distributed planning and metadata are
fully cached. Redundant operations including tensor traversal,
metadata parsing, cross-node communication, and structural
construction are eliminated, leaving only raw data copying
and disk I/O. This process is no longer affected by model size,
but bounded by storage bandwidth for each shard.
Checkpoint frequency > 1. We further evaluate the reward
trends under different checkpoint frequencies with a failure in-
jected every 10 steps shown in Figure 22. All experiments are
conducted in semi-synchronous mode on the math task using
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Figure 22: Reward under different checkpoint frequency with
10-step-frequency failures.

the Qwen3-8B-Base model. For a 3-step checkpoint interval,
if a failure occurs at the 10th step, the rollback checkpoint is
restored from the 9th step, resulting in 1 offline step. Simi-
larly, a 5-step checkpoint interval introduces 5 offline steps
when a failure happens at step 10. The experimental results
demonstrate that the number of offline steps directly affects
the upward trend of reward growth. Such degradation can be
more severe for large-scale, highly complex reinforcement
learning training workloads like search [31] and coding [30].
Given that the overhead of per-step checkpoint is negligi-
ble, we prioritize preserving algorithmic fidelity and training
effectiveness in our design.

8 Discussion and Limitation

Limitation of Test Scaling. Frequent failures only emerge in
large-scale training scenarios. Under small-scale settings with
infrequent failures like 2%, RobustRL exhibits no substantial
performance gains over ByteRobust because the benefit is
highly dependent on the failure frequency and end-to-end
training time. Even so, our experiments simulate large-scale
frequent failure conditions via small-scale cluster testbeds,
which adequately demonstrates the inherent advantages of
RobustRL for future large-scale workloads.

Limitations of Diagnosis Tools. Current fault diagnosis tools
are primarily designed for training [11,38, 66,73, 74], lacking
specific capabilities for RL post-training scenarios. In RL,
the presence of multiple roles and complex data and control
dependencies makes root cause localization challenging. For
instance, an OOM error in one role might be caused by a
memory leak in another co-located role in the same machine.
Similarly, a role hang event could be due to abnormal metrics
from other roles. More precise RL training system diagnostic
tools would help developers pinpoint root causes faster during
failures, thereby further improving RL training efficiency.
Role-based Hot Updates. Adjusting parameters during train-
ing is a common requirement. For example, increasing the
batch size when GPU memory utilization is found to be low.
ByteRobust [73] proposes a hot update mechanism that allows
instances to restart and update in-place, avoiding machine
rescheduling. Building upon role-based fault tolerance for
hot updates, it helps developers achieve faster role-specific
parameter updates. RobustRL reduces restart overhead and
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prevents the loss of rollout.

Elastic RL Training. Existing work supports elasticity for the
rollout [79,89]. Since the rollout performs inference tasks and
uses independent scheduling, elastic scaling does not affect
task execution. With the support of RobustRL, the trainer’s
elasticity in the data-parallel dimension can adopt a similar
approach to previous work [8, 23, 36, 86], requiring only a
trainer restart, thus reducing the overhead of elastic scaling.

9 Related Work

Fault tolerance systems for LLM training. For training sys-
tems, their main goal is to locate system failures and recover as
soon as possible through fault detection [10, 11,29,38,73,78],
checkpoint [47, 72], and elastic recovery [8, 36] to ensure
the correctness of model training and reduce task restart
overhead. Some works have further extended to elastic train-
ing scenarios, focusing on reducing the overhead of scaling
due to resource changes. Examples include pipeline redun-
dancy [27] and parallelism adjustment prediction [70] or in
spot instance [4]. However, the fault detection strategies for
pre-train are not incompatible in RL. For the trainer robust
work like Torch-FT [45, 56], it is orthogonal to us since it
can accelerate the trainer restart efficiency. But it does not
consider the recovery of the trainer from partial failures in con-
junction with rollouts, nor the design opportunities presented
by the asynchronous execution of rollout.

Fault tolerance systems for LLM inference Existing infer-
ence fault tolerance systems primarily operate at the token,
and rank levels. The token level refers to utilizing the KV
Cache [18, 34, 54] to avoid re-prefilling requests. The rank
level refers to scenarios with AF (attention-FFN) disaggrega-
tion [39,68,92], where the failure of a sub-ranks is prevented
from causing a full service crash. For example, EaaS consid-
ers fault tolerance and recovery after an expert machine fails.
However, async RL training scenarios also need to consider
the interaction between rollouts and the trainer. Addition-
ally, as an offline training task, we just need to guarantee the
prompt can be generated.

RL Systems and Fault Tolerance. RL involves both training
and inference stages. Considering the long-tail phenomenon
of rollout, RL training paradigms have shifted from sync
[43,61,90] to async mode [16,60,89,93] to improve training
efficiency. Some RL training works have considered the fault
tolerance and elasticity of rollouts [60, 79]. However, the
probability of failure in the rollout phase is much lower than
in the training ones because the communication management
of training is more complex. RobustRL further considers
the case of trainer fault tolerance, utilizing rollouts as warm
standbys and allowing them to continue inference during a
trainer failure.

10 Conclusion

We have implemented RobustRL, the first fault tolerance sys-
tem for RL training that supports all GPU roles against ma-
chine failures. Through techniques in detect-restart-reconnect,
RobustRL can detect the fault by roles quickly, isolate the fail-
ure and minimize the restart overhead with rollout progress
preserving. RobustRL can achieve 80% ETTR on the 8B-
Math training task with 20% higher than ByteRobust on the
Qwen3-8B-Math task in an extremely robust case.
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