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Abstract
As large neural network models (e.g., LLMs) grow in scale,

single-cluster resources become insufficient, making cross-

cluster distributed training essential. Cross-cluster training

is challenging: hardware heterogeneity complicates load bal-

ancing and parallelization strategy and introduces hardware

compatibility issues in implementation; cross-cluster com-

munication bottlenecks severely impact training throughput.

We present HetAuto, an automatic parallelization system for

efficient cross-cluster heterogeneous large model training.

HetAuto contributes three key innovations: (1) a principle-

guided MCTS algorithm with a random forest-enhanced cost

model that efficiently searches parallelization strategies and

quickly evaluates their performance under heterogeneous

configurations; (2) cross-cluster communication optimiza-

tions including Virtual-1F1B scheduling that overlaps com-

munication with computation and an optimized resharding

strategy for inter-stage communication; and (3) a unified

API enabling seamless integration of diverse accelerators.

We evaluate HetAuto across 4 different clusters with up to

736 heterogeneous devices. The evaluation results show that

HetAuto achieves up to 1.57× training throughput improve-

ment over representative baselines, and strikes an efficient

balance between solution quality and search overhead.

CCS Concepts: • Computingmethodologies→Machine
learning.
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1 Introduction
The rapid advancement of large-scale models has funda-

mentally transformed the landscape of artificial intelligence,

with models demonstrating unprecedented capabilities [14,

53, 65]. As these models continue to grow in scale and com-

plexity, single-cluster resources often become insufficient

for training [3, 45]. This insufficiency arises from two pri-

mary factors: (1) the absolute computational demands may

exceed individual cluster’s capacities; (2) production clus-

ters typically serve multiple concurrent workloads, often

not able to allocate the entire cluster to a single training

job. In such scenarios, the alternative is often not being

able to train at all rather than training on a single homo-

geneous cluster. Meanwhile, hardware heterogeneity arises

naturally from several practical factors [9, 10, 45, 62] (drawn

from both literature and our industrial experience): (a) in-

cremental hardware upgrades — data centers progressively

acquire newer accelerators (e.g., from NVIDIA Ampere [49]

to Hopper [50] generations) while retaining existing ones; (b)

procurement constraints — simultaneously acquiring large

amounts of identical high-end GPUs is often infeasible due

to supply chain limitations, driving the adoption of alterna-

tive accelerators such as AWS Trainium [18, 21]; and (c) cost

optimization — mixing accelerator types with different price-

performance ratios can reduce the total cost of ownership.

These factors make cross-cluster heterogeneous training not

merely a theoretical concern but a practical necessity.
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Cross-cluster heterogeneous training presents unique op-

portunities and challenges. Organizations can aggregate com-

putational resources from multiple data centers to achieve

better resource utilization in learning larger capacity models.

However, several fundamental challenges must be addressed

to achieve efficient training.

Challenge #1: Set Complex Parallelization Strategies.
The parallelization strategies to run distributed training sig-

nificantly impact training performance, as suboptimal strate-

gies often lead to substantial throughput degradation com-

pared to optimal configurations [41, 74]. Traditionally, prac-

titioners rely on manual tuning based on expert knowledge

and empirical rules to configure hybrid parallelisms includ-

ing data parallelism (DP) [22], tensor parallelism (TP) [61],

pipeline parallelism (PP) [24, 47], and context parallelism

(CP) [28, 42]. This manual approach suffers from several

critical limitations: it requires deep domain expertise that is

scarce and expensive, the tuning process is time-consuming

and error-prone, and the resulting configurations are of-

ten not transferable across different model architectures or

hardware setups [35, 48, 61]. In cross-cluster heterogeneous

environments, manual parallelization becomes practically

infeasible due to the dramatically expanded solution space.

Different clusters exhibit varying computational capabilities,

memory configurations, and network topologies, making

expert intuition insufficient for navigating the combinatori-

ally complex optimization landscape. Automatic paralleliza-

tion systems have been proposed for single-cluster training

[41, 64, 74, 76]. However, they face scalability and optimality

trade-offs when applied to large-scale heterogeneous clus-

ters. The search space grows exponentially with the model

size and the number of devices and their heterogeneity, while

current approaches either rely on exhaustive search methods

that become computationally prohibitive [44, 64, 66, 74, 76],

or use overly simplified search spaces that frequently lead

to suboptimal solutions [30, 38, 41, 67, 70, 73].

Challenge #2: Counter Cross-Cluster Communication
Bottlenecks. Inter-cluster communication typically suffers

from higher latency and lower bandwidth compared to intra-

cluster communication [62]. Unlike high-speed intercon-

nects within clusters (e.g., InfiniBand), cross-cluster links

often rely on standard network infrastructure, creating per-

formance bottlenecks that can dominate training time. More

critically, cross-cluster communication bottlenecks funda-

mentally complicate training parallelization strategy design.

Previous homogeneous auto-parallelism systems largely rely

on a key simplifying assumption: the entire computation

graph can be partitioned into independent pipeline stages,

with each stage optimized separately [44, 64, 74]. This as-

sumption is valid in homogeneous clusters because inter-

stage communication overhead is negligible compared to

intra-stage computation and communication costs, enabling

significant search space reduction since each sub-graph/stage

has a much smaller solution space than the complete graph.

However, this independence assumption breaks down in

cross-cluster heterogeneous settings. When pipeline stages

are connected via cross-cluster links, inter-stage communi-

cation incurs substantial overhead that cannot be ignored.

Crucially, the intra-parallelism configuration of each stage

directly affects the volume and pattern of cross-cluster com-

munication between stages. For instance, different intra-

parallelism degrees (i.e., DP, CP, TP degrees) in adjacent

stages lead to different volumes of data resharding across

stages. This interdependence indicates that stages can no

longer be optimized independently — the auto-parallelism

system must explore the complete search space of the en-

tire computation graph, leading to exponential complexity

growth with graph scale.

Challenge #3: Handle Hardware Compatibility and
Unified Interface Requirements. Different clusters may

well contain accelerators from various vendors, each requir-

ing distinct software stacks. For instance, NVIDIA GPUs

utilize CUDA and NCCL, while other accelerators rely on

vendor-specific runtime environments and communication

libraries [1, 2, 25, 26]. This hardware heterogeneity creates

engineering challenges beyond simple compatibility issues.

From a system design perspective, practitioners need a uni-

fied programming interface that abstracts vendor-specific

details while preserving optimized performance. Without

such unification, users must maintain separate codebases for

each hardware type, learn multiple programming paradigms,

and manually coordinate different communication proto-

cols — an approach that is neither scalable nor practical for

large-scale deployments. Achieving true hardware abstrac-

tion requires intelligent mapping of high-level operations

to hardware-specific optimizations, automatic selection of

appropriate communication backends, and dynamic adapta-

tion to mixed-hardware environments. This necessitates a

comprehensive framework that provides both user-friendly

interfaces and efficient cross-platform execution capabilities.

To address these challenges, we present HetAuto, an au-

tomatic parallelization system designed for efficient cross-

cluster heterogeneous distributed training of large models.

HetAuto makes three key technical contributions:

⊲ Intelligent and Efficient Parallelization Strategy
Search: We develop a principle-guided Monte Carlo Tree

Search (MCTS) algorithm that efficiently navigates the expo-

nentially large search space through domain-informed prun-

ing strategies. Our approach incorporates four key principles

that dramatically reduce search complexity while preserving

solution quality, and leverages MCTS to strategically bal-

ance exploration of new solution regions with exploitation

of promising solutions, enabling efficient discovery of high-

quality parallelization strategies without exhaustive enumer-

ation. Additionally, we introduce a novel hybrid cost model

that combines analytical modeling with machine learning
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techniques. It strikes a balance between computational ef-

ficiency and prediction accuracy by using random forest

models to capture hardware-specific performance character-

istics, while leveraging theoretical analysis for communica-

tion overhead estimation.

⊲ Cross-Cluster Communication Optimization: We

propose Virtual-1F1B scheduling that conceptually treats

cross-cluster communication as virtual pipeline stages, en-

abling effective overlap between communication and com-

putation to mitigate bandwidth bottlenecks. Our approach

decomposes cross-cluster transfers into device-to-host copy,

cross-cluster P2P transfer, and host-to-device copy opera-

tions, seamlessly integrating with existing pipeline schedul-

ing strategies. We further introduce an optimized resharding

strategy that minimizes inter-stage communication overhead

through intelligent tensor layout transformation, balancing

network utilization and memory efficiency in heterogeneous

cluster environments.

⊲ Unified Hardware Abstraction: We implement an

abstraction layer that enables seamless integration and co-

ordination of diverse accelerators by providing automatic

hardware detection and operation routing. Our abstraction

layer sits above the existing vendor software stacks, auto-

matically selecting appropriate backends while maintaining

unified PyTorch APIs. This approach enables practitioners

to deploy the same training code across heterogeneous hard-

ware configurations without manual backend specification

or conditional compilation.

We evaluate HetAuto across four heterogeneous clusters

with up to 736 devices, demonstrating up to 1.57× training
throughput improvements and low strategy search overhead.

Our extensive experiments confirm the satisfactory predic-

tion accuracy of our random forest-enhanced cost model,

with one-time profiling overhead of 8-20 minutes per cluster.

We show that Virtual-1F1B scheduling achieves 1.68-1.84×
improvements in training iteration latency compared to stan-

dard 1F1B scheduling, and our optimized resharding strategy

further reduces communication overhead. HetAuto source

code is available at https://github.com/Guicheng-Qi/HetAuto.

2 Background and Motivation
2.1 Distributed Training Parallelization Strategies
Modern large-scale model training relies on sophisticated

combinations of parallelization strategies to achieve scalabil-

ity and efficiency. Data parallelism [22] replicates the model

across devices, each processing a different data batch. Ten-

sor parallelism [61] partitions individual operations across

devices for fine-grained parallel computation. Pipeline paral-

lelism [24, 47] divides models into sequential stages across

devices for pipelined processing. Context parallelism [28, 42]

distributes long sequences among devices along the sequence

dimension. Manual configuration of these strategies requires

deep expertise and extensive trial-and-error experimenta-

tion. Practitioners must navigate complex trade-offs between

computation efficiency, memory utilization, and communica-

tion overhead while considering model architecture specifics

and hardware characteristics.

2.2 The Complexity of Cross-Cluster Heterogeneous
Training

Cross-cluster heterogeneous training involves distributing

model training across multiple separated clusters with po-

tentially different hardware configurations. We target sce-

narios where multiple distributed clusters are connected

with limited inter-cluster bandwidth, with each cluster being

homogeneous internally (hosting devices of a single hard-

ware type) while the clusters may use different device types,

varying numbers of devices, and distinct software stacks.

2.2.1 Exponential Search Space in Heterogeneous En-
vironments. The search space for optimal parallelization

strategies of training a large model over heterogeneous clus-

ters exhibits exponential complexity that stems from multi-

ple dependent combinatorial decisions.

Graph Partitioning Complexity. For pipeline parallelism,

the system must partition the model computational graph

into pipeline stages. For a computational graph with𝑂 opera-

tors, the number of possible ways to partition these operators

into 𝑝 pipeline stages is

(
𝑂−1
𝑝−1

)
. Even with domain-specific

simplifications (such as restricting partitions to layer bound-

aries in transformer models), the combinatorial explosion

remains substantial for large models (which is often the case

for cross-cluster training).

Device Mesh Allocation Complexity. Each pipeline stage

requires allocation of device meshes from available clusters.

A device mesh is a logical 2D arrangement of devices where

devices share uniform compute capabilities within the mesh

and consistent communication performance along each di-

mension. In homogeneous settings, this involves selecting

the device mesh shape from a single device pool. In heteroge-

neous cross-cluster environments, the complexity explodes

due to two factors: (1) Device type combinations: each stage

can utilize devices from different clusters; (2) Device mesh

shape selection: for each device type, the system must deter-

mine the corresponding device mesh shape. With 𝐶 hetero-

geneous clusters, each stage can choose from𝑂 (2𝐶 ) possible
device type combinations, with mesh shape selection for

each device type following an established 𝑁 + log𝑀 com-

plexity [74], where N represents the maximum number of

nodes and M represents the maximum number of devices per

node. This complexity arises from the preference hierarchy

of device allocation: within a single node, devices are allo-

cated in power-of-two increments (1, 2, 4, . . . , 𝑀); expanding
to multiple nodes adds N options, yielding configurations

like (1, 1), (1, 2), . . . , (1, 𝑀), (2, 𝑀), . . . , (𝑁,𝑀).
Intra-Parallelism Strategy Selection. Within each allo-

cated device mesh for each pipeline stage, the system must

determine optimal data parallelism (DP), tensor parallelism

https://github.com/Guicheng-Qi/HetAuto
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(TP), and context parallelism (CP) degrees. The number of

valid parallelism combinations for a mesh of size 𝑁 × 𝑀

is 𝑑3 (𝑁 ×𝑀), where 𝑑3 (𝑛) denotes the number of ways to

write 𝑛 as an ordered product of three positive integers, cor-

responding to DP, CP, TP degrees.

Compounded Exponential Growth. The above three sets
of decisions combine multiplicatively, creating a search space

of exponential complexity. For example, training an 80-layer

Llama model across three clusters (256+256+512 devices) re-

sults in over 10
110

possible parallelism configurations, mak-

ing exhaustive exploration computationally impossible (see

Appendix A for detailed analysis). Existing auto-parallelism

approaches like Alpa [74] already require hours for comput-

ing parallelization strategies of a 32-device homogeneous

cluster. The heterogeneous cross-cluster setting increases

this complexity by orders of magnitude, rendering current

approaches impractical for realistic deployments.

2.2.2 Communication Hierarchy and Pipeline Stage
Interdependence. Cross-cluster training introduces a fun-

damental two-tier communication hierarchy that breaks key

assumptions of existing auto-parallelism methods. Within

clusters, devices communicate via high-bandwidth intercon-

nects such as NVLink (e.g., 300-600 GB/s for NVLink 3.0/4.0)

and InfiniBand (e.g., 100-400 Gb/s). Between clusters, commu-

nication relies on standard networking infrastructure with

significantly lower bandwidth (typically 10-100 Gb/s) and

higher latency. This hierarchy invalidates the stage inde-

pendence assumption that enables scalable optimization in

homogeneous settings. Previous homogeneous-cluster auto-

parallelism approaches [44, 64, 74] decompose the problem

by assuming pipeline stages can be optimized independently,

reducing search complexity from 𝑂 (𝑆𝑝 ) to 𝑂 (𝑆 · 𝑝) where 𝑆
is the size of the strategy space per stage and 𝑝 is the number

of stages. However, when pipeline stages span clusters, their

parallelism configurations become tightly coupled through

cross-cluster communication requirements. For example, if

stage 𝑖 uses TP degree 8 while stage 𝑖 + 1 uses TP degree 2

and the two stages are on two different clusters, the system

must perform expensive tensor resharding across the low-

bandwidth inter-cluster link. The communication volume

and pattern depend critically on both stages’ configurations,

creating interdependencies that force exploration of the full

𝑂 (𝑆𝑝 ) search space.

2.2.3 Hardware Diversity and Integration Challenges.
Heterogeneous clusters present integration challenges that

extend beyond simple performance differences. Each accel-

erator type requires distinct software stacks: NVIDIA GPUs

use CUDA kernels and NCCL for collective communication

[51], while other accelerators require vendor-specific run-

time environments and communication libraries [1, 2, 25, 26].

These software stack differences create development and

maintenance complexities. While different hardware types

can communicate through host-based backends like Gloo

[17], practitioners currently face the burden of maintaining

separate codebases for each hardware type. This includes

writing hardware-specific operator implementations, manag-

ing different memory allocation patterns, and manually coor-

dinating communication backends. Without unified abstrac-

tion, supporting 𝐻 hardware types requires practitioners to

maintain 𝐻 separate codebases, each with hardware-specific

optimizations and communication logic. This fragmented

development approach increases maintenance overhead and

hinders the adoption of cross-cluster heterogeneous training.

2.3 Limitations of Existing Auto-Parallelism
Approaches

While auto-parallelism has been useful in distributed train-

ing, existing approaches face fundamental scalability and

optimality trade-offs that become prohibitive in cross-cluster

heterogeneous environments.

Exhaustive Search Lacks Scalability.Methods like Alpa

[74], Piper [64], Galvatron [44], Mist [76], and Metis [66] em-

ploy dynamic programming or exhaustive enumeration to

find optimal parallelism solutions. While they can guarantee

optimality in small-scale settings, they become computation-

ally intractable when facing the exponential search spaces of

cross-cluster heterogeneous environments. Even with opti-

mization techniques, these methods require hours for modest

cluster sizes and cannot scale to the 10
110

-scale search spaces

we identified (see Appendix A).

Simplified Search Space Leads to Suboptimal Solutions.
To achieve scalability, many existing works [30, 38, 41, 70, 73]

dramatically simplify the search space through restrictive

assumptions or heuristics, such as limiting parallelism com-

binations to predefined templates or assuming stage inde-

pendence. While computationally tractable, these simplifi-

cations exclude potentially superior configurations, leading

to suboptimal performance in complex heterogeneous en-

vironments where the optimal solution may require uncon-

ventional parallelism combinations. For instance, a common

simplification is to enforce that all pipeline stages adopt

identical intra-parallelism strategies to avoid combinatorial

explosion [38, 70]. However, this assumption is fundamen-

tally flawed in heterogeneous settings: different accelerator

types have distinct memory hierarchies, computational capa-

bilities, and communication topologies, making their optimal

intra-parallelism strategies inherently different even for the

same training workload.

In Table 1, we evaluate 16-device training of a 24-layer

Llama model (hidden size 4096, 32 attention heads, sequence

length 8192, global batch size 64) by enumerating intra-

parallelism degrees (DP 𝑑 , CP 𝑐 , TP 𝑡 ) and micro-batch sizes

(𝑏) to maximize throughput (TDS: tokens per device per sec-

ond). Table 1 summarizes the optimal strategies across dif-

ferent hardware configurations. For instance, on 16 NVIDIA
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Table 1. Optimal intra-parallelism

strategies

Device (Count) Optimal (d,c,t), b Thpt. (TDS)

A100-80GB (2 × 8) (8, 2, 1), 1 3395.6

H20-141GB (2 × 8) (16, 1, 1), 1 2218.6

Ascend A2-64GB (1 × 16) (4, 1, 4), 2 2286.7

Same Cluster 2 Clusters 4 Clusters0

10

20

30

Ite
ra

tio
n 

La
te

nc
y 

(s
)

9.47
14.86

29.72

Figure 1. Iteration latency

across deployment scenarios.

A100-80GB GPUs (2 nodes × 8 GPUs/node), the optimal strat-

egy is (𝑑, 𝑐, 𝑡) = (8, 2, 1) with micro-batch size 1. In contrast,

16 AscendA2-64GBNPUs (1 node× 16 devices/node) achieve
optimal throughput at (𝑑, 𝑐, 𝑡) = (4, 1, 4) with micro-batch

size 2. These results confirm that optimal intra-parallelism

configurations vary across device types.

Inadequate Cross-Cluster Communication Optimiza-
tion. Even works that consider heterogeneous clusters [30,

38, 63, 66, 70] typically treat cross-cluster communication as

a fixed overhead rather than an optimization target. They

lack specialized schedulingmechanisms and resharding strate-

gies designed for the unique characteristics of multi-tier

communication hierarchies. In practice, cross-cluster com-

munication can incur substantial overhead and significantly

prolong training iteration time. We demonstrate this phe-

nomenon in Fig. 1, where a 24-layer Llama model (hidden

size 4096, 32 attention heads, sequence length 8192, global

batch size 64) is trained using 32 NVIDIA A100-80GB GPUs

with a parallelism strategy of (𝑝,𝑑, 𝑐, 𝑡) = (4, 2, 2, 2) (𝑝 is

the pipeline parallelism degree) and standard 1F1B pipeline

scheduling. We evaluate three deployment scenarios: (1) all

4 nodes (8 GPUs each) within a single cluster, (2) 2 nodes

in one cluster and 2 nodes in another cluster, and (3) each

node in a different cluster. Intra-cluster connectivity uses 100

Gbps InfiniBand, while inter-cluster bandwidth is 10.2 Gbps

as measured using iperf3 [16]. As shown in Fig. 1, cross-

cluster communication introduces substantial overhead. This

degradation stems not only from reduced inter-cluster band-

width but also from the additional communication pipeline:

each tensor must undergo device-to-host (D2H) copy, cross-

cluster peer-to-peer transfer, and host-to-device (H2D) copy,

where host-device transfers incur considerable latency.

2.4 Our Approach: Practical Optimization for
Cross-Cluster Training

Our approach is motivated by the observation that while

cross-cluster heterogeneous training presents exponential

search complexity in identifying optimized parallelization

strategies, this complexity contains exploitable structure that

enables practical optimization through three key insights.

Domain-KnowledgeGuided Search Space Pruning.Rather
than exploring the full exponential search space, we can

leverage domain knowledge of distributed training patterns

to eliminate configurations that are fundamentally unlikely

to yield good solutions (§ 4.1). For instance, configurations

that create excessive cross-cluster communication or cause

obvious computational inefficiencies (such as extreme load

User Input Model Info Cluster Info Training Info

Intelligent Search (§4)
Principle-guided MCTS (§4.1)

RF-enhanced Cost Model (§4.2)

Runtime
 Communication 
Optimization (§5)

Unified Abstraction Layer (§6)

Virtual-1F1B (§5.1)

Optimized Resharding (§5.2)

Cluster 1 Cluster 2 Cluster N…

# Offline search on CPU server
searcher = HetAutoSearcher(
    model_info, 
    cluster_info, 
    training_info)
strategy = searcher.solve(time_budget)
searcher.save(strategy, “ha_strategy.json”)

# Load strategy
strategy = 
    HetAutoSearcher.load(“ha_strategy.json”)
# Launch training job on each worker
hetauto.launch(“train.py”, strategy, 
    model_info, cluster_info, training_info)

Figure 2. System overview of HetAuto.

imbalance across stages) can be pruned early, dramatically re-

ducing the effective search space while preserving promising

solution regions.

Intelligent Search Over Exhaustive Enumeration. For
the pruned search space, we employMonte Carlo Tree Search

(MCTS) guided by a hybrid cost model to efficiently explore

the solution space and converge to high-quality configura-

tions (§ 4.1). Our cost model combines machine learning tech-

niques for hardware-specific performance modeling with an-

alytical approaches for communication overhead estimation,

providing accurate yet computationally efficient evaluations

(§ 4.2). This approach balances solution quality with com-

putational tractability, allowing practical optimization for

realistic large-scale deployment scenarios.

Cross-Cluster Communication-Aware Optimization
with Unified Execution. We address the fundamental bot-

tleneck of cross-cluster communication through specialized

scheduling mechanisms and resharding strategies tailored

to multi-tier communication hierarchies (§ 5). By under-

standing the communication patterns inherent in different

parallelism configurations, we can reduce cross-cluster over-

head through optimized data movement and overlapping.

Additionally, we provide a unified execution abstraction that

enables seamless integration of diverse accelerator types

through automatic hardware detection and operation routing

(§ 6). Our abstraction layer sits above existing vendor soft-

ware stacks, automatically selecting appropriate backends

while maintaining unified PyTorch APIs, thereby eliminating

the need for manual cross-hardware integration efforts.

3 HetAuto Overview
Fig. 2 gives a system overview of HetAuto, which comprises

an intelligent search module that runs offline on a single

CPU server to generate optimal parallelization strategies, and

an optimized runtime system that executes across multiple

heterogeneous clusters for distributed training.

The workflow of HetAuto proceeds as follows. Users pro-

vide: (1) model information including model architecture,

number of layers, hidden size, attention heads, and sequence

length; (2) cluster information including hardware specifica-

tions, number of nodes, devices per node, intra-cluster band-

width, and inter-cluster bandwidth; and (3) training configu-

ration such as global batch size, recomputation level (full or

selective recomputation of activations or no recomputation),

and pipeline scheduling method (e.g., 1F1B, interleaved-1F1B

[48], zero bubble [57], or Virtual-1F1B to be introduced later).
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Then the intelligent search module of HetAuto identifies an

optimized parallelization strategy across the heterogeneous

cluster (§ 4). This module incorporates a principle-guided

MCTS algorithm that automatically and efficiently discovers

high-quality solutions (§ 4.1), along with a random forest-

enhanced cost model that enables fast and accurate perfor-

mance evaluation (§ 4.2). Subsequently, the discovered paral-

lelization strategy is applied to HetAuto runtime system to

launch the distributed training job accordingly.

The runtime is specifically optimized for cross-cluster het-

erogeneous training. It supports Virtual-1F1B scheduling

to overlap cross-cluster communication with computation

(§ 5.1), and optimized inter-stage resharding to balance net-

work utilization and memory efficiency (§ 5.2). Additionally,

the runtime exploits a unified abstraction layer to detect

hardware type and automatically route operations to corre-

sponding implementations, thereby hiding vendor-specific

implementation details across different hardware platforms

(§ 6). The main APIs implementing this workflow are illus-

trated in Fig. 2.

4 Intelligent Parallelism Strategy Search
The Parallelism Strategy Search Problem.We consider

the cross-cluster auto-parallelism problem as a two-level

nested optimization, similar to the inter- and intra-parallelism

framework from Alpa [74]. At the outer level, we determine

the pipeline parallelism structure by deciding the number of

pipeline stages 𝑝 , partitioning the model into these stages,

and selecting the number of micro-batches 𝑞 per training it-

eration. At the inner level, we allocate device resources from

each cluster to pipeline stages and determine the optimal

intra-parallelism strategy (data, context, and tensor paral-

lelism degrees) in each allocation. The goal is to minimize

the training iteration time (equivalently, maximize training

throughput), subject to device capacity constraints, memory

limitations, and so on (detailed optimization formulation

provided in Appendix B).

Search Space Complexity. This optimization problem con-

stitutes a complex integer non-linear programming challenge

that becomes computationally intractable in large-scale sce-

narios. As analyzed in § 2.2, cross-cluster training scenarios

require global optimization because adjacent stages’ paral-

lelism strategies significantly affect cross-cluster communi-

cation costs which are non-negligible, transforming search

complexity from additive (sum over stage search spaces) to

multiplicative (product over stage search spaces).

4.1 Principle-Guided MCTS
We address this computational challenge through a principle-

guided Monte Carlo Tree Search framework. Our approach

begins by establishing domain-informed principles that ef-

fectively reduce the exponential search space based on theo-

retical insights and empirical observations. We then leverage

MCTS [6, 78] to navigate the pruned search space and dis-

cover high-quality parallelization strategies.

Principle #1: Partition the model at the granularity of
Transformer layers. Given that transformer-based models

[4, 14, 53, 65, 68] have been dominant in modern AI de-

velopment, we focus on cross-cluster auto-parallelism for

transformer-based large model training. The repetitive layer

structure of transformer architectures provides natural parti-

tioning boundaries: we partition at the layer level, ensuring

that each pipeline stage contains an integer number of com-

plete transformer layers. This design choice is motivated by

the communication characteristics of transformer architec-

tures: intra-layer operations between consecutive operators

(e.g., GeMM, GeMV) require significantly more intermedi-

ate data transfer than inter-layer communication, as evi-

denced by prior work on pipeline parallelism optimization

as well [24, 47, 61]. Consequently, partitioning individual

transformer layers across different pipeline stages would

be even more counterproductive in bandwidth-constrained

cross-cluster training scenarios.

Principle #2: Restrict cross-cluster parallelism to pipeline
parallelismonly. In otherwords, wemust use the same type

of devices within a pipeline stage. This principle is grounded

in both communication efficiency and empirical evidence.

Context parallelism and tensor parallelism require signifi-

cantly more frequent inter-device communication than data

parallelism and pipeline parallelism, making them impracti-

cal for cross-cluster deployment where bandwidth is much

more limited. Prior work has demonstrated that pipeline

parallelism achieves superior efficiency compared to data

parallelism in bandwidth-constrained cross-cluster training

scenarios [8]. That is, cross-cluster pipeline parallelism con-

sistently outperforms cross-cluster data parallelism (i.e., each

cluster has a model replica and cross-cluster all-reduce is

needed for gradient synchronization) under various inter-

cluster bandwidth configurations. This is because pipeline

parallelism’s sequential communication pattern better tol-

erates high latency (through overlapping with stage com-

putation), while data parallelism’s cross-cluster all-reduce

operation renders a blocking performance bottleneck.

Principle #3: Minimize inter-cluster communication
frequency. Inter-cluster communication typically consti-

tutes the primary bottleneck in cross-cluster training, di-

rectly impacting iteration latency, as demonstrated in Fig. 1.

Minimizing the need of cross-cluster communication is es-

sential for improving training efficiency. A direct corollary of

this principle is that each cluster should accommodate con-

secutive pipeline stages rather than discrete, non-contiguous

stages. A non-consecutive stage allocation that interleaves

stages across clusters can result in excessive inter-cluster

communication.

Principle #4: Enforce uniform intra-parallelism strate-
gieswithin each cluster.Within the same cluster, all pipeline
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stages should adopt identical intra-parallelism strategies.

This principle is motivated by a balanced trade-off between

empirically validated near-optimal performance and search

efficiency: First, for transformer-based models character-

ized by highly repetitive layer structures, uniform intra-

parallelism within homogeneous clusters has been empiri-

cally proven to deliver near-optimal performance [35, 48, 61].

This is because: (1) pipeline stages in the same cluster process

isomorphic transformer layers, so a shared strategy aligns

with the model’s structural regularity; (2) identical config-

urations ensure consistent tensor layouts across stages, en-

abling seamless data transfer without resharding, thus reduc-

ing communication overhead that would otherwise degrade

performance. Second, this uniformity drastically prunes the

search space of valid parallelism configurations.Without this

constraint, the number of possible intra-parallelism combi-

nations scales linearly with the number of pipeline stages,

leading to exponential growth in the solution space and

prohibitive search latency. Enforcing uniformity reduces

the search complexity from stage-specific optimization to

cluster-specific optimization, significantly accelerating the

search process.

The four principles above can significantly reduce the

search space of the original nested optimization. However,

this pruned search space remains computationally intractable

for large-scale systems involving high-capacity clusters with

thousands of devices and increasing model layers. We em-

ploy Monte Carlo Tree Search (MCTS), a powerful heuris-

tic approach that excels at navigating large discrete search

spaces. MCTS strategically balances exploration of new so-

lution regions and exploitation of known promising solu-

tions. We adopt MCTS not as a generic black-box, but as a

domain-specialized planner over the pruned space defined

by our four principles, with the following key designs.

Problem-Specific Decision Tree Structure.We formulate

the pruned optimization problem as a sequential decision

process represented by a decision tree (Fig. 3), which has

a natural causal order that mirrors the two-level optimiza-

tion structure and enables early pruning. The tree structure

captures our hierarchical decision making: starting from the

root node, we determine pipeline stages 𝑝 , followed by se-

lecting the number of micro-batches 𝑞. Next, we establish

a cluster permutation 𝜎 for 𝐶 clusters, where 𝐶 is the total

number of available clusters, and the permutation 𝜎 deter-

mines the order for sequential decision making. Sequentially

for each cluster 𝑖 in the permutation order 𝜎 , we decide: (1)

the number of stages to allocate to cluster 𝑖 , (2) the layer

distribution across stages within cluster 𝑖 , and (3) the intra-

parallelism strategy for stages in cluster 𝑖 . The arrow at the

bottom of Fig. 3 indicates this iterative process: after com-

pleting decisions for cluster 𝑖 (with OOM check for early

pruning), we proceed to make the same three types of de-

cisions for the next cluster 𝑖 + 1 in the permutation order,
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Figure 3. Decision tree representation of the pruned optimization

for MCTS-based parallelization strategy search.

continuing until all 𝐶 clusters have been processed. Once

decisions are made for all clusters, we obtain a complete par-

allelization strategy. This decision tree structure defines the

search space: each root-to-leaf path represents one complete

parallelization strategy. Rather than exhaustively enumer-

ating all possible paths (which would be computationally

prohibitive), MCTS selectively explores promising branches

using the UCB formula to guide tree traversal. The algorithm

iteratively builds and refines this decision tree by strategi-

cally expanding nodes that are likely to lead to better solu-

tions, ultimately converging on high-quality parallelization

strategies.

MCTS Algorithm.We employ the MCTS framework (Al-

gorithm 1) with four iterative phases: (1) Selection: Starting

from the root, we traverse the tree by selecting the most

promising child nodes according to the UCB formula until

reaching an expandable node (i.e., a non-leaf node with un-

tried actions). (2) Expansion: We expand the selected node

by randomly choosing an untried action, which creates a

new child node. (3) Simulation: We perform a random rollout

from the newly expanded node to a complete solution and

evaluate its performance using our cost model to obtain a re-

ward signal. (4) Backpropagation: We propagate the obtained

reward back through all ancestor nodes in the decision path,

updating their accumulated reward and visit counts. The

Upper Confidence Bound (UCB) score [6, 78] is computed

by:

UCB(𝑠, 𝑎) = 𝑄 (𝑠, 𝑎)
𝑁 (𝑠, 𝑎)︸  ︷︷  ︸

exploitation

term

+ 𝜆 ·

√︄
ln(𝑁 (𝑠))
𝑁 (𝑠, 𝑎)︸            ︷︷            ︸

exploration

term

(1)

where 𝑄 (𝑠, 𝑎) is the total reward accumulated so far when

taking action 𝑎 in state 𝑠 , 𝑁 (𝑠, 𝑎) is the number of times ac-

tion 𝑎 is selected in state 𝑠 , 𝑁 (𝑠) is the total number of visits

to state 𝑠 , and 𝜆 is the exploration weight. The state encodes

a prefix of decisions, and the actions at each node are feasible

extensions of that prefix. For example, a state 𝑠 can represent

“p=4 pipeline stages, q=8 micro-batches, cluster permutation

[2, 1, 3]”, and an action 𝑎 is “allocate 2 stages to cluster 2”.

UCB effectively balances two competing objectives: the ex-

ploitation term favors actions with historically high rewards,
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Algorithm 1 MCTS for Pruned Cross-Cluster Auto-

Parallelism Optimization

Input: Model information 𝐼𝑚𝑜𝑑𝑒𝑙 , cluster information 𝐼𝑐𝑙𝑢𝑠𝑡𝑒𝑟 ,

training information 𝐼𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 , time budget 𝑇𝑏𝑢𝑑𝑔𝑒𝑡
Output: Best-found parallelization strategy P∗ and corresponding

training iteration latency ℓ∗

1: 𝑟𝑜𝑜𝑡 ← CreateRoot(𝐼𝑚𝑜𝑑𝑒𝑙 , 𝐼𝑐𝑙𝑢𝑠𝑡𝑒𝑟 , 𝐼𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔) ⊲ Empty state

2: ℓ∗ ← +∞, P∗ ← ∅, 𝑠𝑡𝑎𝑟𝑡_𝑡𝑖𝑚𝑒 ← CurrentTime()

3: while CurrentTime() −𝑠𝑡𝑎𝑟𝑡_𝑡𝑖𝑚𝑒 < 𝑇𝑏𝑢𝑑𝑔𝑒𝑡 do
4: 𝑛𝑜𝑑𝑒 ← Select(𝑟𝑜𝑜𝑡 ) ⊲ UCB-based selection

5: if IsExpandable(𝑛𝑜𝑑𝑒) then
6: 𝑛𝑜𝑑𝑒 ← Expand(𝑛𝑜𝑑𝑒) ⊲ Add new child node

7: end if
8: 𝑟𝑒𝑤𝑎𝑟𝑑 ← Simulate(𝑛𝑜𝑑𝑒) ⊲ Random rollout to leaf

9: Backpropagate(𝑛𝑜𝑑𝑒 , 𝑟𝑒𝑤𝑎𝑟𝑑) ⊲ Update ancestors

10: if IsLeaf(𝑛𝑜𝑑𝑒) and 𝑛𝑜𝑑𝑒.𝑙𝑎𝑡𝑒𝑛𝑐𝑦 < ℓ∗ then
11: ℓ∗ ← 𝑛𝑜𝑑𝑒.𝑙𝑎𝑡𝑒𝑛𝑐𝑦

12: P∗ ← 𝑛𝑜𝑑𝑒.𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑦

13: end if
14: end while
15: return ℓ∗, P∗

while the exploration term encourages the investigation of

less-visited actions that may lead to better solutions.

Custom Reward and Constraint Handling. During the
simulation phase, we employ our latency cost model to com-

pute the training iteration latency ℓ for each complete par-

allelization strategy. The reward is then calculated as
1

1+ℓ
(lower latency yields higher reward). Additionally, we use

ourmemory cost model to estimate devicememory consump-

tion in each cluster when the decisions for current cluster

are made. If any cluster encounters OOM issues, we immedi-

ately assign a reward of 0 and terminate the simulation early,

ensuring that infeasible solutions are properly removed.

Constraint-Aware Action Space Pruning. At each deci-

sion node, we dynamically prune the action space based on

problem constraints. For instance, when deciding stage allo-

cation to a cluster, we only consider allocations that respect

remaining pipeline stages and device availability, reducing

branching factor and accelerating search convergence.

Rollout Variance Mitigation. While random rollouts dur-

ing simulation can introduce variance in reward estimates,

several aspects of our design mitigate this concern: (1) UCB’s

exploration term (Eqn. (1)) naturally accounts for uncertainty

by favoring less-visited branches, thus accumulating more

samples where estimates are noisy; (2) constraint-aware ac-

tion space pruning drastically reduces the branching factor,

making random rollouts more likely to reach reasonable

complete solutions.

Theoretically, MCTS converges to exhaustive search given

infinite time, guaranteeing increasingly better solutions with

larger time budgets [34]. In practice, users can configure the

time budget based on their problem complexity and perfor-

mance requirements, trading off search time and solution

quality.

4.2 Random Forest-Enhanced Cost Model
To guide the MCTS search process, we need accurate and

efficient cost models to evaluate the performance of specific

parallelism strategies. Purely theoretical modeling struggles

with accuracy because they cannot capture the complex rela-

tionships between parallelism strategies and actual hardware

performance. Modern accelerators exhibit intricate behav-

iors —memory hierarchy effects, kernel fusion optimizations

— that are difficult to model analytically [15, 72, 75]. This is

particularly problematic for core computation modules like

transformer layers, where the relationship between intra-

parallelism configurations and execution latency exhibits

strong non-linearity due to hardware-specific optimizations

and resource contention patterns. On the other hand, pure

profiling can achieve high accuracy but incurs prohibitive

overhead. Exhaustively profiling all possible configurations

across multiple device types would require an unacceptable

number of measurements, making cost model construction

itself a bottleneck.

We address these limitations through a hybrid approach

that combines profiling and analytical modeling, based on

the characteristics of different system components. Our key

insight is that for auto-parallelism, we do not need perfect

absolute accuracy, but sufficient relative accuracy to distin-

guish good solutions from poor ones in the search process.

We identify that different components exhibit different com-

plexity patterns: (1) Core computational modules (e.g., trans-

former layers): Non-linear relationships between parallelism

strategies and performance, requiring profiling for accuracy;

(2) Communication operations: Linear relationships with

communication volume and bandwidth, suitable for analyti-

cal modeling; (3) Auxiliary modules (e.g., embedding layers):

Minimal performance impact, not requiring profiling.

Profiling-based single-layer latency prediction. We ex-

tract the core module of an entire model (e.g., a single trans-

former layer) and profile the actual forward execution la-

tency of the single layer under representative intra-parallelism

strategies and input tensor shapes. The backward pass la-

tency is estimated based on the forward pass latency, ac-

counting for potential activation recomputation. Especially,

we vary context parallelism (CP) and tensor parallelism (TP)

degrees during profiling. Data parallelism primarily incurs

communication overhead via all-reduce operations in the

backward pass; we estimate the corresponding latency using

theoretical modeling. This design reduces profiling overhead

by limiting the total number of strategy combinations that

need to be measured. The profiling is hardware-dependent

rather than job-dependent, so we profile once for each device

type. The profiled data can then be reused across different

training jobs that contain the same core module.
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To predict the actual latency for unseen parallelism
1
and

input shape configurations, we use the profiled data to train

a random forest model [5, 7, 40]. The random forest model

is an ensemble learning method that combines multiple de-

cision trees to achieve robust and accurate predictions. As

input to the model, we use basic features (e.g., tensor shapes,

parallelism degrees) and domain-specific informative fea-

tures that capture key performance characteristics, including

computational intensity, memory requirements, communi-

cation overhead, and their trade-offs. Representative basic

and derived features are given in Appendix C.1.

Hybrid latencymodeling.The trained random forestmodel

predicts the latency for a single layer. For other communica-

tion overheads (e.g., all-reduce in data parallelism for gradi-

ent synchronization, P2P communication between pipeline

stages) and other modules (e.g., embedding layer), we use

theoretical modeling to estimate the latency. Communication

latency is modeled as startup_latency + message_size / band-

width, following the standard alpha-beta communication

model [8]. For embedding layers, being memory-intensive

operations, latency is estimated based on memory access

volume and memory bandwidth.

Memory usage modeling. The memory cost can be more

readily estimated. We follow previous work [37, 41, 66, 74]

to build our memory cost model through theoretical analysis

(detailed in Appendix C.2).

5 Cross-Cluster Communication
Optimization

Cross-cluster communication must traverse heterogeneous

network infrastructure with significantly lower bandwidth

and higher latency, presenting two challenges in distributed

training with hybrid parallelisms. First, the synchronization
point in conventional pipeline scheduling leads to severe

bubble time when pipeline stages span clusters, as slow cross-

cluster transfers block the entire pipeline. Second, different
clustersmay adopt heterogeneous parallelism configurations,

requiring tensor resharding operations, that further amplify

communication overhead across cluster boundaries. We pro-

pose two communication optimizations, Virtual-1F1B and

optimized resharding, enabling efficient pipeline parallelism

across distributed clusters.

5.1 Virtual-1F1B
1F1B scheduling [19, 47] is the most widely used pipeline

parallel training strategy today. In conventional 1F1B, each

pipeline stage alternates between forward and backward

passes, with synchronous P2P communication between ad-

jacent stages. However, when pipeline stages span across

clusters, cross-cluster communication becomes a bottleneck,

1
For example, on NVIDIA A100 GPUs, we profile with at most 2 nodes or 16

GPUs, so configurations like CP=4, TP=8 that require more devices become

unseen parallelism strategies.

whichmust traversemultiple network layers including device-

to-host transfer, inter-cluster networking, and host-to-device

transfer. As shown in Fig. 4 (1F1B), the communication be-

tween stage 2 and stage 3 would take longer time than intra-

cluster communication, creating pipeline bubbles that sub-

stantially increase training iteration latency.

We propose Virtual-1F1B, an optimized scheduling ap-

proach to address the communication bottleneck in cross-

cluster training. As illustrated in Fig. 4, Virtual-1F1B treats

cross-cluster communication as a virtual pipeline stage and

enables better overlap with computation. The key insight is

to decompose cross-cluster communication into three se-

quential operations that naturally map to pipeline stage

semantics: (1) Device-to-host (D2H) copy: Analogous to

the ‘send’ operation of a pipeline stage; (2) Cross-cluster

P2P transfer: Analogous to the ‘computation’ (forward/back-

ward) of a pipeline stage; (3) Host-to-device (H2D) copy:

Analogous to the ‘receive’ operation of a pipeline stage.

We enable the cross-cluster P2P transfer (the most time-

consuming component in a virtual stage) to overlap with

forward/backward computation in other pipeline stages, ef-

fectively hiding communication latency behind computa-

tion. It is important to distinguish Virtual-1F1B from stan-

dard intra-cluster communication–computation overlap us-

ing multiple CUDA streams [52]. Within a cluster, devices

communicate via high-speed interconnects (e.g., NVLink or

InfiniBand), and overlapping is achieved by issuing commu-

nication and computation kernels on separate CUDA streams

within the same device memory domain. Cross-cluster com-

munication, however, involves a fundamentally different

three-phase data path: device-to-host (D2H) memory copy,

host-to-host network transfer across cluster boundaries, and

host-to-device (H2D) memory copy at the destination. Stan-

dard CUDA stream overlap cannot address this multi-phase,

multi-memory-domain transfer. Virtual-1F1B’s contribution

is abstracting this three-phase transfer as a virtual pipeline

stage, which naturally integrates with pipeline scheduling

semantics — for example, the number of warmup micro-

batches increases by the number of cross-cluster boundaries.

We design asynchronous P2P communication operations

for cross-cluster communication, enabling Virtual-1F1B. In

distributed computing, an asynchronous operation returns

a handle — a reference object that can be used later to wait

for operation completion and retrieve results. We manage

these handles using queues at both sender and receiver sides.

Each cross-cluster asynchronous P2P operation involves two

steps: (1) Wait for current operation to complete: Retrieve

the handle from the head of the queue and wait for the ongo-

ing operation to complete (sender waits for send completion,

receiver waits for complete tensor reception); (2) Initiate

next operation: Both sender and receiver launch the next

asynchronous cross-cluster communication and enqueue its

handle at the tail of their respective queues. This handle

will be used for future synchronization when the operation
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Figure 4. Comparison between 1F1B and Virtual-1F1B scheduling.
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Figure 5. Tensor resharding strategies.

needs to complete. This queue-based mechanism enables

non-blocking communication: when the pipeline scheduler

needs to issue a cross-cluster communication command, it

can immediately launch the asynchronous operation and

continue with other tasks without waiting for completion.

The actual synchronization (waiting for data) only occurs

when the receiving stage needs the tensor for computation.

This design allows cross-cluster data transfers to overlap

with computation stages in both sender and receiver clus-

ters, as illustrated in Fig. 4. Our cross-cluster P2P operation

maintains the same interface as standard P2P operations,

and our virtual stage abstraction is compatible with various

pipeline scheduling designs including interleaved-1F1B [48],

Chimera [39], and zero bubble pipeline parallelism [57].

5.2 Optimized Resharding
Since different stages may adopt different intra-parallelism

strategies (i.e., different DP, CP, TP degrees), the tensor lay-

out needs to be resharded across stages according to the

intra-parallelism strategies of consecutive stages. Given DP,

CP, TP degrees 𝑑𝑖 , 𝑐𝑖 , 𝑡𝑖 of stage 𝑖 , the expected input ten-

sor layout for each device in stage 𝑖 is [ 𝑏
𝑑𝑖
, 𝑠
𝑐𝑖𝑡𝑖

, ℎ], where
𝑏 represents the micro-batch size (i.e., global batch size 𝐵

divided by the number of micro-batches 𝑞), 𝑠 is the sequence

length (divided by 𝑐𝑖 due to context parallelism and further

divided by 𝑡𝑖 due to the default use of sequence parallelism

[35] to reduce memory consumption), and ℎ is the hidden

size. For stage 𝑖 +1, the expected input tensor layout for each
device is [ 𝑏

𝑑𝑖+1
, 𝑠
𝑐𝑖+1𝑡𝑖+1

, ℎ]. Hence, tensors must be resharded

along both batch and sequence dimensions. To optimize re-

sharding efficiency, we decompose the DP degree of each

stage into outer and inner components: 𝑑𝑖 = 𝑑𝑜𝑢𝑡𝑒𝑟 · 𝑑𝑖𝑛𝑛𝑒𝑟𝑖 ,

where 𝑑𝑜𝑢𝑡𝑒𝑟 = gcd(𝑑1, 𝑑2, . . . , 𝑑𝑝 ) represents the greatest

common divisor of DP degrees across all 𝑝 pipeline stages.

This decomposition allows us to focus on each outer DP

partition, as devices within the same outer partition across

different stages process identical batch data samples. The

expected tensor layout for each stage can be reformulated

as [ 𝑏′

𝑑𝑖𝑛𝑛𝑒𝑟
𝑖

, 𝑠
𝑐𝑖𝑡𝑖

, ℎ], where 𝑏′ = 𝑏
𝑑𝑜𝑢𝑡𝑒𝑟

.

The naive resharding strategy (Strategy 1 ) employs only

P2P operations to transfer tensors [61, 77]. In the example

in Fig. 5, for tensor resharding from 𝑑𝑖𝑛𝑛𝑒𝑟𝑖 = 3, 𝑐𝑖 = 1, 𝑡𝑖 = 2

in stage 𝑖 to 𝑑𝑖𝑛𝑛𝑒𝑟𝑖+1 = 2, 𝑐𝑖+1 = 2, 𝑡𝑖+1 = 1 in stage 𝑖 + 1,
strategy 1 requires 6 individual P2P transfers: each of the

6 devices in stage 𝑖 sends tensor slices to specific devices

in stage 𝑖 + 1 based on the resharding requirements. While

conceptually simple, this strategy results in numerous small

P2P transfers that cause fragmented bandwidth usage and

network congestion.

Another possible strategy (Strategy 2 ) is to first gather

all tensor slices to the first rank in stage 𝑖 , and then perform

a single P2P operation to transfer the complete tensor to

the first rank of the next stage, followed by scattering the

tensor to each device in stage 𝑖 + 1. While this strategy uses

only a single P2P transfer, gathering all tensor slices to the

first rank creates a communication bottleneck and can cause

OOM issues more easily.

We propose an improved resharding strategy (Strategy
3 ) which leverages devices with inner DP rank 0 as in-

termediaries. Inner DP rank 0 refers to devices in the first

inner DP group in each stage — in our example, these are

inner_dp0/tp0, inner_dp0/tp1 in stage 𝑖 , and inner_dp0/cp0,

inner_dp0/cp1 in stage 𝑖 + 1. The resharding process works
as follows in our example: (1) Gather: devices with inner

DP ranks 1 and 2 send their tensor slices to the correspond-

ing device with inner DP rank 0; (2) P2P: Only devices with

inner DP rank 0 perform cross-stage P2P transfers, where

inner_dp0/tp0 sends to inner_dp0/cp0, and inner_dp0/tp1

sends to inner_dp0/cp1; (3) Scatter: Devices with inner DP

rank 0 in stage 𝑖+1 distribute received tensors to other devices
within their CP groups. From the tensor layout perspective,

the resharding is carried out as:

[ 𝑏′

𝑑𝑖𝑛𝑛𝑒𝑟
𝑖

,
𝑠

𝑐𝑖𝑡𝑖
, ℎ]

gather

−−−−−→ [𝑏′, 𝑠

𝑐𝑖𝑡𝑖
, ℎ]

P2P−−−→ [𝑏′, 𝑠

𝑐𝑖+1𝑡𝑖+1
, ℎ] scatter−−−−−→ [ 𝑏′

𝑑𝑖𝑛𝑛𝑒𝑟
𝑖+1

,
𝑠

𝑐𝑖+1𝑡𝑖+1
, ℎ] (2)

This strategy strikes a balance between strategies 1 and 2 ,

reducing cross-stage communication while avoiding OOM

issues. Our resharding strategy integrates naturally with

Virtual-1F1B. For consecutive stages deployed across clusters,

cross-stage communication can be decomposed into: gather,

device-to-host (D2H) copy, asynchronous cross-cluster P2P

transfer, host-to-device (H2D) copy, and scatter operations.
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Figure 6. Unified hardware abstraction framework.

6 Unified Abstraction Layer
We design a unified hardware abstraction layer for HetAuto

runtime, enabling transparent training execution across dif-

ferent hardware platforms with minimal user intervention.

The abstraction layer sits above existing vendor frame-

works, as illustrated in Fig. 6. It performs runtime hardware

detection and automatic backend selection, leveraging exist-

ing vendor software stacks: PyTorch with CUDA/NCCL back-

end for NVIDIA GPUs [51, 54] and torch_npu/CANN/HCCL

backend for Ascend NPUs [25–27]. Upon initialization, Het-

Auto detects available accelerator types and configures the

appropriate software stack. The system automatically routes

operations to the corresponding vendor-optimized imple-

mentations or custom operators, while maintaining API com-

patibility across different hardware platforms through a uni-

fied PyTorch interface. Custom operators are implemented

using hardware-specific primitives (CUDA kernels for GPUs,

CANN libraries for NPUs) to optimize performance-critical

computations. This lightweight design eliminates conditional

compilation and manual backend specification while exploit-

ing proven vendor optimizations. Users write training code

using standard PyTorch APIs, and HetAuto’s abstraction

layer ensures seamless execution across different hardware

configurations.

Our abstraction layer operates at a different level from

PyTorch’s built-in operator dispatch mechanism [54, 55].

PyTorch dispatch selects kernel implementations (CUDA,

ROCm, CPU) for individual operators, typically within a

single-backend execution environment. In contrast, our ab-

straction layer addresses distributed system-level heterogene-
ity: it coordinates multiple collective communication back-

ends (e.g., NCCL for intra-NVIDIA-cluster communication,

HCCL for Ascend NPU clusters, and Gloo for cross-cluster

host-based transfers), manages the routing of pipeline-parallel

P2P operations across heterogeneous software stacks, and

handles mixed-accelerator pipelines where adjacent stages

reside in different vendor ecosystems. In this sense, our ab-

straction layer serves as system-level glue for heterogeneous

distributed training, while relying on PyTorch’s built-in dis-

patch for operator-level kernel execution. Leading accelera-

tor platforms such as AWS Trainium [18, 21] adopt a similar

philosophy of providing PyTorch-compatible frontends; our

abstraction layer complements this trend by providing the

Table 2. Experimental configurations for model training

Exp # Layers GBS Clusters Setup

exp1 48 128 32 A100 + 32 Ascend A2

exp2 64 128 32 H20 + 32 A100 + 32 Ascend A2

exp3 96 512 32 H20 + 64 H800 + 128 A100 + 512 Ascend A2

GBS: Global batch size. Hidden size: 4096, attention heads: 32,

sequence length: 8192.

system-level orchestration needed to unify diverse accelera-

tors within a single training job.

7 Evaluation
7.1 Implementation
HetAuto is implemented in approximately 12.8k lines of

Python code (LoC). We build the HetAuto runtime on top

of Megatron-LM [35, 48, 61], a state-of-the-art framework

for training large models in homogeneous environments.

We extend Megatron-LM to support heterogeneous training

by enabling different intra-parallelism strategies for each

pipeline stage, incorporating our Virtual-1F1B scheduling

and optimized resharding strategy, and integrating the uni-

fied abstraction layer for hardware detection and automatic

operation routing. The extension to Megatron-LM comprises

approximately 5.2k LoC. The principle-guided MCTS search

algorithm is implemented in 4k LoC, and the cost model,

implemented on top of llm-analysis [37], approximately

3.6k LoC. HetAuto adopts Gloo [17] as the communication

backend for cross-cluster communication.

In implementing our principle-guided MCTS, we incorpo-

rate two optimizations to further reduce the search overhead.

Memoization. We use memoization to cache prediction re-

sults for previously encountered inputs (i.e., intra-parallelism

strategy and input shape), avoiding redundant computation.

Multiprocessing. The children of the root node form in-

dependent sub-trees. Each sub-tree corresponds to a fixed

number of pipeline stages 𝑝 and optimizes the remaining

parallelism decisions. Since different values of 𝑝 lead to in-

dependent inner optimization problems with distinct solu-

tion spaces, we leverage multiprocessing to solve these sub-

problems in parallel, significantly accelerating the overall

search process.

7.2 Experimental Setup
Testbed. We conduct our experiments across four hetero-

geneous clusters: 32 NVIDIA H20-141GB GPUs (4 nodes ×
8 GPUs/node), 64 NVIDIA H800-80GB GPUs (8 nodes × 8

GPUs/node), 128 NVIDIA A100-80GB GPUs (16 nodes × 8

GPUs/node), and 512 Ascend A2-64GB NPUs (32 nodes × 16

devices/node). For NVIDIA GPU clusters, intra-cluster con-

nectivity is 100 Gbps InfiniBand. The Ascend NPU cluster

uses 100 Gbps RoCE for intra-cluster communication. Inter-

cluster bandwidth between any two clusters is approximately

10 Gbps as measured by iperf3 [16].
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Figure 7. Training throughput, normalized by throughput of Uniform. Metis fails to complete its search within 12 hours for exp2 and exp3;

we report its best results found within this time budget. Detailed configurations of exp 1-3 are given in Table 2.
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We train Llama models [65] of different sizes, varying

the number of layers and global batch sizes. The detailed

configurations are given in Table 2.

Baselines.We compare HetAuto against the following base-

lines: (1) Uniform: A naive adaptation of Megatron-LM [61]

to heterogeneous clusters. It requires each pipeline stage to

adopt the same intra-parallelism strategy and contain the

same number of model layers. For pipeline parallelism across

clusters, we use the optimal solution found by enumerating

all possible combinations of pipeline stage partition, micro-

batch number, cluster permutations, and intra-parallelism

strategies. (2) AMP [38]:An auto-parallelism system for het-

erogeneous clusters that assumes each pipeline stage adopts

the same intra-parallelism strategy (to avoid combinatorial

explosion in strategy search). It uses dynamic programming

(𝑂 (𝐿4) complexity where 𝐿 is the number of model layers)

to find optimal layer distribution among pipeline stages, to

achieve inter-stage load balancing. (3) Metis [66]: An adap-

tation of the homogeneous auto-parallelism systemAlpa [74]

to heterogeneous environments. Metis assigns layers accord-

ing to each stage’s computing capacity. It faces combinatorial

explosion when determining device allocation and intra-

parallelism strategies, making it computationally intractable

for large-scale systems.

Neither AMP nor Metis consider context parallelism, limit-

ing their ability to comprehensively explore intra-parallelism

strategies. Critically, to isolate the contribution of each sys-

tem’s search algorithm, all systems — including Uniform,

AMP, and Metis — use the same runtime optimizations dur-

ing evaluation: our proposed Virtual-1F1B scheduling, opti-

mized resharding, and random forest-enhanced cost model.

Therefore, the throughput differences reported in Fig. 7 are

solely attributable to the quality of parallelization strategies

discovered by each system’s search algorithm. For HetAuto,

we use a default exploration weight 𝜆 = 10 in Eqn. (1) and set

the search time budget according to problem scale: 2 minutes

for exp1, 25 minutes for exp2, and 150 minutes for exp3.

7.3 Training Throughput
We evaluate training throughput across different systems

and settings, by running respective model training for 30 iter-

ations (with the first 5 iterations as warmup) and presenting

the average throughput in Fig. 7. Due to its overly-simplified

search space, AMP achieves only around 10% throughput

improvement over Uniform. Metis suffers from scalability

issues due to its exhaustive search — it failed to complete the

search process within a reasonable time budget (12 hours)

in exp2 and exp3, limiting its applicability to large-scale set-

tings. We report the best results found by Metis within the

12-hour time budget for these two experiments. Notably, in

exp3, Metis even achieves 30% lower throughput than Uni-

form, as it can only explore a small fraction of the vast search

space within the allotted time. Additionally, both AMP and

Metis do not consider context parallelism, affecting their

performance in today’s popular long-context training sce-

narios. HetAuto achieves significant training throughput

improvement across all settings. The improvement is partic-

ularly notable in exp3 (up to 1.57×), where heterogeneity is

amplified by increasing both device types and cluster size im-

balance. In this scenario, the cluster with the fewest devices

(H20 cluster with 32 devices) severely constrains the search
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space for Uniform and AMP: since they require each pipeline

stage to use identical intra-parallelism strategies (i.e., the

same number of devices), no pipeline stage can contain more

than 32 devices. HetAuto removes this restriction and can

identify better parallelism strategies. The optimal parallelism

strategies given by Uniform and AMP both have 23 pipeline

stages, with each stage containing 32 devices. In contrast,

the optimal solution given by HetAuto has 18 pipeline stages,

where each cluster adopts a distinct intra-parallelism strat-

egy and layer number. We give the exact solution in exp3

produced by HetAuto in Appendix D.

7.4 Search Overhead
Fig. 8 shows the parallelism strategy search time and cor-

responding training iteration latency estimated by our cost

models, under different methods. AMP and Metis adopt dy-

namic programming and exhaustive search, respectively;

their search process runs till obtaining the final solution, so

does Uniform. The discrete points in Fig. 8 give the search

completion time and training iteration latency incurred us-

ing the solution found under the three baselines, respectively.

HetAuto’s principle-guided MCTS progressively converges

toward the exhaustive search solution: with a larger time

budget, HetAuto generates better solutions, as illustrated by

the continuous lines in Fig. 8. Under the same time budget

as the solution time of baselines, HetAuto always identifies

parallelism strategies achieving better training performance,

and attains solutions of the same performance using much

shorter search time.

7.5 Cost Model Accuracy
We evaluate the prediction accuracy of our cost models. Fig. 9

compares the actual training iteration latency and cost-model

predicted latency across different parallelization strategies

found by various methods. Note that all methods use the

same cost model (our proposed random forest-enhanced

model) for fair comparison; the different data points rep-

resent various parallelization configurations discovered by

each method, providing diverse samples to evaluate cost

model accuracy. Our latency cost model achieves satisfac-

tory prediction accuracy (with prediction errors ranging

from 1.5% to 34.9%), especially in smaller-scale settings (exp1

and exp2). Although the accuracy decreases as the problem

scale increases, the cost model can still effectively discrimi-

nate which solution performs better.

Fig. 10 shows actual peakmemory consumption in the first

pipeline stage and memory usage predicted by our memory

cost model. Our memory cost model deliberately overesti-

mates consumption (ranging from 2.8% to 21.2%) to prevent

OOM issues, following a ‘safety first’ approach.

7.6 Profiling Overhead
For each cluster, we use at most two nodes to profile sin-

gle Transformer layer forward latency under different CP

Table 3. Profiling time for different device types

Device H20-141GB H800-80GB A100-80GB Ascend A2-64GB

Time (min) 11.10 7.88 10.53 19.98
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Figure 11. Training throughput, normalized by the throughput of

Uniform. We use the exp2 training configuration with sequence

length 32,768.
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and TP degrees with varying input shapes. For NVIDIA

GPUs (up to 16 devices), we test CP-TP combinations (𝑐, 𝑡) =
(1, 1), (1, 2), (2, 1), (1, 4), (2, 2), . . . , (8, 2), (16, 1). For each CP-
TP combination, we vary the input shape: hidden size from

1024 to 4096, batch size from 1 to 16, sequence length from

1024 to 8192, and attention heads from 8 to 32. For each spe-

cific CP-TP degree and input shape, we profile single layer

execution latency for 10 iterations (with 5 warmup itera-

tions) and use the average value. For Ascend A2 NPU cluster,

we follow the same process but use at most 32 devices. This

profiling is cluster-dependent — for each cluster, we profile

once to build the cost model, then reuse it across exp1-3.

We skip invalid combinations during profiling (e.g., CP=1,

TP=16 with fewer than 16 attention heads). Table 3 shows

the profiling time. We use 80% of the profiled data to train

a random forest model for single layer latency prediction,

with 20% as test data. The random forest model’s prediction

accuracy is detailed in Appendix C.3.

7.7 Ablation Study
We next explore the impact of hyperparameters and core

design modules in the overall performance of HetAuto.

Context Parallelism. As shown in Fig. 11, to evaluate the

impact of including context parallelism in the search space,

we conduct additional cost-model-based evaluations with

sequence length 32,768 under the exp2 cluster configuration

(Metis again fails to complete its search within 12 hours,

so we report its best-found result). At this longer sequence

length, HetAuto with CP enabled achieves higher through-

put than HetAuto without CP, demonstrating that CP is
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beneficial for long-context training. In contrast, at sequence

length 8,192 (exp1/exp2), MCTS automatically selects CP=1,

confirming that including CP in the search space does not

degrade performance when it is unnecessary. Together, these

results show that MCTS can automatically exploit CP when

longer sequences justify its use, without introducing over-

head otherwise. Even with CP disabled, HetAuto still outper-

forms other baselines by up to 15%, further confirming its

effectiveness.

Exploration Weight. The exploration weight 𝜆 in UCB

(Eqn. (1)) of the MCTS algorithm controls the trade-off be-

tween exploration and exploitation. Under the exp2 setting,

Fig. 12 shows that 𝜆 = 0.1 leads to premature convergence to

a suboptimal solution due to insufficient exploration, while

moderate 𝜆 values (1, 10, 25, 100) achieve better and com-

parable performance. Since determining the optimal 𝜆 for

a specific training job and time budget is challenging in ad-

vance, we have used 𝜆 = 10 by default in all our experiments

as a balanced compromise.

Virtual-1F1B and resharding. To evaluate the effect of

our pipeline scheduling design, Fig. 13 illustrates HetAuto’s

training iteration latency with and without Virtual-1F1B (we

use 1F1B in the latter). With Virtual-1F1B, the iteration la-

tency is significantly reduced by 1.68× to 1.84×, as compared

to standard 1F1B. This demonstrates that optimizing cross-

cluster communication in cross-cluster distributed training

is crucial. See Appendix E for resharding comparisons.

7.8 Contribution Decomposition
The performance improvements of HetAuto stem from two

orthogonal sources. (1) MCTS-based strategy search. As
shown in Fig. 7, where all systems share the same runtime in-

frastructure (including Virtual-1F1B and optimized reshard-

ing), HetAuto’s MCTS achieves 1.19–1.57× throughput im-

provement purely by discovering superior parallelization

strategies. (2) Optimized cross-cluster communication.
As shown in Fig. 13, Virtual-1F1B yields an additional 1.68–

1.84× speedup over standard 1F1B by overlapping cross-

cluster communication with computation. Furthermore, op-

timized resharding (Fig. 16 in Appendix E) achieves the low-

est average latency while avoiding severe fluctuations. As

these two sources target different aspects of the system, their

improvements are multiplicative.

8 Discussion
Scope and Limitations. HetAuto addresses system-level
heterogeneity (accelerator types, cluster sizes, interconnect

topologies, and software stacks). Numerical precision differ-

ences across accelerator types are an operator-level concern
orthogonal to parallelization strategy design; we assume

vendor-provided operators meet the precision requirements

for the specified data format, a standard prerequisite for

production deployment [18, 21]. Investigating the impact

of numerical heterogeneity on training convergence is an

interesting direction for future work. Our current design also

assumes stable inter-cluster bandwidth, measured once dur-

ing profiling. This assumption holds in our deployment with

dedicated inter-datacenter links that exhibit minimal band-

width fluctuation during training runs. For environments

with time-varying bandwidth (e.g., shared WAN links [62]),

HetAuto’s cost model and MCTS search can be re-invoked

periodically to adapt. Fully online adaptive re-optimization

is a promising direction for future work.

Extension to MoE Models. Our evaluation focuses on

dense Transformer architectures (e.g., Llama [65]). ForMixture-

of-Experts (MoE) models [11, 20, 31, 36, 60], HetAuto’s MCTS

framework can incorporate expert parallelism (EP) as an addi-

tional decision dimension with minimal structural changes.

The main challenge lies in cost modeling: MoE per-layer

latency is input-dependent due to dynamic token routing,

requiring finer-grained profiling of expert utilization distri-

butions. Extending HetAuto’s cost model to support MoE

workloads is an important direction for future work.

Privacy, Security, and Fault Tolerance. Our target sce-
nario involves clusters owned by the same organization, con-
nected via dedicated or encrypted links [23, 32]; data privacy

is managed through existing organizational infrastructure, as

is standard in industry-scale deployments [29]. Multi-tenant

or cross-organization settings (e.g., federated learning [43])

are beyond our scope. Regarding fault tolerance, large-scale

training across multiple clusters increases the surface area

for hardware failures. While HetAuto does not implement

cluster-aware fault tolerance, it is compatible with standard

checkpoint-based recovery [12, 46, 56, 69, 71]. BecauseMCTS

search completes in minutes and the cost model is pre-built,

re-planning for reduced resources upon failure can be per-

formed quickly.

9 Conclusion
We present HetAuto, an automatic parallelization system

for cross-cluster heterogeneous distributed training. Het-

Auto combines principle-guided MCTS with random forest-

enhanced cost models and introduces Virtual-1F1B with op-

timized resharding to mitigate cross-cluster bottlenecks. A

unified abstraction layer enables seamless deployment across

heterogeneous hardware. Evaluation across four heteroge-

neous clusters with up to 736 devices demonstrates up to

1.57× training throughput improvements over baselines.
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A Detailed Complexity Analysis
We provide a detailed analysis of the exponential search

space complexity using a realistic training scenario to illus-

trate the scale of the optimization challenge. Consider a con-

crete example: training a 70B parameter Llama-2 model [65]

across 3 heterogeneous clusters. The model contains 80 trans-

former layers, with each layer comprising approximately 15

operators (including attention computation, feed-forward

networks, layer normalization), totaling around 1,200 op-

erators in the computational graph. As a domain-specific

simplification, we partition at layer boundaries rather than

at the operator level. The clusters contain 256 NVIDIA A100

GPUs (32 nodes × 8 GPUs/node), 256 NVIDIA H20 GPUs (32

nodes × 8 GPUs/node), and 512 Ascend A2 NPUs (32 nodes

× 16 devices/node) respectively. For this scenario, the system
faces a multi-dimensional optimization problem:

•Pipeline stage number selection: The number of pipeline

stages 𝑝 can range from 1 to the number of layers (80), intro-

ducing an initial factor of 80 possibilities.

•Graph partitioning: For each choice of 𝑝 stages, there are(
79

𝑝−1
)
ways to partition at layer boundaries. Summing across

all possible stage numbers:

∑
80

𝑝=1

(
79

𝑝−1
)
= 2

79 ≈ 6 × 1023 total
partitioning options.

•Device type combinations: Each stage can utilize devices
from any non-empty subset of the 3 clusters (7 possibilities

per stage). For 𝑝 stages, this yields 7
𝑝
combinations. Av-

eraging across different stage numbers (assuming typical

𝑝 ∈ [8, 32]), this contributes approximately 7
20 ≈ 8 × 1016

combinations.

•Mesh shape selection: Single-cluster configurations offer
approximately 35, 35, and 36 shapes for A100, H20, and As-

cend A2 clusters respectively. Cross-cluster configurations

multiply these possibilities. Considering all device type com-

binations, each stage faces an average of approximately 10
2

mesh shape options, resulting in (102)20 = 10
40
total mesh

shape combinations across all stages.

• Intra-parallelism strategies: For each mesh configura-

tion, the system must select DP, TP, and CP degrees such

that 𝐷𝑃 × 𝑇𝑃 × 𝐶𝑃 equals the mesh size. The number of

valid combinations follows 𝑑3 (𝑛) (three-factor divisor func-
tion), typically yielding 20-50 valid combinations per mesh.

Using an average of 30 combinations per stage contributes

(30)20 ≈ 3 × 1029.
The complete search space contains approximately:

6 × 1023 × 8 × 1016 × 1040 × 3 × 1029 ≈ 1.4 × 10110

This astronomical number of configurations makes ex-

haustive exploration computationally impossible.

B Complete Problem Formulation
This appendix provides the complete mathematical formula-

tion of the cross-cluster auto-parallelism optimization prob-

lem discussed in § 4.

B.1 Formal Optimization Problem

Table 4. Complete notations for problem formulation

Notation Description
𝐵 Global batch size

𝑠 Sequence length

ℎ Hidden size (ℎ = ℎ𝑛 × ℎ𝑑 )
ℎ𝑛 Number of attention heads

ℎ𝑑 Head dimension

(𝑁 𝑗 , 𝑀𝑗 ) Total mesh dimensions of cluster 𝑗 (nodes× devices
per node), 1 ≤ 𝑗 ≤ 𝐶

𝑋 𝑗 Memory capacity for each device in cluster 𝑗 , 1 ≤
𝑗 ≤ 𝐶

𝐶 Number of clusters

O Set of operators in the computation graph

S Scheduling strategy

R Recomputation level

𝑝 Number of pipeline stages

𝑞 Number of micro-batches

(𝑛𝑖, 𝑗 ,𝑚𝑖, 𝑗 ) Device mesh from cluster 𝑗 assigned to stage 𝑖

(where 𝑛𝑖, 𝑗 ≤ 𝑁 𝑗 ,𝑚𝑖, 𝑗 ≤ 𝑀𝑗 )

𝑑𝑖, 𝑗 Data parallelism degree for device mesh from clus-

ter 𝑗 in stage 𝑖

𝑐𝑖, 𝑗 Context parallelism degree for device mesh from

cluster 𝑗 in stage 𝑖

𝑡𝑖, 𝑗 Tensor parallelism degree for device mesh from

cluster 𝑗 in stage 𝑖

Table 4 presents the complete set of notations used in our

problem formulation. We formulate the cross-cluster auto-

parallelism problem as the following nested optimization:

min

P1,P2
T (P2 ◦ P1 (𝜃 )) (3)

s.t.

𝑝∑︁
𝑖=1

𝑛𝑖, 𝑗𝑚𝑖, 𝑗 ≤ 𝑁 𝑗𝑀𝑗 , ∀𝑗 ∈ {1, . . . ,𝐶} (4)

𝐶∑︁
𝑗=1

𝑛𝑖, 𝑗𝑚𝑖, 𝑗 ≥ 1, ∀𝑖 ∈ {1, . . . , 𝑝} (5)

𝑑𝑖, 𝑗𝑐𝑖, 𝑗 𝑡𝑖, 𝑗 = 𝑛𝑖, 𝑗𝑚𝑖, 𝑗 , ∀𝑖 ∈ {1, . . . , 𝑝},
∀𝑗 ∈ {1, . . . ,𝐶}

(6)

X(P2 ◦ P1 (𝜃 )) ⪯ (𝑋 𝑗 )𝐶𝑗=1 (7)

𝑝, 𝑞 ≥ 1, 𝑝, 𝑞 ∈ Z+ (8)

𝑛𝑖, 𝑗 ,𝑚𝑖, 𝑗 , 𝑑𝑖, 𝑗 , 𝑐𝑖, 𝑗 , 𝑡𝑖, 𝑗 ∈ Z, ∀𝑖 ∈ {1, . . . , 𝑝},
∀𝑗 ∈ {1, . . . ,𝐶}

(9)

where:

• 𝜃 =

{
𝐵, 𝑠, ℎ,O,S,R, {(𝑁 𝑗 , 𝑀𝑗 )}𝐶𝑗=1, {𝑋 𝑗 }𝐶𝑗=1

}
represents the

model configuration, cluster information, and training set-

tings.

• P1 : Θ→ Π1 is a mapping that partitions the operator set

O into 𝑝 stages and determines the number of micro-batches

𝑞. Each stage 𝑖 contains operators (𝑜𝑙𝑖 , . . . , 𝑜𝑟𝑖 ):
P1 (𝜃 ) =

{
𝑝, 𝑞, {(𝑜𝑙𝑖 , . . . , 𝑜𝑟𝑖 )}

𝑝

𝑖=1

}
(10)
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• P2 : Π1 → Π is a mapping that augments the pipeline par-

titioning with device allocation and intra-parallelism strate-

gies. For each stage 𝑖 , it assigns device meshes (𝑛𝑖, 𝑗 ,𝑚𝑖, 𝑗 )
from cluster 𝑗 and specifies the intra-parallelism degrees

(𝑑𝑖, 𝑗 , 𝑐𝑖, 𝑗 , 𝑡𝑖, 𝑗 ):

P2 ◦ P1 (𝜃 ) =
{
𝑝, 𝑞, {(𝑜𝑙𝑖 , . . . , 𝑜𝑟𝑖 )}

𝑝

𝑖=1
,

{{(𝑛𝑖, 𝑗 ,𝑚𝑖, 𝑗 ), (𝑑𝑖, 𝑗 , 𝑐𝑖, 𝑗 , 𝑡𝑖, 𝑗 )}𝐶𝑗=1}
𝑝

𝑖=1

}
(11)

• T : Π → R+ is the latency cost model that maps a complete

parallelism strategy to training iteration latency. X : Π →
R𝐶

is the memory cost model that outputs the maximum

memory consumption for any device from each cluster.

B.2 Constraint Interpretation
• Constraint (4) ensures device allocation does not exceed

cluster capacity, reflecting the fundamental resource limita-

tion in training environments.

• Constraint (5) requires each stage to have at least one

device, ensuring computational feasibility for each pipeline

stage.

• Constraint (6) enforces consistency between device mesh

size and intra-parallelism degrees, maintaining the mathe-

matical coherence of tensor partitioning where the product

of parallelism degrees must equal the total number of devices

allocated to a stage.

• Constraint (7) prevents out-of-memory issues, where ⪯
denotes element-wise inequality.

• Constraints (8) and (9) specify that all variables are non-

negative integers.

B.3 Principle-Guided Search Space Pruning

Table 5. Principle-guided constraints on the search space

Principle Constraint

P1 𝑙𝑖 ≥ 1,∀𝑖 ∈ [1, 𝑝] (layer-level granularity)
P2 ∀𝑖 ∈ [1, 𝑝], ∃! 𝑗 ∈ [1,𝐶] : 𝑛𝑖, 𝑗𝑚𝑖, 𝑗 > 0

P3 Consecutive stage allocation (see Eq. 12)

P4 Uniform intra-parallelism (see Eq. 13)

Based on the four principles described in § 4.1, we signifi-

cantly reduce the search space of the original optimization

problem. Following Principle #1, we replace the operator-
level stage definition {(𝑜𝑙𝑖 , . . . , 𝑜𝑟𝑖 )}

𝑝

𝑖=1
with layer-level gran-

ularity {𝑙𝑖 }𝑝𝑖=1, where 𝑙𝑖 represents the number of complete

Transformer layers in stage 𝑖 . The principle-constrained

search space Ppruned (𝜃 ) ⊂ P2 ◦ P1 (𝜃 ) is then defined by

the constraints in Table 5.

Table 6. Basic and advanced features based on domain knowledge

Symbol Description
Basic Features

𝑠 Sequence length

ℎ Hidden size (ℎ = ℎ𝑛 × ℎ𝑑 )
ℎ𝑛 Number of attention heads

ℎ𝑑 Head dimension

𝑐, 𝑡 CP, TP degrees

𝑏 = 𝐵
𝑞 ·𝑑 Local micro-batch size per device (global batch size

divided by micro-batches and DP degree)

𝑒 Bytes per element (e.g., 1 for FP8, 2 for BF16)

Derived Advanced Features
𝑢 Input tensor elements per localmicro-batch:𝑢 = 𝑏·𝑠 ·ℎ

𝐹𝑙𝑎𝑦𝑒𝑟 FLOPS per device per local micro-batch per layer:

𝐹𝑙𝑎𝑦𝑒𝑟 = 24𝑢ℎ+4𝑢𝑠
𝑐 ·𝑡

𝑀𝑙𝑎𝑦𝑒𝑟 Peak memory per device per local micro-batch per

layer:𝑀𝑙𝑎𝑦𝑒𝑟 =
(12ℎ2+8𝑢+4𝑏𝑠ℎ𝑛 ) ·𝑒

𝑐 ·𝑡
𝐶𝑡𝑝 TP communication volume per device per local micro-

batch per layer: 𝐶𝑡𝑝 = 2(𝑡 − 1)𝑢 ·𝑒𝑐 ·𝑡
𝐶𝑐𝑝 CP communication volume per device per local micro-

batch per layer: 𝐶𝑐𝑝 =
6(𝑐−1)

𝑐
𝑢 ·𝑒
𝑐 ·𝑡

𝑅𝑐𝑚 Compute-to-memory ratio: 𝑅𝑐𝑚 =
𝐹𝑙𝑎𝑦𝑒𝑟
𝑀𝑙𝑎𝑦𝑒𝑟

𝑅𝑐𝑐 Compute-to-communication ratio: 𝑅𝑐𝑐 =
𝐹𝑙𝑎𝑦𝑒𝑟

𝐶𝑡𝑝+𝐶𝑐𝑝

The formal definitions of P3 and P4 are:

P3: ∃𝜎 ∈ 𝑆𝐶 , ∃0 = 𝑒0 < 𝑒1 < · · · < 𝑒𝐶 = 𝑝 s.t.

∀𝑘 ∈ [1,𝐶],∀𝑖 ∈ (𝑒𝑘−1, 𝑒𝑘 ] : 𝑛𝑖,𝜎 (𝑘 )𝑚𝑖,𝜎 (𝑘 ) > 0 (12)

P4: ∀𝑘 ∈ [1,𝐶],∀𝑖1, 𝑖2 ∈ (𝑒𝑘−1, 𝑒𝑘 ] :
(𝑑𝑖1,𝜎 (𝑘 ) , 𝑐𝑖1,𝜎 (𝑘 ) , 𝑡𝑖1,𝜎 (𝑘 ) ) = (𝑑𝑖2,𝜎 (𝑘 ) , 𝑐𝑖2,𝜎 (𝑘 ) , 𝑡𝑖2,𝜎 (𝑘 ) ) (13)

where 𝑆𝐶 denotes the set of all permutations of {1, 2, . . . ,𝐶},
𝜎 represents a cluster assignment permutation, and 𝑒𝑘 de-

fines the ending stage index for cluster 𝑘 under this assign-

ment.

C Supplementary Explanation for Cost
Model

C.1 Basic and Advanced Features for Random Forest
Model Training

To further improve prediction accuracy, we incorporate do-

main knowledge to engineer informative features beyond the

basic features and derive advanced features that capture key

performance characteristics, including computational inten-

sity, memory requirements, communication overhead, and

their trade-offs. Representative basic and derived features

are listed in Table 6.

C.2 Memory Cost Model
We build our memory cost model through theoretical anal-

ysis following previous work [37, 41, 74]. Our approach

extends existing homogeneous cluster memory models to

support heterogeneous cross-cluster deployments and each

pipeline stage can use different intra-parallelism strategies.
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Thememory estimation framework accounts for fourmain

components: weight memory, optimizer states, gradients,

and activations. For weight memory, we calculate require-

ments for attention matrices, MLP projections, layer nor-

malization parameters, and embedding tables, considering

tensor parallelism sharding across TP groups and DeepSpeed

ZeRO Stage 3 weight distribution [59] across data parallel

groups when enabled. Optimizer state and gradient memory

calculations assume the Adam optimizer [33] with master

weights, momentum, and variance terms. We support differ-

ent ZeRO [58] stages where Stage 1 shards optimizer states,

Stage 2 additionally shards gradients, and Stage 3 shards

weights across data parallel groups. Activation memory esti-

mation considers intermediate computations during forward

and backward passes, accounting for different activation

recomputation strategies that trade computation for mem-

ory savings. We incorporate Flash Attention [13] optimiza-

tions and context parallelismwhere sequence dimensions are

sharded across devices. For pipeline parallelism, each stage

stores activations for multiple micro-batches according to

the scheduling strategy used.

For heterogeneous deployments, we consider different

memory capacities across cluster types. The framework val-

idates configurations against each cluster’s hardware con-

straints. When configurations exceed memory limits, the

model returns infinite cost to indicate infeasibility, guiding

the search algorithm toward viable parallelization strategies.

C.3 Random Forest Model Accuracy
For each device type (i.e., each cluster), we train a random

forest model to predict single Transformer layer forward

execution latency. We use 80% of the profiling data as train-

ing data and 20% as test data. The prediction results are

illustrated in Fig. 14.

D Solution for exp3 Given by HetAuto
The exact solution for exp3 given by HetAuto is illustrated

in Fig. 15. The pipeline parallelism degree is 18. Since each

cluster adopts the same data parallelism degree, the outer DP

is 8 and inner DP is 1 for each stage. We can see that differ-

ent clusters adopt different intra-parallelism strategies. For

the H20 cluster, it adopts intra-parallelism (𝑑, 𝑐, 𝑡) = (8, 1, 1),
so each stage contains 8 H20 GPUs. For the H800 cluster,

it adopts intra-parallelism (𝑑, 𝑐, 𝑡) = (8, 1, 2), so each stage

contains 16 H800 GPUs. For the A100 cluster, it adopts intra-

parallelism (𝑑, 𝑐, 𝑡) = (8, 2, 4), so each stage contains 64 A100

GPUs. For the Ascend A2 cluster, it adopts intra-parallelism

(𝑑, 𝑐, 𝑡) = (8, 1, 8), so each stage contains 64 Ascend A2. Al-

though the number of devices per stage varies significantly,

load balance is achieved through layer distribution to ensure

uniform latency across all pipeline stages. The cluster per-

mutation follows a memory capacity descending order due

to the descending memory consumption pattern in the 1F1B

pipeline. Additionally, the last pipeline stage contains 2 fewer

model layers because it needs to compute the loss, which

incurs additional overhead. This solution demonstrates Het-

Auto’s ability to effectively handle complex heterogeneous

environments.

E Resharding Strategies Comparison
We compare the three resharding strategies introduced in

§ 5.2. In our scenario, resharding only occurs among adjacent

stages across clusters, as the intra-parallelism strategy is

identical within each cluster. We test resharding strategies

across two clusters, each containing 16 NVIDIA A100-80GB

GPUs (2 nodes × 8 GPUs/node), representing one pipeline
stage. Intra-cluster bandwidth is either 100 Gbps InfiniBand

(inter-node) or 600 GB/s NVLink (intra-node). Inter-cluster

bandwidth is approximately 10 Gbps measured by iperf3.
Assume outer DP degree 𝑑𝑜𝑢𝑡𝑒𝑟 = 1, which means in each

pipeline stage (cluster), 𝑑𝑖𝑛𝑛𝑒𝑟 · 𝑐 · 𝑡 = 16, where 𝑑𝑖𝑛𝑛𝑒𝑟 is

inner DP degree, 𝑐 is context parallelism degree, 𝑡 is tensor

parallelism degree. As illustrated in § 5.2, the tensor layout

on each device is [ 𝑏′

𝑑𝑖𝑛𝑛𝑒𝑟
, 𝑠
𝑐𝑡
, ℎ], where 𝑏′ = 𝑏

𝑑𝑜𝑢𝑡𝑒𝑟
. Hence,

in the resharding scenario, we only care about the value of

𝑑𝑖𝑛𝑛𝑒𝑟 and the 𝑐𝑡 product. In our experiment, we vary all

possible (𝑑𝑖𝑛𝑛𝑒𝑟
1

, (𝑐𝑡)1, 𝑑𝑖𝑛𝑛𝑒𝑟2
, (𝑐𝑡)2) combinations (subject to

𝑑𝑖𝑛𝑛𝑒𝑟
1

· (𝑐𝑡)1 = 16, 𝑑𝑖𝑛𝑛𝑒𝑟
2

· (𝑐𝑡)2 = 16, and 𝑑𝑖𝑛𝑛𝑒𝑟
1

≠ 𝑑𝑖𝑛𝑛𝑒𝑟
2

otherwise no need for resharding), resulting in 20 differ-

ent parallelization combinations for comprehensive evalu-

ation. We set the global batch size 𝐵 = 16 and number of

micro-batches 𝑞 = 1, that is to say, the micro-batch size

𝑏 = 𝐵
𝑞 ·𝑑𝑜𝑢𝑡𝑒𝑟 ·𝑑𝑖𝑛𝑛𝑒𝑟 = 16

𝑑𝑖𝑛𝑛𝑒𝑟
varies between 1 and 16. We set

sequence length 𝑠 = 8192, hidden size ℎ = 4096, and use

bfloat16 tensor format. For each resharding operation, we

test 10 iterations (with the first 5 iterations as warmup) and

record the average latency. The results are illustrated in

Fig. 16 as box plots showing statistical distributions across

all 20 parallelization combinations. In the box plots, the box

represents the interquartile range (IQR) from the 25th to 75th

percentiles, and the whiskers extend to the minimum and

maximum values.

For strategy 1, its performance is unstable. As we ana-

lyzed, this strategy results in numerous small P2P trans-

fers that cause fragmented bandwidth usage and network

congestion, especially when the tensor layouts between

consecutive stages vary significantly. The slowest latency

(2107.84 ms) comes from the resharding requirement from

(𝑑𝑖𝑛𝑛𝑒𝑟
1

, (𝑐𝑡)1) = (16, 1) to (𝑑𝑖𝑛𝑛𝑒𝑟
2

, (𝑐𝑡)2) = (1, 16), which
requires 256 P2P transfers.

For strategy 2, its performance is stable but slow on av-

erage. The stable performance comes from the unchanged

communication pattern: the first stage gathers all tensor

slices on the first rank in stage 1, then uses a single P2P to

transfer the complete tensor to the first rank in stage 2, then

the first rank scatters tensor slices to other ranks in stage 2.
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(a) NVIDIA H20-141GB
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(b) NVIDIA H800-80GB
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(c) NVIDIA A100-80GB
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Figure 14. Random forest model prediction accuracy for different device types.
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Figure 15. The exact solution for exp3 given by HetAuto. The number of micro-batches is 64. We only plot the pipeline for outer DP 0.
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Figure 16. Resharding latency for different strategies across 20

parallelization combinations.

The pattern does not change with intra-parallelism strategy.

This strategy creates a bottleneck on the first rank, which

degrades its performance. Moreover, it is more likely to incur

OOM issues than the other two resharding strategies.

Strategy 3 achieves a good balance between strategies 1

and 2, obtaining the fastest average resharding latency and

avoiding severe performance fluctuations.
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