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ABSTRACT
As large language models (LLMs) continue to scale and new GPUs are released even more frequently, there
is an increasing demand for LLM post-training in heterogeneous environments to fully leverage underutilized
mid-range or previous-generation GPUs and alleviate the shortage of homogeneous high-end GPUs within a
single availability zone. However, achieving high-performance reinforcement learning (RL) training for LLMs on
such computing resources remains challenging, as the workflow involves multiple models and tasks with complex
computational and data dependencies. In this paper, we present HetRL, a distributed system for efficient RL
training in infrastructures with heterogeneous GPUs and networks. HetRL formulates RL training scheduling
in heterogeneous environments as a constrained joint optimization problem and provides two complementary
approaches for addressing this problem: (1) a hybrid scheduling algorithm that efficiently identifies near-optimal
solutions, and (2) an integer linear programming (ILP)-based scheduling algorithm that obtains optimal solutions,
enabling flexible trade-offs between solution optimality and efficiency. Our extensive evaluation, consuming
20,000 GPU-hours, shows that HetRL achieves up to 9.17× the throughput of state-of-the-art systems, and 3.17×
on average, across a wide range of workloads and settings.

1 INTRODUCTION

Reinforcement learning (RL) has become the predominant
technique for improving the reasoning ability of large lan-
guage models (LLMs) and aligning LLMs with human val-
ues (Lambert et al., 2024; Kaufmann et al., 2025; Ahmadian
et al., 2024; Casper et al., 2023). Despite the leading perfor-
mance brought by RL to LLMs, however, comes an explo-
sive growth in computational demand (Qwen Team, 2025;
DeepSeek-AI, 2024; Llama Team, 2024; Wu et al., 2025a).
In practice, current deployments of RL training relies on in-
dividual clusters with a large number of homogeneous GPUs
and high-bandwidth networks to meet the computational re-
quirements, as state-of-the-art (SoTA) RL training systems
(e.g., verl (Sheng et al., 2025) and OpenRLHF (Hu et al.,
2024)) are tailored for homogeneous computing resources.
On the other hand, as vendors have released an array of new
GPU models in recent years, there are a substantial number
of mid-range or previous-generation GPUs remaining un-
derutilized across data centers around the world (Strati et al.,
2024; Jiang et al., 2024a; Mei et al., 2025; Wu et al., 2025b;
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Gao et al., 2024). These geo-distributed heterogeneous
GPUs collectively provide substantially more memory and
compute resources than individual clusters of homogeneous
GPUs. This motivates us to explore an alternative solu-
tion by deploying RL training across a set of heterogeneous
GPUs connected via heterogeneous networks.

Recent studies (Yuan et al., 2022; Mei et al., 2025; Wu
et al., 2025b; Jiang et al., 2024b; Um et al., 2024; Strati
et al., 2025; 2024) have investigated the deployment of
LLM training and serving in heterogeneous environments to
improve the utilization of mid-range or previous-generation
GPUs, all centered around the problem of allocating GPU
resources to a single model or a single task. However, the
complexity of the RL workflow presents unique obstacles
to high-performance deployment in heterogeneous environ-
ments, which cannot be addressed by existing methods.
Unlike LLM training and serving, which only involves one
model, typical RL workflow (Schulman et al., 2017; Shao
et al., 2024; Rafailov et al., 2023; Dai et al., 2024) consists
of multiple models and tasks with complex dependencies.
For instance, the most widely used RL algorithm, Proximal
Policy Optimization (PPO) (Schulman et al., 2017) (Fig-
ure 1(b)), incorporates four LLMs: an actor model, a critic
model, a reward model and a reference model; and six tasks:
actor generation, reference inference, critic inference, re-
ward inference, actor training, and critic training. Given
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Figure 1. Given a heterogeneous computing environment (a) and an RL workflow (b), HetRL employs a multi-level search framework
to progressively construct candidate execution plans through ❶ task grouping, ❷ coarse-grained GPU grouping, ❸ medium-grained
assignment of task groups to specific GPUs, ❹ intra-model parallelization, and ❺ fine-grained mapping of tasklets to GPUs. It enables
efficient exploration of near-optimal solutions across sub-problems, while jointly optimizing task/model colocation, parallelization
strategies, and device placement under heterogeneous compute and network resources.

the heterogeneity of GPU models and interconnects, the
dependencies between different models and tasks, and their
different computational characteristics, the desired schedul-
ing algorithm required for efficient RL training needs to
jointly optimize (1) the colocation of models and paral-
lelism between tasks (Figure 1(c)); (2) the parallelization of
computations within each model and each task (Figure 1(d));
and (3) the fine-grained assignment of tasklets to the hetero-
geneous devices (Figure 1(e)).

Another category of recent studies has investigated efficient
deployment of RL training, but their designs are tailored
to clusters with homogeneous GPUs and high-bandwidth
networks (Sheng et al., 2025; Zhong et al., 2025b; Fu et al.,
2025; Wu et al., 2025a; Han et al., 2025; Hu et al., 2024;
Yao et al., 2023; Shen et al., 2024), and do not fully account
for heterogeneity in the computing environment within their
search space. An out-of-the-box solution for scheduling
RL training in heterogeneous environments is to apply prior
heterogeneity-aware scheduling algorithms for LLM train-
ing and serving to existing RL training systems. However,
these methods (Yuan et al., 2022; Mei et al., 2025; Jiang

et al., 2024b; Um et al., 2024) focus on the scheduling of
a single model/task and require hundreds to thousands of
seconds to search for the locally near-optimal execution plan
for a single model/task (rather than the entire workflow).
Considering that RL workflows involve multiple models
and tasks with complex computational and data dependen-
cies, directly applying prior methods to existing RL training
systems is neither practical nor scalable.

To cope with the challenges described above, we propose
HetRL, a distributed system for efficient RL training over a
set of GPUs with heterogeneity in compute and memory re-
sources as well as network interconnects. Our contributions
are summarized as follows:

• We formulate RL training scheduling in heterogeneous
environments as a constrained joint optimization prob-
lem and introduce a hybrid scheduling algorithm that
efficiently identifies near-optimal solutions by (1) decom-
posing the complex search space with a multi-level search
framework (Figure 1); (2) allocating the search budget
using the successive halving algorithm (Jamieson & Tal-
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walkar, 2016) (SHA); and (3) generating low-level plans
with an evolutionary algorithm (EA). We also provide
an integer linear programming (ILP)-based scheduling
algorithm to obtain optimal solutions, enabling flexible
trade-offs between solution optimality and efficiency.

• We implemented our proposed scheduling algorithms and
built HetRL around it on top of verl (Sheng et al., 2025),
including a scheduler, a profiler, and an execution engine
with extended support for fine-grained resource assign-
ment and load balancing.

• We conduct a comprehensive evaluation to compare the
performance of HetRL and SoTA systems across various
workloads and heterogeneous environments. The results
show that HetRL attains throughput up to 9.17× that of
SoTA systems, and 3.17× on average.

2 BACKGROUND AND MOTIVATION

2.1 Reinforcement Learning for LLMs

Typical RL workflows (Schulman et al., 2017; Shao et al.,
2024; Rafailov et al., 2023; Dai et al., 2024) involve mul-
tiple models and tasks with complex computational and
data dependencies. Next, we detail the workflow using
PPO (Schulman et al., 2017) (Figure 1(b)) as an example.

RL Models. The actor model is the main model to be trained
with RL, initialized from pre-trained LLMs. The reference
model is a frozen copy of the initial actor model. It’s used
to compute the Kullback-Leibler (KL) penalty that ensures
the new actor model close to the style and knowledge of the
pre-trained model. The reward model is a separate model
trained from human preference data. It guides the actor
model to generate responses that align with human values
and is also frozen during RL training. The critic model
evaluates the advantage values of the actions taken by the
actor model. Its parameters are also updated during RL
training. Another recently proposed representative RL al-
gorithm, GRPO (Shao et al., 2024), accelerates RL training
by eliminating the need for a separate critic model. The
architectures and parameters of the reward and critic models
can differ from those of the actor and reference models.

RL Tasks. At the beginning of the RL workflow, actor gen-
eration uses the prompts of the training dataset as input and
generates responses using the actor model. Next, reference
inference uses the prompts and generated responses as input
and calculate the reference log probability of each token
using the reference model. Using the same set of prompts
and generated responses as input, reward inference calculate
per-sample scores using the reward model, and critic infer-
ence calculates per-sample values using the critic model.
Finally, actor training and critic training use the results
from the three inference tasks as input to perform forward
and backward passes to update the parameters of the actor

model and the critic model, respectively.

Recent studies have also investigated asynchronous
RL (Noukhovitch et al., 2025; Fu et al., 2025; Han et al.,
2025; Zhong et al., 2025a) to improve GPU utilization for
RL training. Asynchronous RL training overlaps the time-
consuming actor generation of the next few iterations with
ongoing training to achieve speedup. However, it leads
to decreased accuracy due to data staleness, and increases
memory consumption due to the need to maintain two sepa-
rate copies of the actor model for generation and training.

2.2 Parallelization in Distributed Deep Learning.

To distribute deep learning (DL) workloads over computing
devices, three primary parallelization strategies have been
proposed. Correctly combining and tuning them (Figure 1(e)
bottom) can significantly improve LLM training and serving
performance (Zheng et al., 2022; Li et al., 2023).

Data parallelism (DP) (Rajbhandari et al., 2020). Each DP
group has a full copy of the model weights and processes a
subset of the input dataset, and all DP groups periodically
synchronize their model weights using averaged gradients.

Pipeline parallelism (PP) (Huang et al., 2019). The layers
of a model are partitioned across PP groups. By splitting the
training batch into multiple micro-batches, the forward and
backward passes of different micro-batches can be pipelined
across all PP group.

Tensor parallelism (TP) (Shoeybi et al., 2019). The weight
matrices of each layer are partitioned across TP groups along
the row or column dimension, and all TP groups perform all-
reduce to aggregate the output of each partitioned GEMM.

2.3 Motivation

The heterogeneous characteristics of today’s computing en-
vironments and RL workflows reveal opportunities to im-
prove GPU utilization by deploying RL training in heteroge-
neous environments. Nevertheless, existing systems exhibit
limitations that prevent them from realizing the full potential
of such deployments.

2.3.1 Opportunities

Heterogeneity in computing environments. Recent stud-
ies (Strati et al., 2024; Jiang et al., 2024a; Mei et al., 2025;
Wu et al., 2025b; Gao et al., 2024) investigates the avail-
abilities of GPU resources, showing that there are severe
shortages of homogeneous high-end GPUs within a single
availability zone, while substantial heterogeneous GPUs are
available across geographical locations. Therefore, train-
ing (Yuan et al., 2022; Wu et al., 2025b; Strati et al., 2025)
and serving (Mei et al., 2025; Jiang et al., 2025; 2024b)
LLMs in heterogeneous environments have attracted re-
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search interests as it allows resource-intensive LLM jobs to
leverage all available GPU resources for acceleration.

Heterogeneity in RL workflows. In RL workflows, the ac-
tor, critic, reference, and reward models may use LLMs with
different model sizes and perform generation, inference, or
training during different tasks. Therefore, RL workflows
have different requirements for computation, memory, and
communication across tasks. For example, the actor gener-
ation is memory bound (Zhang, 2024) and needs to main-
tain key-value cache (KV cache) (Kwon et al., 2023); and
the actor/critic training are computation bound (He et al.,
2025) and needs to maintain activations, gradients and op-
timizer states (Rajbhandari et al., 2020). In comparison
with LLM training and serving which involves only single
model or single task, the heterogeneous characteristics of
the RL workflow make it a workload with new potential for
utilizing otherwise idle heterogeneous GPU resources.

2.3.2 Limitations

Limited search space in existing RL training systems. To
accelerate RL workflows with heterogeneous characteristics,
and complex computational and data dependencies, a flurry
of RL training systems (Sheng et al., 2025; Hu et al., 2024;
Yao et al., 2023; Shen et al., 2024; Zhong et al., 2025b; Wu
et al., 2025a; Fu et al., 2025; Han et al., 2025) have been
proposed. However, they are all tailored for homogeneous
GPUs with high-bandwidth networks, and almost none of
them fully account for the heterogeneity of hardware and
networks in their search space. StreamRL (Zhong et al.,
2025a) is perhaps the most relevant effort to ours, organizing
heterogeneous GPUs into two groups: one group for actor
generation and a separate group for the remaining tasks.
However, it requires that all GPUs within the same group
are homogeneous and located in the same data center.

Time-consuming heterogeneity-aware scheduling algo-
rithms. A natural approach to enhance RL training sys-
tems is to apply the heterogeneity-aware scheduling algo-
rithms originally designed for LLM training and serving
to the scheduling of each model and each task in the RL
workflow. As reported by verl (Sheng et al., 2025) and
RLHFuse (Zhong et al., 2025b), searching for efficient de-
ployment plans for RL training on homogeneous GPUs
connected over a homogeneous network requires examin-
ing over millions to billions of plans, which takes hundreds
to thousands of seconds. Meanwhile, the heterogeneity-
aware scheduling algorithms originally designed for LLM
training (Yuan et al., 2022; Um et al., 2024) and serv-
ing (Mei et al., 2025; Jiang et al., 2025; 2024b) require
1, 000∼10, 000× more search time to search for the locally
near-optimal plan for a single model/task (rather than the en-
tire workflow), so this naive combination is neither practical
nor scalable for real-world deployment.

3 SCHEDULING IN HETRL
We begin by formulating RL training scheduling in het-
erogeneous environments as a constrained joint optimiza-
tion problem over partitioning and assignment strategies.
We then present our multi-level search framework for de-
composing the search space, along with a cost model for
efficient execution time estimation. Finally, we introduce
two complementary scheduling algorithms: (1) a hybrid ap-
proach based on successive halving and evolutionary search
that efficiently identifies near-optimal solutions, and (2) an
ILP-based approach that provides optimal solutions when
sufficient computational resources are available.

3.1 Problem Formulation

Notation. Let Gt = (V t, Et) denote the computational
graph of the t-th task in an RL workflow, where t ∈
{1, . . . , T}, V t denotes the set of computational operators,
and Et denotes the set of tensors shared between operators.
The overall computational graph of the RL workflow is then
defined as G = (

⋃T
t=1 V

t,
⋃T
t=1E

t∪Einter), whereEinter

denotes the set of edges between tasks.

Let GD = (VD, ED) denote the device topology graph for
a heterogeneous environment, where VD = {d1, . . . , dN}
are a set of N devices and ED ⊆ VD × VD are communi-
cation channels between devices. Each device d is labeled
with computation capability, memory capacity, and HBM
bandwidth. Each edge between d and d′ is labeled with the
latency and bandwidth.

A partitioning strategy ρ transforms the given G into a new
tasklet graph GL = (VL, EL) by first partitioning the opera-
tors with intra-model parallelization and then merging them
into tasklets. Each new node lti,j,k ∈ VL is a tasklet, EL
denotes the set of tensors transferred between tasklets, and
t, i, j, k represent the indices of a tasklet in RL tasks, data
parallelism, pipeline parallelism, and tensor parallelism, re-
spectively. An assignment strategy σ : VL → VD assigns,
for each tasklet l ∈ VL, a device d ∈ VD. Let C denote a
cost model that estimates the execution time per iteration
of a given workflow, conditioned on the given resource,
partitioning strategy, and assignment strategy. The func-
tions Mworking(l) and Mmodel(l) represent the working and
model memory consumption of tasklet l, respectively, while
Mgpu(d) denotes the GPU memory capacity of device d.

We defer the notation for device and network attributes to
Appendix B, notation for the PPO definition to Section 3.3,
and notation for the scheduling algorithm to Algorithm 1.

Definition 1 (Heterogeneity-Aware RL Training Scheduling
Problem). Given a computational graph G for an RL work-
flow and a device topology graph GD for a heterogeneous
environment, the heterogeneity-aware RL training schedul-
ing problem is to determine an optimal scheduling strategy,
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which consists of a partitioning strategy ρ and an assignment
strategy σ, such that the execution time of the RL workflow
is minimized and resource constraints are satisfied:

min
ρ,σ

C(ρ, σ;G,GD)

s.t. |{(i, j, k) : lti,j,k ∈ VL}| ≤ |VD|,∀t ∈ {1, . . . , T} (C1)⋃
d∈VD

σ−1(d) = VL (C2)

max
l∈σ−1(d)

Mworking(l) +
∑

l∈σ−1(d)

Mmodel(l)

≤ Mgpu(d),∀d ∈ VD (C3)

Proposition 1. The abstract heterogeneity-aware RL train-
ing scheduling problem defined in Definition 1 is NP-hard.

The proof is deferred to Appendix A.

3.2 Multi-Level Search Framework

Design. Given that the heterogeneity-aware RL training
scheduling problem is NP-hard, exhaustively searching over
all feasible execution plans is computationally intractable.
We propose a multi-level search framework that decom-
poses the search space into structured subspaces, enabling
termination of poor-performing high-level decisions and
efficient exploration of lower-level decisions. As illustrated
in Figure 1, the framework consists of the following levels:

• Level 1 (Task grouping): Given an RL training pipeline,
we first partition tasks into disjoint task groups. Tasks
within the same task group are executed on a shared set
of GPUs, with their associated models co-located.

• Level 2 (Coarse-grained GPU assignment): Given the
number of task groups, we partition the GPUs into disjoint
GPU groups and assign each task group to one GPU group.
At this step, we determine only the number of GPUs in
each group, rather than the specific GPU assignments.

• Level 3 (Medium-grained GPU assignment): At this step,
we generate candidate assignments that map task groups
to specific GPUs.

• Level 4 (Intra-model parallelization): Given a set of
candidate medium-grained GPU assignments, we deter-
mine feasible parallelization strategies for individual tasks
within each assignment. Applying these strategies further
decomposes tasks into finer-grained tasklets.

• Level 5 (Fine-grained GPU assignment): Finally, we gen-
erate candidate assignments that map tasklets to specific
GPUs, yielding complete execution plans.

Existing RL training frameworks already expose several
configurable dimensions that naturally correspond to dif-
ferent levels of the search space. In particular, task and
model colocation (Level 1), placement groups and resource

pools (Level 2), and parallelization strategies (Level 4) are
commonly supported configuration knobs. To fully account
for heterogeneity in the computing environment within the
search space, we extend these dimensions with Level 2 and
Level 5, which enables fine-grained tasklet-to-device map-
ping beyond what is typically supported in current systems.

Interpretation. Our framework can be viewed as a coarse-
to-fine constructive approach that operationalizes the joint
optimization over (ρ, σ) defined in Section 3.1. Concretely,
Levels 1 and 4 instantiate the partitioning strategy ρ, per-
forming task grouping and intra-model parallelization to
produce the tasklet graph GL, while Levels 2, 3, and 5
instantiate the assignment strategy σ, generating coarse-to-
fine GPU assignments that map computational subgraphs
(or nodes) to devices.

Search space analysis. The search space induced by the
multi-level search framework can be characterized as a hier-
archical composition of combinatorial subspaces across five
levels. We analyze the search space in a level-wise manner:

• Level 1: The search space of this level for T tasks has
size BT , corresponding to the number of set partitions,
where BT denotes the T -th Bell number (Rota, 1964).

• Level 2: For simplicity, we consider the case where each
task forms its own GPU group, which yields a worst-case
upper bound. The search space of this level for N GPUs
has size

(
N−1
T−1

)
, corresponding to the number of integer

partitions of N into exactly T positive parts.
• Level 3: Given a coarse-grained GPU assignment with

GPU group sizes {nt}Tt=1, where
∑T
t=1 nt = N , the

search space of this level has size N !∏T
t=1 nt!

, corresponding
to the multinomial coefficient.

• Level 4: For simplicity, we assume that each of data,
tensor, and pipeline parallelism has a uniform degree.
Therefore, the search space of this level is upper bounded
by
∏T
t=1 |{(i, j, k) ∈ N3

+ : i · j · k ≤ nt}|.
• Level 5: Given the parallelization strategies, each task

is further decomposed into tasklets. Let |V tL| denote the
number of tasklets assigned to task group t. The search
space of this level is upper bounded by

∏T
t=1 n

|V t
L|

t .

Note that the search space at each level listed above is con-
ditional on the decisions made in preceding levels, rather
than independent. Combining the above levels, the overall
search space is upper bounded by

BT ·
(N − 1

T − 1

)
·

N !∏T
t=1 nt!

·
T∏

t=1

|{(i, j, k) ∈ N3
+ : i·j·k ≤ nt}|·

T∏
t=1

n
|V t

L|
t .

3.3 Cost Model

Because the search space is large and running RL training in
practice can take tens of minutes per step, we develop a cost
model within our framework to quickly estimate execution
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time. Cost models differ across RL algorithms and between
synchronous and asynchronous modes. To instantiate the
cost model, we formalize a synchronous variant of PPO and
connect it to the computational graph defined in Section 3.1.

PPO. We consider a PPO setting with a policy (actor) model
πθ, a value function (critic model) vϕ, a reward model rψ,
and a fixed reference policy (model) πref . Given queries
x sampled from the training dataset D and responses y
generated by the old policy model πθold , the reward at the
τ -th generation step is defined as:

rτ = rψ(x, y≤τ )− β log
πθ(yτ | x, y<τ )
πref(yτ | x, y<τ )

,

where θ, ϕ, and ψ denote the parameters of the actor, critic,
and reward models, respectively, and β is the coefficient
of the KL penalty. Based on the rewards and the learned
value function, the estimated advantage Âτ is then computed
using Generalized Advantage Estimation (GAE) (Schulman
et al., 2016). Finally, PPO updates the policy model via a
clipped surrogate objective:

JPPO(θ) = Ex∼D,y∼πθold(·|x)

[ 1

|y|

|y|∑
1

min
( πθ(yτ | x, y<τ ))

πθold
(yτ | x, y<τ ))

Âτ ,

clip
( πθ(yτ | x, y<τ ))

πθold
(yτ | x, y<τ ))

, 1− ϵ, 1 + ϵ
)
Âτ

)]
where ϵ controls the clipping range, and updates the value

function via a mean-squared error loss.

From the above formulation of PPO, we observe that the
training process can be decomposed into multiple compu-
tation stages with well-defined dependencies. Additionally,
a synchronous variant of PPO enforces an iteration-level
barrier: the actor generation of the next iteration cannot
begin until the training of the current iteration completes.
We therefore model synchronous PPO as a computational
graph G formed by a set of task-level computational graphs
{Gt}6t=1, where actor generation (G1) is followed by re-
ward, reference, and critic inference (G2–G4) in parallel,
before actor and critic training (G5 and G6).

Cost model for synchronous PPO. We adopt a compact
convention and overload the notation: C denotes both the
cost model and its evaluated cost under the current inputs.
We now present a concrete instantiation of C for PPO:

CSyncPPO = C1 +Φ({C2, C3, C4}) + Φ({C5, C6}),

where Ct denotes the cost associated with the t-th task
(Gt) for t ∈ {1, . . . , 6}, corresponding to actor generation,
reward inference, reference inference, critic inference, actor
training, and critic training, respectively. Φ aggregates the
costs of tasks without dependencies and is defined as:

Φ({Ct}) = ηmax
t
Ct + (1− η)

∑
t

Ct, η ∈ [0, 1],

where the coefficient η parameterizes the level of task par-
allelism (0: sequential; 1: fully parallel; else: partial). The
cost model of the t-th task is given by:

Ct =


Ψgen(Ct

comp, C
t
hbm, Ct

tp, C
t
pp), t = 1,

Ψinf(Ct
comp, C

t
tp, C

t
pp), t ∈ {2, 3, 4},

Ψtrain(Ct
comp, C

t
tp, C

t
pp, C

t
dp, C

t
bubble), t ∈ {5, 6},

where Ctcomp estimates a set of per-tasklet or per-subgraph
computation costs, Cthbm estimates a set of per-tasklet or
per-subgraph HBM costs (i.e., loading LLMs from HBM
to SRAM during decoding), Ctbubble estimate a set of per-
tasklet or per-subgraph pipeline-bubble costs, and Cttp, Ctpp,
and Ctdp estimate a set of per-tasklet or per-subgraph TP,
PP, and DP computation costs. Ψgen, Ψinf , and Ψtrain esti-
mate task-level costs based on the given sets of tasklet- or
subgraph-level costs. For brevity, we have omitted some
inputs to the above equations, including device and net-
work attributes, and also omitted the resharding cost in the
end-to-end cost. Details can be found in Appendix B.

3.4 Hybrid Scheduling Algorithm

SHA for search budget allocation. Although theoretically
identifying the optimal high-level decision is intractable due
to the NP-hardness of the problem, we aim to prioritize
promising high-level decisions in a principled manner while
keeping the method scalable and simple from an engineer-
ing perspective. To this end, we adopt SHA (Jamieson &
Talwalkar, 2016) for search budget allocation, a robust and
straightforward bandit-based algorithm designed to the non-
stochastic best arm identification problem within a fixed
budget. Next, we determine at which levels to apply SHA.
In the bandit formulation, each high-level decision corre-
sponds to an arm. Applying SHA only to Level 1 results in
too few arms, yielding limited speedup, as the number of
elimination rounds is bounded by ⌈log2BT ⌉. In contrast,
applying SHA to Levels 1–3 introduces an excessive num-
ber of arms due to the combinatorial explosion of the search
space, making it infeasible to evaluate them within a fixed
budget. Therefore, we apply SHA to Levels 1 and 2, which
provide a balanced number of arms for effective speedups
while keeping the budget allocation tractable.

The pseudocode in Algorithm 1 shows how HetRL extends
SHA to a nested form and applies it to our problem. HetRL
treats task groupings as arms at Level 1 and GPU groupings
as arms at Level 2 in the multi-armed bandits problem;
the execution time estimated by the cost model serves as
each arm’s loss. Concretely, the inputs are the user-defined
budget B, workflow information and device information.
In our problem, the search budget corresponds to the wall-
clock time allocated for the scheduling procedure. At Level
1 (lines 14-16 and lines 29-33), it first assigns a starting
budget bm to each task grouping, which is shared by all
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Algorithm 1 HetRL Hybrid Scheduling Algorithm
Input: search budget B, a computational graph for an RL workflow G, a device
topology graph GD, number of GPUsN
Output: Execution plan with the lowest estimated cost
1: let TG = {tgξi} be the set of all feasible task groupings for a given RL

workflow, where tgξi denotes a feasible grouping of RL tasks
2: letGG = {tgξi 7→ GGξi

} be the set of all feasible GPU groupings, where
GGξi

= {ggξi,j } denotes the set of all feasible GPU groupings for a given
tgξi and ggξi,j denotes a feasible grouping of GPUs

3: let Cplans = {tgξi , ggξi,j 7→ {cξi,j,k}} be the cost of candidate plans,
where cξi,j,k denote the cost of the k-th candidate plans under tgξi and ggξi,j

4: initialize TG← ∅, GG← ∅, C ← ∅
5: TG← TaskGrouping(G)
6: for all tgξi ∈ TG do
7: GGξi

← GPUGrouping(N, |tgξi |)
8: GG← GG ∪ {tgξi 7→ GGξi

}
9: for all ggξi,j ∈ GGξi

do
10: Cplans ← Cplans ∪ {tgξi , ggξi,j 7→ {∞}}
11: end for
12: end for
13: (TG0, GG0)← (TG,GG)
14: form = 0, 1, . . . , ⌈log2(|TG|)⌉ − 1 do
15: for all tgξi ∈ TGm do
16: let bm = ⌊ B

|TGm|⌈log2(|TG|)⌉ ⌋ be search budget for tgξi
17: GGξi,0

← GGm(tgξi )

18: for n = 0, 1, . . . , ⌈log2(|GGm(tgξi )|)⌉ − 1 do
19: for all ggξi,j ∈ GGξi,n

do
20: let bm,n = ⌊ bm

|GGξi,n
|⌈log2(|GGm(tgξi

)|)⌉ ⌋ be search budget

for ggξi,j
21: for k = 0, 1, . . . , bm,n − 1 do
22: let pk ← EA(tgξi , ggξi,j ,GD, . . .) be a new low-level plan

23: cξi,j,k = C(pk,GD, . . . )

24: Cplans(tgξi , ggξi,j )← Cplans(tgξi , ggξi,j ) ∪ cξi,j,k
25: end for
26: end for
27: GGξi,n+1 ← BestHalf(GGξi,n

, Cplans)

28: end for
29: GGm+1(tgξi )← BestHalf(GGm(tgξi ), Cplans)

30: end for
31: TGm+1 ← BestHalf(TGm, Cplans)

32: end for

the GPU groupings corresponding to this task grouping. At
Level 2 (lines 17-20 and lines 27-29), it also first assigns
a starting budget bm,n to each pair of tasking grouping
and GPU grouping. It then uses an evolutionary algorithm
at lower levels and a cost model to generate and evaluate
bm,n candidate plans (lines 21–25). Finally, it discards the
worst half GPU groupings and continues the procedure with
the better half with a doubled budget until the assigned
budget bm is exhausted. This procedure is also repeated
at Level 1 by discarding the worse half tasking groupings
and doubling the budget for the next round until the global
budget B is exhausted. At each new Level 1 round, we
retain the best half of GPU groupings for each task grouping.
With nested SHA, we allocate more search budget to sets
of candidates associated with more promising high-level
decisions, while discarding less promising candidates early.
SHA enjoys theoretical guarantees on the probability of
selecting an optimal (or near-optimal) configuration within a
given budget (Jamieson & Talwalkar, 2016; Li et al., 2017).

Evolutionary algorithm for low-level plan generation.
Given the task grouping from Level 1 and the coarse-grained
GPU assignment from Level 2, we generate fine-grained
GPU assignments through Level 3 to 5. By treating the
devices assigned to tasklets within the same pipeline stage
as a graph partition, and those assigned to the same task
group as a coarsened graph partition, the procedure can
be viewed as a graph partitioning problem with a complex
objective on the device topology graph. Following the line
of research that uses Evolutionary Algorithm (EA) (Bui &
Moon, 1996; Soper et al., 2004; Yuan et al., 2022) for graph
partitioning, we develop a EA for low-level plan generation.

Concretely, we randomly initialize medium-grained GPU
assignments at Level 3, enumerate all feasible intra-model
parallelization strategies at Level 4, and then randomly ini-
tialize fine-grained GPU assignments at Level 5. These fine-
grained GPU assignments serve as the initial population of
the EA, which produces the next generation as follows. It
first generates a new “offspring” o via mutation from the
population. We than conduct swapping on o to find a new
individual o∗ that leads to lower cost. Finally, we add o∗

to the population and remove the worst individual in the
population if o∗ achieves a lower cost.

As described in Section 3.2, the multi-level search frame-
work consists of five levels. While omitting Level 3 does not
affect the completeness of the search space, it is introduced
to provide a group-level structure that enables GPU mutation
and swapping across task/GPU groups, thereby improving
the efficiency of the search process. We customize the muta-
tion operator and incorporate a swap-based local search. The
mutation operator, with a certain probability, replaces a GPU
in a training-task group with a higher-TFLOPS one selected
from GPUs not assigned to any training-task group. The
local search greedily improves GPU-group locality while
keeping group sizes fixed. For each candidate, we repeat-
edly evaluate cross-group GPU swaps and apply the one
with the largest positive gain in a locality score that cap-
tures, but is not limited to, machine-, zone-, and region-level
affinities. The process terminates when no improving swap
exists, and the improvements obtained by the phenotype
are not mapped back to the genotype or incorporated into
the population. This design allows faster evolution while
preserves population diversity and prevents premature con-
vergence (Hinton & Nowlan, 1987; Baldwin, 1896).

3.5 ILP-Based Scheduling Algorithm

While the hybrid scheduling algorithm can efficiently iden-
tify near-optimal solutions in large-scale deployments, we
further provide an ILP-based scheduling algorithm to ob-
tain optimal solutions when sufficient search budgets are
available. Our problem formulation (Section 3.1) can be
straightforwardly converted into a corresponding ILP for-
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mulation by converting the discrete scheduling choices into
binary decision variables. The ILP formulation preserves
the same search space as our hybrid scheduling algorithm,
but replaces heuristic exploration with exact optimization.

Specifically, for each RL task, we enumerate all feasible
parallelization strategies over candidate tensor, data, and
pipeline parallelism, and associate each strategy with a bi-
nary decision variable. Based on the selected strategy, we
further introduce binary variables to determine whether each
tasklet is instantiated and to assign each instantiated tasklet
to a specific GPU. On top of these decision variables, we use
the analytical cost model to parameterize the execution cost
of each task under heterogeneous devices. In particular, the
formulation captures the memory footprint and execution
time of each tasklet. These tasklet-level costs are then ag-
gregated into task-level durations according to the selected
partitioning and assignment strategies. To model end-to-end
execution, we additionally introduce time variables for each
task, including start time, duration, and completion time,
and minimize the overall workflow makespan. The formula-
tion not only enforces the constraints defined in Section 3.1
but also incorporates the task dependencies as constraints.

4 HETRL SYSTEM

Centering on our proposed scheduling algorithm, we built
HetRL, a distributed system for efficient RL training in het-
erogeneous environments. Figure 2 illustrates the system
overview of HetRL, which comprises four key components:
a scheduler, a profiler, a load balancer, and a distributed
execution engine. Next, we describe an overview of the sys-
tem’s end-to-end execution and the role of each component.

4.1 Execution Overview

An RL training job submitted to HetRL contains an RL al-
gorithm, a dataset, models for different tasks, an optimizer,
numerical precision, global batch size, sequence lengths
of prompts and responses, and other optional configura-
tions. After receiving a job request, the HetRL profiler first
collects hardware information about the computing environ-
ment, including the computation power (TFLOPs), memory
capacity (GBs), and HBM bandwidth (GB/s) of available
GPUs, intra-machine bandwidth (GB/s), and network de-
lay (ms) and bandwidth (Gbps) between them. Then the
HetRL scheduler searches for a near-optimal execution plan
according to the workflow information and hardware infor-
mation. As described in Section 3, the scheduler leverages
the multi-level search framework and our proposed schedul-
ing algorithms for generation and selection of candidate
plans, and uses its cost model to evaluate various candidate
plans in terms of training throughput and memory footprint.
Finally, the HetRL execution engine deploys the RL train-
ing job in the heterogeneous environment according to the

HetRL System
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LLM
Serving Engine

RL Workflow

Tuning 
Request
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Distributed
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Heterogeneous Computing Environment
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L4100 ms, 1 Gbps

10 ms,
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Figure 2. HetRL system overview.

selected execution plan. The HetRL execution engine is im-
plemented on top of verl (Sheng et al., 2025) with extended
support for fine-grained resource assignment and load bal-
ancing, and it uses Megatron-LM (Shoeybi et al., 2019) and
vLLM (Kwon et al., 2023) as training and serving engines.

4.2 Load Balancing

The HetRL load balancer incorporates several load balanc-
ing strategies to better accommodate RL workflows to het-
erogeneous computing environments. Load balancing can
be roughly divided into two categories: data-level and layer-
level. To achieve data-level load balancing, it adjusts the
local batch sizes across GPUs within a DP group during the
actor rollout task based on estimates from the cost model.
For the other tasks, where sequence lengths are known be-
forehand, it assign samples with longer sequence length to
more powerful GPUs. To achieve layer-level load balancing,
it adjusts the layer distribution across pipeline stages based
on estimates from the cost model. These three load balanc-
ing strategies enlarge the search space of our scheduling
algorithms and can be implemented without invasive modifi-
cations to mainstream frameworks (e.g., verl, Megatron-LM
and vLLM). We leave the integration of more advanced load
balancing strategies (Um et al., 2024) as future work.

5 EVALUATION

We first compare the end-to-end performance of HetRL
against SoTA RL training systems under various workloads
and computing environments. Subsequently, we evaluate
the search efficiency and the effectiveness of load balancing.
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Table 1. GPU specifications.

Model Arch Size
(GB)

FP16 Perf.
(TFLOPS)

HBM
(GB/s)

Intra
(GB/s)

A100 Ampere 40 312 2039 600
L40S Ada 48 366 864 64
L4 Ada 24 121 300 64

5.1 Experimental Setup

Hardware. We conduct experiments on a testbed with a
total of 64 GPUs, of which 24 are A100s, 24 are L40Ss,
and 16 are L4s. The detail GPU specifications are listed in
Table 1. To simulate the heterogeneous network environ-
ments, we measure the latencies and bandwidths between
10 different regions (Virginia, Ohio, Paris, Stockholm, Lon-
don, Ireland, Spain, Zurich, Frankfurt, and Milan) and apply
them to our testbed, as shown in Figure 3 (a) and (b). Our
evaluation covers four different network environments:

• Scenario 1 (Single-Region). This is a standard setting
provided by cloud service providers. We do not enforce
latency or bandwidth controls here.

• Scenario 2 (Multi-Region-Hybrid). We consider individ-
ual GPUs across Ohio and Virginia, but subset of Virginia
GPUs are at the edge and only have direct connections
to GPUs within Virginia. The inter-region connections
between Ohio and Virginia have 10 ms of delay and 5
Gbps of bandwidth, while connections involving edge
GPUs have a bandwidth of 1 Gbps.

• Scenario 3 (Multi-Country). We consider individual
GPUs cross eight different regions in Europe. For inter-
region connections, the delay is 5∼30 ms and the band-
width is 1.9∼5.0 Gbps.

• Scenario 3 (Multi-Continent). We consider individual
GPUs cross eight different regions acroos Europe and US.
For inter-region connections, the delay is 5∼60 ms and
the bandwidth is 0.9∼5.0 Gbps.

Models and RL algorithms. We choose representative
open-source LLMs, the Qwen series, and consider three dif-
ferent sizes of Qwen models, 4B, 8B, and 14B. For the RL
algorithm, we evaluate two popular methods, PPO (Schul-
man et al., 2017) and GRPO (Shao et al., 2024), considering
both their synchronous and asynchronous versions. In the
evaluation, we use the same size of LLM for all models
and tasks within each RL workflow. However, HetRL can
flexibly accommodate RL workflows that use models of
different sizes to perform different tasks.

Datasets and hyperparameters. We conduct experiments
on GSM8k dataset from OpenAI, an open-source, gold-
standard benchmark for mathematical reasoning. We set the
maximum length of both input prompts and output responses
to 1024, the global batch size to 384, and the number of

responses generated per prompt to 8. In the RL workflow,
training uses mixed precision with the Adam optimizer, and
inference and generation use BF16 precision. The above
settings are consistent with previous studies on RL training
systems (Sheng et al., 2025).

Baselines. We compare HetRL against two baselines:

• verl (Sheng et al., 2025) is a widely-used, open-source,
SoTA RL training system in homogeneous setting. It
proposes a hierarchical hybrid programming model to
flexibly support various RL workflows and configurations.

• StreamRL (Zhong et al., 2025a) is the SoTA RL training
system in heterogeneous and asynchronous setting. It
supports the deployment of actor generation and the rest
tasks in two separate data centers.

Since StreamRL is not open-source, we implemented its
asynchronous version on top of verl. In addition, we chose
vLLM as the inference engine and Megatron-LM as the
training engine for all variants to ensure a fair compari-
son. We recognize other well-known RL training systems;
however, we do not include them in the evaluation since
their features and functionalities largely overlap with the
baselines or they focus on RL algorithmic innovations.

Unless otherwise specified, all experiments are conducted
under the experimental setup described above. For search
efficiency comparisons, we use different hardware settings
(i.e., CPU-only machines), while for training quality evalua-
tions, we use alternative models and datasets, as detailed in
the corresponding sections.

5.2 End-to-End Comparison

Our first experiment compares end to end performance of
HetRL against verl and StreamRL in four different scenar-
ios, corresponding to four rows of Figure 3. Figure 3(c - e)
show the throughput of training Qwen-4B, 8B, and 14B with
PPO and GRPO, respectively. In Single-Region scenario,
HetRL outperforms verl by 1.51∼2.05× in synchronous RL
training and outperforms StreamRL and verl by 1.1∼1.31×
in asynchronous RL training. In Multi-Region-Hybrid
scenario, HetRL outperforms verl by 3.01∼4.99× in syn-
chronous RL training and outperforms StreamRL and verl
by 1.11∼1.27× and 4.07∼9.17× in asynchronous RL train-
ing. In Multi-Country scenario, HetRL outperforms verl
by 1.4∼3.07× in synchronous RL training and outperforms
StreamRL and verl by 1.19∼1.5× and 1.71∼4.0× in asyn-
chronous RL training. In Multi-Continent scenario, HetRL
outperforms verl by 2.24∼5.46× in synchronous RL train-
ing and outperforms StreamRL and verl by 2.25∼3.72×
and 4.38∼10.76× in asynchronous RL training.

HetRL achieves higher training throughputs than baselines
in all scenarios by fully considering the characteristics of
heterogeneous GPUs and networks in its scheduling algo-
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Figure 3. End to end compassion of HetRL with verl and StreamRL in four different scenarios. Column (a) and (b) visualize the delay and
bandwidth of four scenario respectively; Column (c), (d), and (e) illustrate the PPO and GRPO throughput comparison respectively.

rithm. The performance gaps in the scenarios 2-4 are larger
due to the larger differences in network latencies and band-
widths between devices. While HetRL-Async is always
faster than HetRL-Sync, we observe that verl-Async is
sometimes slower than verl-Sync due to its unoptimized
scheduling in heterogeneous environments. Except for the
first scenario, StreamRL-Async achieves higher training
throughput than verl-Async because its scheduling algo-
rithm allows dividing GPU resources across data centers
into two groups and assigning them to actor generation and
the other tasks accordingly. The performance gaps between
HetRL and the baselines for PPO and GRPO are different,
mainly because GRPO does not have a critic model and
critic inference and training tasks.

5.3 Effectiveness of Load Balancing

This section conducts an ablation study on the effect of
load balancing. We evaluate the synchronous RL training of
Qwen 4B, 8B, and 14B using PPO and GRPO. As illustrated
in Figure 4, load balancing improves training throughput
by up to 12% in the Single-Region scenario and up to 18%
in the Cross-Region scenario, which confirms the effective-
ness of our load balancing strategies. Our performance
gains from load balancing is slightly smaller than related
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Figure 4. Effects of load balancing on synchronous RL training
across model sizes under Single- and Multi-Region scenarios.

work such as Metis (Um et al., 2024), which is 19∼22%.
The gap can be minimized by integrating more proposed
load balancing strategies into HetRL. In asynchronous RL
training, further improvements are not significant because
the resource scheduling between generation and training
determines the performance.
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Figure 5. Search efficiency comparison across scheduling algo-
rithms for training Qwen-8B with synchronous PPO.

5.4 Effectiveness of the Scheduling Algorithm

To evaluate the effectiveness of our proposed scheduling
algorithms, we compare their search efficiency against verl’s
scheduling algorithm and a standard evolutionary algorithm
implemented using DEAP (Fortin et al., 2012) for this prob-
lem. The experiments in this section are conducted on a dual-
socket server equipped with two 16-core AMD EPYC 9135
CPUs clocked at 3.65GHz, where either multi-threading or
multi-processing is employed depending on the experimen-
tal variant. Figure 5 shows that our proposed scheduling
algorithms significantly outperform verl’s scheduling algo-
rithm and DEAP. When HetRL (SHA-EA) and HetRL (ILP)
are given sufficient search budget (i.e., wall-clock time),
both approaches outperform verl due to their heterogeneity-
aware cost models, and outperform DEAP due to our pro-
posed design improvements. However, when the search bud-
get is limited, the plans obtained by HetRL (ILP) are worse
than those generated by verl, as the ILP-based scheduling
algorithm relies on exact solvers that can obtain optimal
solutions but incur high computational overhead. In compar-
ison, HetRL (SHA-EA) can efficiently identify near-optimal
plans that outperform other variants under different search
budgets and achieve comparable quality to those obtained
by HetRL (ILP) with one hour of search. For small-scale
settings (e.g., no more than 24 GPUs), HetRL (ILP) can
identify optimal solutions in less than three minutes, as
shown in Figure 6. Meanwhile, the performance gaps be-
tween the solutions obtained by HetRL (SHA-EA) and the
optimal solutions obtained by HetRL (ILP) are within 1%.
These results highlight the complementary strengths of the
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two approaches, enabling practical deployment across di-
verse settings by leveraging HetRL (SHA-EA) for efficient
search of near-optimal solutions at scale and HetRL (ILP)
for exact optimal solutions.

5.5 Validation of the Cost Model

We now turn to the validation of our analytical cost model,
illustrated in Figure 7. In the Single-Region scenario, the
iteration time prediction error of our cost model for RL
workloads is comparable to that of existing estimators for
pre-training workloads. However, in Multi-Region, Multi-
Country, and Multi-Continent scenarios, the prediction error
is slightly higher due to the increased complexity of RL
workloads. In addition, the current implementation of RL
weight updates in HetRL, directly derived from verl, is not
highly optimized and may be 100× slower (Licker et al.,
2025) than the performance upper bound estimated by an-
alytical cost models, further affecting prediction accuracy.
Recent SoTA implementations (Licker et al., 2025) reduce
this gap by leveraging point-to-point communication.
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5.6 Impact of GPU Heterogeneity

Training quality. Now we examine examine the impact
of GPU heterogeneity on training quality. We addition-
ally use Qwen3-1.7B-Base and the MATH-500 dataset, and
the rest experimental setup remains consistent with those
described in Section 5.1. Although potential precision is-
sues may arise when exchanging data across heterogeneous
GPUs, we observe that their impact is negligible for both
GRPO-Sync and GRPO-Async across different datasets, as
shown in Figures 8 and 9. For GRPO-Sync, data exchange
across heterogeneous GPUs occurs primarily within each
stage, whereas for GRPO-Async, it primarily occurs be-
tween stages (i.e., actor training and actor rollout). When
comparing by training steps, using heterogeneous GPUs
achieves comparable final validation accuracy. When com-
paring by wall-clock time, aggregating the computational
and memory capacities of heterogeneous GPUs enables sig-
nificantly faster convergence.

Training throughput. Our final set of experiments
evaluates how different systems perform under varying com-
binations of heterogeneous GPUs. HetRL outperforms verl
by 1.72∼4.33×/1.77∼3.42×/1.57∼3.33×/1.57∼3.03×
under PPO-Sync/GRPO-Sync/PPO-Async/GRPO-Async,
as shown in Figure 10. When leveraging the larger
memory capacity and more compute resources of het-
erogeneous GPUs (Figure 10(ALL GPUs)), HetRL
outperforms its deployments on limited homogeneous
GPUs (Figure 10(24*A100)) by 1.57∼2.0×. Due to
resource constraints, this set of experiments is limited to
the Single-Region scenario. However, the analysis results
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Figure 9. Training dynamics of Qwen3-1.7B-Base on MATH-500
with GRPO.

obtained from our cost model suggest that the observed
improvements can be extended to the rest three scenarios.

Figure 3(bottom three rows) and Figure 10(24×A100) show
that, by leveraging heterogeneous compute resources across
regions, HetRL achieves 1.09∼1.77× the throughput of
using only the limited homogeneous GPUs in a single region.
These results show that (1) HetRL effectively harnesses
heterogeneous compute resources to accelerate RL training;
and (2) when available homogeneous GPUs are limited,
using heterogeneous resources from the same region or even
across regions is a viable alternative.

6 LIMITATIONS AND DISCUSSION

GPU heterogeneity. Our evaluation only uses three dif-
ferent NVIDIA GPUs (Table 1) and relies on AWS OFI
NCCL (aws, 2025b) and AWS EFA (aws, 2025a) for inter-
node communication. HetRL has not yet been tested on
other NVIDIA GPU generations, GPUs from other ven-
dors, or other networking stacks. We adopt mainstream RL
algorithms without modification and focus our evaluation
on training throughput. For training quality, we use a rep-
resentative RL algorithm (GRPO), an open-source model
(Qwen3-1.7B-Base), and datasets (GSM8K and MATH-
500) for case studies. A comprehensive investigation of
the impact of potential precision issues arising from data
exchange across heterogeneous GPUs on convergence is left
for future work.

Cost-efficiency. This work studies accelerating RL training
with heterogeneous GPUs and network. GPU resource pric-
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Figure 10. Throughput comparison of HetRL and verl for training
Qwen-8B using different RL algorithms under varying combina-
tions of GPUs.

ing varies by vendor, region, and purchasing plan, and is
subject to adjustment and fluctuation over time. Therefore,
this paper does not include a cost-efficiency comparison.

Simplicity of the scheduling heuristic. Compared to non-
hybrid alternatives, the proposed hybrid scheduling algo-
rithm introduces additional complexity into HetRL. Below,
we discuss why these simpler alternatives cannot achieve
comparable performance as shown in Section 5.4, their con-
nections to our proposed hybrid scheduling algorithm, and
additional design considerations that complement Section 3.

• Pure SHA. Pure SHA is insufficient for our setting, as it
operates only on predefined arms (high-level decisions)
and cannot effectively construct overall plans in a large
combinatorial space. We therefore employ an EA to gen-
erate high-quality low-level plans under each high-level
decision rather than naive enumeration or sampling.

• Pure EA (DEAP). SHA-EA can be viewed as an EA
augmented with hierarchical statistical information from
SHA, enabling effective early termination of candidates
under unpromising high-level decisions. In contrast, pure
EA relies only on information from the current population,
without leveraging broader statistical signals.

• Pure ILP. An ILP formulation solved with standard solvers
is inefficient in our setting, as our analytical cost model in-
volves deeply nested min–max and max–max operations.

• SHA-ILP. While SHA can effectively prune unpromising
high-level decisions, using standard solvers for low-level
plan construction is impractical, as each arm requires GBs
of DRAM and minutes to initialize variables and enforce
constraints before solving the problem, especially when
the number of GPUs is moderate to large.

• Other combinations. SHA and EA are among the simplest
algorithms for search budget allocation and plan genera-
tion. Using other combinations in the same way does not
reduce design or implementation complexity.

Online redeployment. The current design and implemen-
tation of HetRL do not support online redeployment with
fine-grained adaptive mechanisms in highly dynamic envi-
ronments. Nevertheless, HetRL can accommodate medium-
granularity network variability by performing scheduling
before the end of the current iteration and during model
checkpointing, leveraging the checkpointing capabilities
provided by verl. The updated scheduling plan can then be
applied immediately after checkpointing.

Multi-tenancy. HetRL focuses on optimizing the deploy-
ment of a single RL training job. Efficiently scheduling mul-
tiple concurrent RL workloads, however, requires different
scheduling algorithms and corresponding system designs,
some of which are mentioned in Section 7.

7 RELATED WORK

Systems for RL training. A series of recent work has fo-
cused on optimizing RL training. (Hu et al., 2024; Yao et al.,
2023; Shen et al., 2024; Sheng et al., 2025) are pioneering
and popular RL training systems that focused on the design
of flexible and efficient programming models to support
diverse RL workflows when they were proposed, but have
continuously adopted system optimizations proposed by sub-
sequent research. RLHFuse (Zhong et al., 2025b) introduces
stage fusion strategies to improve GPU utilization for syn-
chronous RL training. (Noukhovitch et al., 2025) explores
trade-offs between training speed and quality in one-step
off-policy, asynchronous RL training and AReaL (Fu et al.,
2025) proposes staleness-aware asynchronous RL training.
(Wu et al., 2025a; Han et al., 2025; Zhong et al., 2025a) pro-
vides optimized system support for asynchronous RL train-
ing by minimizing bubbles caused by task dependencies.
StreamRL (Zhong et al., 2025a) confirms the benefits of RL
training on cross-data heterogeneous GPUs, but has strict
limitations on the heterogeneity of computing resources.
Distinct from existing systems, HetRL is the first system
tailored for RL training in heterogeneous environments.

Heterogeneity-aware LLM training and serving. There
are plenty of recent efforts have investigated on the de-
ployment of LLM serving and training on heterogeneous
GPUs and networks. ThunderServe (Jiang et al., 2025)
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formulates heterogeneity-aware LLM serving as job shop
scheduling problem and adopts tabu search to identify highly
optimized deployment plan. HexGen (Jiang et al., 2024b)
and Helix (Mei et al., 2025) formulates the problem as a
maxflow problem and adopts evolutionary algorithm and
mixed integer linear programming algorithm, respectively.
For heterogeneity-aware LLM training, DTFM (Yuan et al.,
2022) formulates it as graph partition problem and also
adopt evolutionary algorithm. Metis (Um et al., 2024)
considers the deployment on heterogeneous GPUs and ho-
mogeneous networks and also adopts depth-first search.
Sailor (Strati et al., 2025) and ThunderServe (Jiang et al.,
2025) further study fault tolerance and elasticity issues
in geo-distributed LLM training and serving and propose
heuristic lightweight re-scheduling algorithms. These sys-
tems are targeted for single-model or single-task deploy-
ments, but their scheduling optimizations can be integrated
as subcomponents into our scheduling algorithm based on
the multi-level search framework and successive halving.
Our work shares a similar vision in improving the utilization
of geo-distributed heterogeneous GPU resources, but this is
the first attempt to tailor a system for RL workflows involv-
ing multiple models and tasks with complex computational
and data dependencies.

Resource scheduling for DL jobs in multi-tenant clusters.
There are a lot of research on the scheduling optimization
for multiple models and multiple tasks. Gandiva (Xiao et al.,
2018) explores opportunities for co-locating jobs on the
same GPU(s) via temporal sharing, where AntMan (Xiao
et al., 2020) and GSLICE (Dhakal et al., 2020) colocates
traditional DL jobs via spatial sharing. Extending HetRL
with optimizations for multi-tenant cluster scheduling is a
promising direction for future work.

8 CONCLUSION

In this paper, we explore the opportunity to deploy RL train-
ing in infrastructures with heterogeneous GPU models and
network characteristics. Toward this end, we present HetRL,
a distributed system tailored for such deployments, equipped
with (1) a hybrid scheduling algorithm that partitions RL
workflows into tasklets, assigns them to heterogeneous com-
puting resources, and efficiently identifies near-optimal so-
lutions, and (2) an ILP-based scheduling algorithm for ob-
taining optimal solutions. Our empirical studies suggest
that HetRL achieves up to 9.17× higher throughput than
SoTA RL training systems under various workloads and
settings, demonstrating the effectiveness of our scheduling
algorithms and system optimizations.
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survey of reinforcement learning from human feedback.
Trans. Mach. Learn. Res., 2025, 2025. URL https:
//openreview.net/forum?id=f7OkIurx4b.

Kwon, W., Li, Z., Zhuang, S., Sheng, Y., Zheng, L., Yu,
C. H., Gonzalez, J., Zhang, H., and Stoica, I. Efficient
memory management for large language model serving
with pagedattention. In Flinn, J., Seltzer, M. I., Druschel,
P., Kaufmann, A., and Mace, J. (eds.), Proceedings of the

https://doi.org/10.1145/3419111.3421284
https://doi.org/10.1145/3419111.3421284
https://doi.org/10.48550/arXiv.2505.24298
https://doi.org/10.48550/arXiv.2505.24298
https://doi.org/10.1145/3597503.3639232
https://doi.org/10.1145/3597503.3639232
https://doi.org/10.48550/arXiv.2507.01663
https://doi.org/10.48550/arXiv.2507.01663
https://www.usenix.org/conference/atc25/presentation/he-yongjun
https://www.usenix.org/conference/atc25/presentation/he-yongjun
http://www.complex-systems.com/abstracts/v01_i03_a06.html
http://www.complex-systems.com/abstracts/v01_i03_a06.html
http://www.complex-systems.com/abstracts/v01_i03_a06.html
https://doi.org/10.48550/arXiv.2405.11143
https://doi.org/10.48550/arXiv.2405.11143
https://proceedings.neurips.cc/paper/2019/hash/093f65e080a295f8076b1c5722a46aa2-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/093f65e080a295f8076b1c5722a46aa2-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/093f65e080a295f8076b1c5722a46aa2-Abstract.html
http://proceedings.mlr.press/v51/jamieson16.html
http://proceedings.mlr.press/v51/jamieson16.html
http://proceedings.mlr.press/v51/jamieson16.html
https://proceedings.mlr.press/v235/jiang24f.html
https://proceedings.mlr.press/v235/jiang24f.html
https://doi.org/10.48550/arXiv.2502.09334
https://doi.org/10.48550/arXiv.2502.09334
https://openreview.net/forum?id=f7OkIurx4b
https://openreview.net/forum?id=f7OkIurx4b


HetRL: Efficient RL for LLMs in Heterogeneous Environments

29th Symposium on Operating Systems Principles, SOSP
2023, Koblenz, Germany, October 23-26, 2023, pp. 611–
626. ACM, 2023. doi: 10.1145/3600006.3613165. URL
https://doi.org/10.1145/3600006.3613
165.

Lambert, N., Morrison, J., Pyatkin, V., Huang, S., Ivison,
H., Brahman, F., Miranda, L. J. V., Liu, A., Dziri, N., Lyu,
S., Gu, Y., Malik, S., Graf, V., Hwang, J. D., Yang, J.,
Bras, R. L., Tafjord, O., Wilhelm, C., Soldaini, L., Smith,
N. A., Wang, Y., Dasigi, P., and Hajishirzi, H. Tülu 3:
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A PROOF OF PROPOSITION 1
We follow the notation in Section 3.1.

Proof. We prove NP-hardness for the abstract formulation
in Section 3.1 via a theoretical reduction from the balanced
graph partitioning problem, by constructing a specific in-
stantiation of the objective function C. This construction of
the objective function is used solely for complexity analysis.
In contrast, the cost model introduced in Appendix B is
designed to capture execution behavior in practical systems.

Given an instance of balanced graph partitioning on a
weighted undirected graph H = (U,F ) where |U | = k · s,
the goal is to partition U into k disjoint subsets of equal
size s while minimizing the cut weight. The balanced graph
partitioning problem is NP-hard.

We construct a restricted instance of the abstract formulation
in Section 3.1. Consider a single RL task with a fixed
partitioning strategy (TP,DP, PP ) = (t, d, p) such that
t · d · p = |U |. This yields |VL| = |U | tasklets, leaving only
the assignment σ : VL → VD as the decision variable.

We create |VD| = |U | devices and partition them into d dis-
joint groups (islands), each containing t · p devices. Let
k := d and s := t · p, so that k · s = |U |. We set
Mworking(l) = 0, Mmodel(l) = 1, and Mgpu(d) = 1 for all
tasklets and devices. Then, by constraints (C2) and (C3),
each device hosts exactly one tasklet.

We establish a bijection between vertices u ∈ VD and
tasklets lu ∈ VL. For each edge (u, v) ∈ F with weight
wuv, we define the communication cost as 0 if lu and lv
are assigned to the same island, and wuv otherwise. The
objective of the constructed instance is defined as the total
communication cost over all edges in F .

Under this construction, any assignment σ induces a bal-
anced partition ofU into k subsets of size s, and its objective
value equals the cut weight of the partition. Conversely, any
balanced partition yields a feasible assignment with the
same objective value.

Therefore, the reduction is polynomial-time, and the con-
structed objective matches the cut weight of the induced
partition. Hence, the restricted scheduling problem is NP-
hard. Since this restricted problem is a special case of the
abstract scheduling problem in Section 3.1, the general prob-
lem is also NP-hard.

B COST MODELING

In this section, we first model computational and commu-
nication costs of the main components involved in training
and serving transformer models. Then we model the cost of
the main tasks involved in RL training. Finally, we model

the end-to-end cost for different RL training algorithms.

Since the modeling of memory cost is independent of device
and network attributes, we simply follow prior work (Sheng
et al., 2025; Zheng et al., 2022) and ensure that the tasklets’
memory footprint fits on every assigned device.

B.1 Notation

We extend the notation in Section 3 for device topology
graph. Let GD = (VD, ED, comp,mem,hbm,A,B)
denote the device topology graph of heterogeneous en-
vironments, where VD = {d1, . . . , dN} are a set of N
devices and ED = VD × VD are communication chan-
nels between devices. For each device d, the computa-
tion capability, memory capacity, and HBM bandwidth are
compd,memd,hbmd ∈ R+. Collect them into vectors
comp,mem,hbm ∈ RN+ . Each edge ed,d′ is labeled with
latency αd,d′ and bandwidth βd,d′ , where αd,d′ , βd,d′ ∈ R+.
Let A,B ∈ RN×N+ be the corresponding matrices.

We extend the notation in Section 3 for tasklet graph. Let
GL

t
i,j = (VL

t
i,j , EL

t
i,j) denote the subgraph constructed

by the set of tasklets of the j-th pipeline stage of the i-th
replica in the t-th task. Let GD

t
i,j = (VD

t
i,j , ED

t
i,j) be

the subgraph constructed by the set of devices assigned to
these tasklets and we have σ(VLti,j) = VD

t
i,j . Similarly, let

GL
t
j,k = (VL

t
j,k, EL

t
j,k) denote the subgraph constructed

by the set of tasklets of the k-th tensor shards of the j-th
pipeline stage in the t-th task and GD

t
j,k = (VD

t
j,k, ED

t
j,k)

denote the assigned devices.

Now we introduce other required notation. Let ht1, h
t
2, nl

t

be the hidden size, the intermediate size, and number of
layers of the LLM of the t-th task. Let nltj ,TP

t
j be number

of layers and TP degree in j-th pipeline stage of the t-th task.
Let seqin and seqout denote the maximum sequence lengths
of the input prompts and output responses. Let mbs, nm de-
note micro-batch size and number of micro-batches. Please
note that we have preprocessed nm based on the number of
responses generated per prompt, the data parallelism degree.
Let BBF16, BFP32 be the data sizes of the BF16 and FP32
data types. Let ring denote a function that returns the set
of all feasible ring graphs of given devices. For brevity, we
have omitted the vocabulary and token embeddings in the
cost model, but they are included in our actual implementa-
tion.

B.2 Modeling component-level computation and
communication costs.

Tensor parallelism communication. The communication
volume transferred between a pair of neighboring GPUs in
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GD
t
i,j per all-reduce during TP can be estimated by:

cvtp(t, i, j) = BBF16 ·mbs · (seqin + seqout) · ht1

·
2 · (TPtj − 1)

TPtj

The TP communication cost of forward passes for GL
t
i,j

can be estimated by:

Ctp(t, i, j) = 2 · nm · nltj

· min
r∈ring(GD

t
i,j)

max
ed,d′∈r

(αd,d′ +
cvtp(t, i, j)

βd,d′
)

If recomputation is enabled, the TP communication cost
of both forward and backward passes for GL

t
i,j can be

estimated by:

Ctp(t, i, j) = 6 · nm · nltj

· min
r∈ring(GD

t
i,j)

max
ed,d′∈r

(αd,d′ +
cvtp(t, i, j)

βd,d′
)

The overall TP communication cost can be estimated by:

Cttp = max
i,j

Ctp(t, i, j)

Pipeline parallelism communication. The communication
volume transferred between the j-th and j + 1-th pipeline
stages per micro-batch during PP can be estimated by:

cvpp(t, i, j) = BBF16 ·mbs · (seqin + seqout) · ht1
The PP communication cost of forward passes between
GL

t
i,j and GL

t
i,j+1 can be by:

Cpp(t, i, j) = nm

· min
d∈VD

t
i,j ,d

′∈VD
t
i,j+1

(αd,d′ +
cvpp(t, i, j)

βd,d′
)

The PP communication cost of both forward and backward
passes between GL

t
i,j and GL

t
i,j+1 can be estimated by:

Cpp(t, i, j) = 2 · nm

· min
d∈VD

t
i,j ,d

′∈VD
t
i,j+1

(αd,d′ +
cvpp(t, i, j)

βd,d′
)

The overall PP communication cost can be estimated by:

Ctpp = max
i,j

Cpp(t, i, j)

Data parallelism communication. The communication
volume transferred between a pair of neighboring GPUs in
GD

t
j,k per all-reduce during DP can be estimated by:

cvdp(t, j, k) = BBF16 · nltj · (4 · ht1
2
+ 3 · ht1 · ht2)

·
2 · (|VLtj,k| − 1)

|VLtj,k| · TP
t
j

The DP communication cost for GD
t
j,k per iteration can be

estimated by:

Cdp(t, j, k) = min
r∈ring(GD

t
j,k)

max
ed,d′∈r

(αd,d′ +
cvdp(t, j, k)

βd,d′
)

The overall DP communication cost can be estimated by:

Ctdp = max
j,k

Cdp(t, j, k)

Computation. The computational cost of a transformer
layer per forward pass per sample can be estimated by:

Cqkvo proj
comp (t, i, j, k) = 2 · 4 · (seqin + seqout) · ht1

2

Cattn
comp(t, i, j, k) = 2 · 2 · (seqin + seqout)

2 · ht1
Cmlp

comp(t, i, j, k) = 2 · 3 · (seqin + seqout) · ht1 · ht2
C layer

comp(t, i, j, k) = Cqkvo proj
comp + Cattn

comp + Cmlp
comp

The computation cost of forward passes for lti,j,k on device
d = σ(lti,j,k) can be estimated by:

Ccomp(t, i, j, k) = nm ·mbs · nltj ·
C layer

comp

compd · TPtj

The computation cost of both forward and backward passes
for lti,j,k on device d = σ(lti,j,k) can be estimated by:

Ccomp(t, i, j, k) = 3 · nm ·mbs · nltj ·
C layer

comp

compd · TPtj

The computation cost for GL
t
i,j can be estimated by:

Ccomp(t, i, j) = max
k

Ccomp(t, i, j, k)

The overall computation cost can be estimated by:

Ctcomp = max
i,j

Ccomp(t, i, j)

Please note that here we set seqout to 0 in the estimation for
the actor generation task.

Pipeline bubbles. The cost of pipeline bubbles for the i-th
replica can be estimated by:

Cbubble(t, i) =
∑
j ̸=0

Ccomp(t, i, j) + Ctp(t, i, j) + Cpp(t, i, j)

nm

The overall cost of pipeline bubbles can be estimated by:

Ctbubble = max
i
Cbubble(t, i)
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Decoding (HBM-bandwidth bound). The hbm cost for
lti,j,k on device d = σ(lti,j,k) can be estimated by:

Chbm(t, i, j, k) = seqout · nm ·mbs

·
BBF16 · nltj · (4 · ht1

2
+ 3 · ht1 · ht2)

dbsd · hbmd · TPtj
,

where dbsd is the decoding batch size of the LLM serving
engine deployed on device d. The hbm cost for the i-th
replica can be estimated by:

Chbm(t, i) = max
j,k

Chbm(t, i, j, k)

The overall hbm cost can be estimated by:

Cthbm = max
i
Chbm(t, i)

Resharding. The communication volume for all-gather
during model resharding between a pair of neighboring
GPUs in the i-th model replica group of the actor training
task t can be estimated by:

cvall−gather(t, i) = BBF16 · nlt · (4 · ht1
2
+ 3 · ht1 · ht2)

· |VL
t
i| − 1

|VL
t
i|

The all-gather cost for GD
t
i per iteration can be estimated

by:

Call−gather(t, i) = min
r∈ring(VD

t
i)

max
ed,d′∈r

(αd,d′ +
cvall−gather(t, i)

βd,d′
)

The naive overall model resharding cost required for syn-
chronous RL training can be estimated by:

Creshard = max
i
Call−gather(t, i)

Synchronization. The communication volume for all-
gather during weight synchronization between a pair of
neighboring GPUs in the i-th model replica group of actor
training task t can be estimated by:

cvall−gather(t, i) = BBF16 · nlt · (4 · ht1
2
+ 3 · ht1 · ht2)

· |VL
t
i| − 1

|VL
t
i|

The all-gather cost for GD
t
i per iteration can be estimated

by:

Call−gather(t, i) = min
r∈ring(VD

t
i)

max
ed,d′∈r

(αd,d′ +
cvall−gather(t, i)

βd,d′
)

The communication volume for broadcast during weight
synchronization between a pair of neighboring GPUs in the
i′-th model replica group of actor generation task t′ can be
estimated by:

cvbroadcast(t
′, i′) = BBF16 · nlt

′
· (4 · ht

′

1

2
+ 3 · ht

′

1 · ht
′

2 )

· |VL
t
i| − 1

|VL
t
i|

The broadcast cost for GD
t′

i′ per iteration can be estimated
by:

Cbroadcast(t
′, i′) = min

r∈ring(VD
t′
i′ )

max
ed,d′∈r

(αd,d′ +
cvall−gather(t

′, i′)

βd,d′
)

The communication volume for naive point-to-point com-
munication during weight synchronization between a GPU
assigned to actor training task t and another GPU assigned
to actor generation task t′ can be estimated by:

cvp2p(t, t
′) = BBF16 · nlt · (4 · ht1

2
+ 3 · ht1 · ht2)

The point-to-point communication cost for GD
t′

i′ per itera-
tion can be estimated by:

Cp2p(t, t
′) = min

d∈|V t
D|,d′∈|V t′

D |
(αd,d′ +

cvp2p(t
′, i′)

βd,d′
)

The naive overall weight synchronization cost required for
synchronous RL training can be estimated by:

Csync =min
i
Call−gather(t, i) + max

i′
Cbroadcast(t

′, i′)

+ Cp2p(t, t
′)

B.3 Modeling task-level costs.

One can simply add up the overall costs provided by the
above equations for estimation. However, for more fine-
grained estimates, the cost models are as follows:

Generation. The cost of generation task can be estimated
by:

Ψgen(Ctcomp, C
t
tp, C

t
pp, C

t
hbm)

= max
i

(max
j

(Ccomp(t, i, j) + Ctp(t, i, j)

+ Cpp(t, i, j) + Chbm(t, i, j)))

Inference. The cost of inference tasks can be estimated by:

Ψinf(Ctcomp, C
t
tp, C

t
pp)

= max
i

(max
j

(Ccomp(t, i, j) + Ctp(t, i, j)

+ Cpp(t, i, j)))
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Training. The cost of training tasks can be estimated by:

Ψtrain(Ctcomp, C
t
tp, C

t
pp, C

t
dp, C

t
bubble)

= max
i

(max
j

(Ccomp(t, i, j) + Ctp(t, i, j)

+ Cpp(t, i, j)) + Cbubble(t, i)) + Ctdp

For load balancing strategies, one can tune seqin,mb, nl
t
j

during cost modeling.

B.4 Modeling end-to-end costs.

Let C1:6(·) denote the cost models of actor generation, re-
ward inference, reference inference, critic inference, actor
training, and critic training, respectively, and Φ(·) denotes
the cost of the tasks without dependencies which can be
defined as

Φ({Ct}) = max
t
Ct + (1− η)

(∑
t

Ct −max
t
Ct

)
,

η ∈ [0, 1],

where the coefficient η parameterizes the level of task paral-
lelism (0: sequential; 1: fully parallel; else: partial).

The cost mode of t-th task is given by:

Ct =


Ψgen(Ctcomp, C

t
hbm, C

t
tp, C

t
pp), t = 1,

Ψinf(Ctcomp, C
t
tp, C

t
pp), t ∈ {2, 3, 4},

Ψtrain(Ctcomp, C
t
tp, C

t
pp, C

t
dp,

Ctbubble), t ∈ {5, 6},

Finally, the cost of different RL training algorithms can be
estimated as below:

Synchronous PPO.

CSyncPPO = C1 +Φ({C2, C3, C4}) + Φ({C5, C6})
+ Creshard

Asynchronous PPO.

CAsyncPPO = max(C1,Φ({C2, C3, C4})+
Φ({C5, C6})) + Csync

Synchronous GRPO.

CSyncGRPO = C1 +Φ({C2, C3}) + C6 ++Creshard

Asynchronous GRPO.

CAsyncGRPO = max(C1,Φ({C2, C3}) + C6) + Csync


