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ABSTRACT
Large language models (LLMs) require vast amounts of GPU compute to train, but limited availability and high
costs of GPUs make homogeneous clusters impractical for many organizations. Instead, assembling heterogeneous
clusters by pooling together GPUs of different generations allows them to achieve higher aggregate compute and
make use of all available GPUs. However, training on heterogeneous clusters presents significant challenges. The
workload must be carefully partitioned such that GPUs in the cluster with limited compute, memory, or network
bandwidth do not bottleneck the training process. Existing heterogeneous training systems cannot do so efficiently
since they integrate data, pipeline, and tensor parallelism in a way that trades off communication for memory
overhead. Combining vanilla data parallelism with pipeline parallelism is communication-efficient but results
in high memory overhead from replicating model parameters. Alternatively, using sharded data parallelism or
tensor parallelism reduces memory overhead but increases communication overhead when combined with pipeline
parallelism. To address this problem, we designed Zorse, a system that uses Pipeline-Efficient ZeRO DP, a novel
integration of pipeline parallelism and data parallelism that is both communication- and memory-efficient. Zorse
uses a planner to automatically find an optimized training configuration from the vast search space of possibilities
on heterogeneous clusters, and our evaluation shows that Zorse achieves up to 3× higher training throughput than
state-of-the-art systems across representative heterogeneous training scenarios.

1 INTRODUCTION

Large Language Models (LLMs) are built on the transformer
architecture and self-attention mechanism (Vaswani et al.,
2017), which effectively captures contextual dependencies
in language data. These models achieve state-of-the-art
performance in NLP tasks, including language generation,
translation, and summarization, making them highly versa-
tile and widely adopted.

Their training process involves substantial matrix multiplica-
tions, which, although computationally intensive, are highly
parallelizable. As a result, training is often accelerated us-
ing GPUs, leveraging their thousands of cores for parallel
processing. Given the high memory and computational de-
mands of training LLMs, the process is typically distributed
across a cluster of GPUs. Distributed training strategies
can be broadly categorized into data and model parallelism.
In data parallelism, each GPU processes a separate batch
of data using the full model. Techniques like ZeRO-3 (Ra-

1Cheriton School of Computer Science, University of
Waterloo, Waterloo, Canada 2Gray Systems Lab, Microsoft,
Redmond, USA. Correspondence to: Runsheng Benson Guo
<r9guo@uwaterloo.ca>.

Proceedings of the 9 th MLSys Conference, Bellevue, Washington,
USA, 2026. Copyright 2026 by the author(s).

jbhandari et al., 2020; Zhao et al., 2023) reduce memory
overhead by sharding rather than replicating training state
data, which includes model parameters, gradients, and op-
timizer state. Parameters need to be gathered through an
AllGather (NVIDIA, 2024) collective before computation.

Model parallelism partitions the model itself across multi-
ple GPUs. Pipeline model parallelism (Huang et al., 2019;
Narayanan et al., 2019) partitions a model into stages of con-
secutive model layers that are assigned to different GPUs.
The global batch of inputs is divided into smaller micro-
batches that are pipelined through the stages to parallelize
computation. Rather than dividing the layers of the model,
tensor model parallelism (Shazeer et al., 2018; Shoeybi et al.,
2019) divides the computation within each layer across
GPUs. This splits the computation at a finer granularity but
requires extra communication to aggregate layer results.

Some systems combine both data and model parallelism to
enhance training efficiency (Narayanan et al., 2021; Zheng
et al., 2022; Jiang et al., 2024). For example, Megatron-
LM (Narayanan et al., 2021) employs heuristics to select
the most appropriate parallelization strategies: tensor paral-
lelism (TP) within nodes with fast interconnects, pipeline
parallelism (PP) across nodes with slower connections, and
data parallelism (DP) for further scaling.

https://www.acm.org/publications/policies/artifact-review-and-badging-current
https://www.acm.org/publications/policies/artifact-review-and-badging-current
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Distributed training systems typically assume deployment
on clusters of homogeneous GPUs, which simplifies the
parallelism configuration. Since each GPU has the same
compute and memory capacity, they can be assigned an
equal share of the workload. However, many machine learn-
ing practitioners do not have access to large, homogeneous
clusters due to frequent GPU release cycles, limited cloud
availability, and GPU shortages (Zhang et al., 2024b; Jiang
et al., 2025; Yan et al., 2025; Um et al., 2024; Ding et al.,
2021; Nie et al., 2024). High-end GPUs are expensive, and
most organizations cannot afford to purchase a new cluster
every year to keep up with the rapid release of new GPUs.
Instead, they often incrementally acquire GPUs, resulting
in clusters of heterogeneous GPUs over time. Additionally,
several studies have highlighted the limited availability of
GPUs in the cloud (Jiang et al., 2025; Duan et al., 2024;
Strati et al., 2024). Newer GPU models are rarely accessible,
and it is often difficult to reserve more than 32 GPUs, even
for older generations (Guo et al., 2024; Jiang et al., 2025).
Nevertheless, users can still reserve larger GPU clusters for
computation by combining GPUs of different generations.

For these reasons, clusters of heterogeneous GPUs are be-
coming more and more ubiquitous, and there has been in-
terest in developing efficient distributed training systems
for heterogeneous clusters (Zhang et al., 2024b; Yan et al.,
2025; Um et al., 2024; Park et al., 2020). However, training
on such clusters introduces challenges:

(1) Diverse GPU capabilities: Different GPUs vary in com-
pute power and memory capacity. Efficient training requires
flexible parallelism strategies tailored to each device.

(2) Network heterogeneity: Variability in interconnect
bandwidth (e.g., inter- vs. intra-node, inter- vs. intra-
datacenter) requires communication-efficient parallelism
techniques that support large differences in link speeds.

(3) Memory constraints: GPUs with less memory capacity
demand efficient management of training state to maximize
compute utilization without running out of memory.

Existing systems focus on evenly distributing the computa-
tional workload by balancing the compute assigned across
heterogeneous GPUs according to their compute capacity.
However, they are unable to simultaneously address chal-
lenges in network heterogeneity and memory constraints.
PP is often used to scale training across multiple nodes,
since inter-node communication is typically significantly
slower than intra-node communication (Yan et al., 2025;
Um et al., 2024; Jia et al., 2022). Within each node, GPUs
can parallelize training with a combination of DP and TP.
However, there are tradeoffs in each of these approaches.

(1) Data Parallelism: Using vanilla DP does not scale for
large models since it requires replicating model parameters
across all GPUs. ZeRO-3 (Rajbhandari et al., 2020) (or
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Figure 1. Comparison of PP with ZeRO-2 vs ZeRO-3 across differ-
ent Llama (Touvron et al., 2023; Zhang et al., 2024a) model sizes
on 8 V100s + 8 T4s. OOM indicates Out-of-Memory.
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Figure 2. Hardware Flops Utilization (HFU (Chowdhery et al.,
2023)) of tensor parallelism (TP) vs data parallelism (DP) with
ZeRO-3 on 8 GPU AWS VMs.

FSDP (Zhao et al., 2023) in PyTorch) is a variant of DP
designed to avoid redundant storage of training state data
across GPUs. While this method significantly reduces the
memory requirement for storing training state data by a
factor proportional to the number of GPUs in the cluster, it
also increases communication overhead. Specifically, ZeRO-
3 must gather parameter shards before each forwards and
backwards computation (parameters are sharded afterwards).
This overhead is exacerbated when ZeRO-3 is combined
with PP, as PP divides a batch of inputs into microbatches
that are pipelined to overlap computation across pipeline
stages. Consequently, the frequency of parameter gathering
increases proportionally with the number of microbatches,
creating a significant communication overhead.

Alternatively, PP can be combined with ZeRO-2, which
shards optimizer state and gradients but keeps a full set
of parameters in memory. This avoids the need to gather
parameters before each computation, achieving higher train-
ing throughput but significantly increases memory usage,
as shown in Figure 1. This is especially problematic in
heterogeneous clusters, where some GPUs can be memory
constrained relative to their compute capacity (Guo et al.,
2024). In Figure 1, although both V100s and T4s have the
same memory, V100s are more than three times faster. As
model size increases, V100s in PP+ZeRO-2 are unable to
process a workload proportional to its compute capacity due
to memory constraints, resulting in lower throughput.

(2) Tensor Parallelism: TP also reduces memory utiliza-
tion by sharding computation and activations, but requires
frequent all-to-all communication between model layers.
Without high-bandwidth interconnects, the overhead from
these communications becomes prohibitively large, despite
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optimizations that overlap communication with computa-
tion (Wang et al., 2024). In Figure 2, we compare the GPU
utilization when training with TP versus data parallelism
(DP) across common AWS VMs. The plot shows that GPU
utilization with TP is low relative to DP for most VMs, and
is only comparable to DP on the 8×A100 VM that has high
bandwidth NVSwitch.

Like prior work, Zorse combines PP and DP by partitioning
the model into stages, pipelining computation across them,
and applying DP within each stage. However, Zorse em-
ploys a novel design of PP and DP called Pipeline-Efficient
ZeRO DP which enables more efficient large-scale heteroge-
neous training by sharding parameters in a way that reduces
GPU memory utilization with minimal overhead. Unlike
existing PP approaches, each stage is divided into multiple
smaller ministages and computation is interleaved in a way
that avoids materializing all ministage parameters and gra-
dients in memory, improves communication-computation
overlap, and avoids gathering parameters for every micro-
batch. Moreover, both activations and parameters are of-
floaded to CPU memory when not in use, further reducing
memory overhead while overlapping these transfers with
computation to hide transfer latency. Our paper makes the
following contributions:

1. We built Zorse, a flexible system that addresses het-
erogeneous training challenges through a novel and
efficient integration of pipeline and data parallelism
called Pipeline-Efficient ZeRO DP.

2. We design a planner that efficiently navigates the large
search space of configurations in Zorse, automatically
optimizing training for a given workload and cluster.

3. We demonstrate that Zorse greatly outperforms exist-
ing heterogeneous training systems, achieving up to
3× higher training throughput on three representative
clusters for models scaling up to 65 billion parameters.

4. We make Zorse available as open-source software 1 for
adoption and future extension by the community.

2 BACKGROUND AND RELATED WORK

In this section, we discuss existing systems and techniques
applicable to heterogeneous training.

General 3D Parallel Frameworks. Most state-of-the-art
distributed training systems (Liang et al., 2024; Rasley et al.,
2020; Miao et al., 2022; Narayanan et al., 2021) integrate
DP, PP, and TP by organizing GPUs into a 3D mesh, with
one parallelization strategy per axis. Moreover, each DP
group is configured to process the same batch size of inputs.

1We will add the link to the repo in the camera-ready paper.

This configuration simplifies system design and narrows the
parallelism plan search space. However, in heterogeneous
clusters, this approach may overlook efficient training con-
figurations. Such clusters often contain asymmetry, with
variations in GPU count per node, hardware, and datacen-
ter location. Efficient training configurations would ideally
group GPUs of the same datacenter, node, or GPU type for
DP, while applying PP across different groups, ensuring that
GPUs within each DP group share similar networking and
computational capabilities. Assigning differing batch sizes
across DP groups enables more fine-grained distribution of
the workload, as the batch size is typically much larger than
the number of layers in modern LLMs.

Heterogeneity-Aware 3D Parallel Frameworks. Frame-
works such as HexiScale (Yan et al., 2025), Metis (Um
et al., 2024), Whale (Jia et al., 2022), and Sailor (Strati et al.,
2025) are designed for 3D parallelism in heterogeneous clus-
ters. They support asymmetric PP and permit varying batch
sizes within a DP group, enabling balanced computation
across different GPUs. However, these frameworks do not
support ZeRO-3 parameter sharding due to communication
bottlenecks when integrated with PP. Instead, they employ
ZeRO-2 and standard DP, respectively. For larger models
where training is infeasible without parameter sharding, TP
is employed. However, TP incurs high communication over-
heads and poor GPU utilization, particularly for non-high
end GPU VMs without NVSwitch.

Heterogeneity-Aware ZeRO-3. Systems like Cephalo (Guo
et al., 2024) and Poplar (Zhang et al., 2025) utilize ZeRO-
3 for training on heterogeneous clusters. Instead of using
PP or TP to scale training for larger batch sizes, Cephalo
employs gradient accumulation to reduce the memory re-
quirements by splitting large batch sizes into smaller mi-
crobatches. It also reorders the computation to avoid re-
gathering parameters for each microbatch. However, due
to the lack of support for PP, Cephalo cannot efficiently
utilize network resources in highly heterogeneous networks,
resulting in networking bottlenecks when the batch size is
insufficient to hide communication latencies.

3 DESIGN

To overcome the challenges in heterogeneous training dis-
cussed in Section 2, we developed Zorse. Zorse uses
Pipeline-Efficient ZeRO DP, which combines PP and DP in
a way that is simultaneously communication- and memory-
efficient. Zorse also supports Heterogeneous Pipeline Par-
allelism, allowing asymmetric partitioning of GPUs across
pipeline stages and varying batch sizes within a DP group.
Finally, Zorse’s planner automatically determines optimized
training configurations for a given workload.
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Figure 3. Pipeline-Efficient ZeRO DP in Zorse. The diagram shows a training iteration for a model with 20 layers (Li) and 3 microbatches.
There are 3 GPU groups, each with 4 ministages, for a total of 8 layers in Group 1, 4 layers in group 2, and 8 layers in group 3. Due
to different computational speeds, groups have different numbers of layers per ministage. Each group maintains the current and next
ministage, offloading others to CPU memory.

3.1 Pipeline-Efficient ZeRO Data Parallelism

Pipeline-Efficient ZeRO DP in Zorse is a novel integration of
PP and ZeRO-based DP that leverages interleaved pipelining
and offloading to reduce memory utilization while avoiding
large communication overheads. Instead of conventional PP
which assigns one stage per GPU, Zorse uses interleaved
pipelining which assigns multiple smaller ministages to each
GPU and interleaves computation across them.

3.1.1 Interleaved Pipelining

Figure 3 illustrates how computation is interleaved in
Pipeline-Efficient ZeRO DP. The forwards pass is processed
for each ministage sequentially, finishing all microbatches
for a ministage before moving on to the next. The back-
wards pass is processed similarly in the reverse order. Since
the microbatches are all processed together for each min-
istage, we offload to CPU memory ministages that are not
actively being used. With this design, Zorse needs to main-
tain only the parameters for 2 ministages in memory at a
time (the current ministage and the next ministage that is
being prefetched in parallel), rather than all the parameters
in the stage in standard PP+ZeRO-2. As in ZeRO, the gradi-
ents and optimizer state are sharded across each DP group.
Note that this design differs from traditional interleaved
pipelining which interleaves computation across ministages
with a 1F1B schedule (Narayanan et al., 2021), requiring
frequent parameter gathering if parameters were sharded.

Let L be the total number of layers in the stage, S be the
number of stages, Player be the number of parameters in
each layer, Ddp be the degree of DP, and M be the number
of microbatches. Table 1 summarizes the parameter mem-
ory and communication requirements of Zorse (Pipeline-
Efficient ZeRO DP) , PP+ZeRO-2, and PP+ZeRO-3. As the
number of ministages increases, the memory utilization of
Zorse approaches that of PP+ZeRO-3 and is significantly
lower than PP+ZeRO-2. Additionally, Zorse has similar
communication requirements as PP+ZeRO-2, with one All-
Gather per layer in the forwards and backwards pass. This
is significantly lower than PP+ZeRO-3, which requires one
AllGather per microbatch of each layer. This strategy is

distinct from Breadth-first PP (Lamy-Poirier, 2023; Dubey
et al., 2024), which does not balance compute well in het-
erogeneous clusters since each ministage is a single layer.
A detailed comparison is presented in Appendix 2.

Strategy Materialized Sharded # AllGathers
Parameters Parameters

Zorse 2× L
S × Player 0 2× L

PP+ZeRO-2 L× Player 0 L

PP+ZeRO-3 2× Player (L− 2)× Player

Ddp
2× L×M

Table 1. Memory and communication comparison of strategies.

3.1.2 Interleaved Optimizer Updates

Zorse further takes advantage of its interleaved pipelining
schedule to interleave optimizer updates. Instead of starting
the optimizer update after the backwards pass completes for
all layers, Zorse starts the optimizer update for each min-
istage as soon as its own backwards pass completes, while
the computation for the next ministage is simultaneously
starting. This design (Figure 4) offers two key advantages:

(1) Reduced peak memory utilization: By freeing the
gradients of each ministage as soon as its optimizer update
is finished, Zorse avoids the need to retain gradients until
the entire backward pass is complete.

(2) Decreased communication overhead: The optimizer
update requires averaging gradients across GPUs within its
DP group. By interleaving optimizer updates, this commu-
nication can overlap with the computation of subsequent
ministages. This overlap is not possible if all optimizer
updates start at the end of the pipeline schedule.

3.1.3 Activation Checkpointing and Offloading

As in prior work (Narayanan et al., 2021; PyTorch, 2023;
Yan et al., 2025), Zorse checkpoints activations after each
transformer layer, discarding activations between layer
boundaries and recomputing them when they are needed in
the backwards pass. However, the remaining activations at
layer boundaries still require a significant chunk of GPU
memory due to the pipeline schedule. Sequential processing
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Figure 4. Interleaved optimizer updates in Zorse vs. traditional
pipeline parallelism (4 ministages, 3 microbatches).

of all forwards passes before backwards passes means that
layer boundary activations for all microbatches of all layers
need to be maintained in memory. With a batch size of B,
L layers, sequences of length S, a hidden layer size of H ,
and D bytes per parameter, the memory overhead is B × L
activations of size S×H×D bytes. Even at smaller training
scales, this can amount to many GBs of memory.

Thus, in addition to offloading parameters, Zorse also of-
floads layer boundary activations to CPU memory during the
forwards pass, which are loaded back during the backwards
pass. With offloading, Zorse needs to maintain activations
for only the current microbatch being computed and for the
next microbatch being prefetched.

To offload parameters, the host machine must have sufficient
memory to store all ministages and boundary activations for
all GPUs in CPU memory. GPU VMs typically have much
more CPU RAM than GPU VRAM and this requirement
is satisfied by our VMs for the largest workloads. For ex-
ample, the largest model we evaluate requires 130 GB of
host memory, whereas the AWS 8×A100 VMs used pro-
vide 1152 GB. The PCIe bandwidth on our VMs supports
per-GPU 16 GB/s CPU-GPU bandwidth, which is sufficient
to ensure that CPU-GPU transfers do not bottleneck training
in practice.

In Section 4.4, we describe how Zorse efficiently overlaps
offloading (and loading) of activations, and model parame-
ters with computation to hide offloading overhead.

3.2 Heterogeneous Pipeline Parallelism

Zorse implements heterogeneous pipeline parallelism, en-
abling pipeline stages with varying numbers of GPUs and
heterogeneous GPU types. This flexibility enables efficient
PP and DP configurations in heterogeneous clusters by ac-
commodating variations in GPU quantities, types, and capa-
bilities across nodes.

Figure 5 demonstrates heterogeneous PP on a 3-node cluster
spanning two regions with 1, 2, and 4 GPUs of different
types. The approach combines Region 1’s nodes into a sin-
gle 3-GPU stage and Region 2’s node into a 4-GPU stage.
This configuration exploits high-bandwidth intra-region con-
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GPUGPU
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Figure 5. Heterogeneous pipeline parallelism in Zorse compared
to traditional pipeline parallelism.

nections for DP while limiting PP communication to lower-
bandwidth inter-region links, requiring only two pipeline
stages. In contrast, traditional PP necessitates six single-
GPU stages to maintain uniformity, substantially increas-
ing pipeline overhead and reducing flexibility in balancing
model layers across stages.

Cross-stage Communication Algorithm. Traditional PP
enables straightforward one-to-one communication between
uniform GPUs across stages. Heterogeneous PP, however,
requires many-to-many communication patterns to reshuffle
data between stages with varying GPU counts and types.

Zorse computes an optimized communication plan to redis-
tribute microbatches across stages and balance computation
within each stage. Microbatches are assigned to GPUs based
on their relative layer runtimes. This algorithm estimates
completion times for microbatches of the current stage and
remaining compute time for each GPU in the next stage. It
then assigns the ith completed microbatch to the GPU with
the ith highest remaining runtime, prioritizing GPUs with
more work to minimize overall stage runtime. More details
and pseudocode are provided in Appendix 1.

3.3 Planner

Given a heterogeneous cluster of GPUs and a training work-
load, the planner determines a configuration for Zorse that
is optimized for training throughput. Zorse initially profiles
the cluster and workload to gather model runtime and net-
working statistics, which are then used by the planner to
determine the final training configuration (Figure 6). Zorse’s
planner employs a two-phase optimization process to opti-
mize the training configuration:

3.3.1 Profiling.

We measure inter-node and intra-node bandwidths between
pairs of nodes and GPUs, respectively, for use in cluster
partitioning. We profile model layer runtimes on each GPU
for small batch sizes and fit a linear model to predict run-
times for unseen batch sizes, which is a lightweight yet
accurate method for estimating runtime (Guo et al., 2024;
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Um et al., 2024). These bandwidth measurements and run-
time predictions are used to estimate training latencies in
Phase 2. We model the AllGather and ReduceScatter la-
tencies based on profiled network bandwidths, assuming
a ring-based implementation (Strati et al., 2024). To ac-
celerate profiling, we: (1) parallelize intra-node profiling,
and (2) profile inter-node bandwidths only between unique
VM configurations, as large clusters often contain redundant
configurations. Further details are provided in Appendix 4.

3.3.2 Phase 1: Cluster Partitioning.

The first phase determines the division of the cluster into
k GPU groups, where GPUs within groups use DP while
PP operates across groups. The objective is minimizing
inter-group bandwidth usage to enable efficient PP over
lower bandwidth links between groups and DP over faster
intra-group links.

The cluster is represented as a fully connected graph G =
(V,E), with vertices V representing GPUs and edge weights
w(u, v) indicating bandwidth between GPUs u and v. The
partitioning task is formulated as a min-k cut problem, aim-
ing to divide V into k disjoint subsets V1, V2, . . . , Vk that
minimize the total weight of inter-subset edges:

min
∑

u∈Vi,v∈Vj

i ̸=j

w(u, v), s.t.
k⋃

i=1

Vi = V, Vi∩Vj = ∅ if i ̸= j

This optimization ensures higher bandwidth links remain
within groups. The problem is solved for each k from 1 to
N (total GPU count).

Given the impractical O(Nk2

) exponential time complexity
of exact min-k cut algorithms (Goldschmidt & Hochbaum,
1988), we employ the SPLIT greedy approximation algo-
rithm (Saran & Vazirani, 1995), which guarantees solutions
within 2− 2/k of optimal. SPLIT iteratively computes min
2-cuts and removes edges until k components remain, en-
abling efficient approximate solutions for all k values in a
single pass. With min 2-cuts requiring O(N3) time (Stoer
& Wagner, 1997) and N iterations needed, the overall com-
plexity is O(N4).

3.3.3 Phase 2: Model Configuration.

Phase 2 leverages cluster partitions from Phase 1 to opti-
mize the training configuration, determining model layer
partitioning into ministages, GPU group ordering, and mi-
crobatch sizes. Given the large configuration space, Zorse
applies heuristics to filter candidates before evaluating re-
maining options using latency and memory models.

Heuristics. Pipeline parallelism performance is limited
by the slowest GPU group. To minimize latency, model
layers are partitioned proportionally to each group’s aggre-
gate processing speed, computed as the sum of per-GPU
layer processing rates. These layer assignments are divided
into equal-sized ministages and ordered across groups in
round-robin fashion. GPU group ordering affects pipeline
startup as the first ministage must gather sharded parameters
without overlapping communication. Groups are ordered
by descending intra-group bandwidth to minimize initial
communication overhead.

Enumeration. The planner enumerates configurations of
batch size and ministages per group (bounded by layer
count), yielding O(B · L) combinations where B is global
batch size and L is layer count. A lightweight latency and
memory model identifies the fastest configuration meeting
memory constraints.

3.3.4 Latency Model.

The total training latency is modeled as: Ltotal =
(Lforwards +Lbackwards) ·Nministages +Lstartup, where
Lforwards and Lbackwards represent ministage processing
latencies for forward and backward passes, Nministages

denotes ministages per GPU group, and Lstartup pipeline
initialization latency.

The model accounts for microbatch computation overlap,
Pipeline-Efficient ZeRO DP communication requirements,
and non-overlappable pipeline bubbles. Forward, backward,
and network latencies are derived from profiling (Section
3.3.1), with additional details in Appendix 5.
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3.3.5 Memory Model.

The total per-GPU memory consumption is modeled as:
Mtotal = Mparams + Mgrads + Moptim + Mactivations,
where Mparams, Mgrads, Moptim, and Mactivations rep-
resent memory allocated for model parameters, gradients,
optimizer states, and activations respectively.

The model considers parameter and activation offloading
in Pipeline-Efficient ZeRO DP, along with storage require-
ments for both full and half-precision parameter copies in
FP16 mixed-precision training. See Appendix 5 for details.

4 IMPLEMENTATION

In this section, we provide details on Zorse’s implementation
and optimizations. Zorse is built on PyTorch FSDP.

4.1 Pipeline-Efficient ZeRO DP

We modified FSDP’s parameter management to support
interleaved pipeline parallelism by addressing key timing
assumptions. Unlike ZeRO-2 which keeps parameters mate-
rialized between forward and backward passes, we reshard
and offload ministage parameters to CPU post-forward pass,
then reload and unshard during the backward passes. To han-
dle FSDP’s premature resharding after the first microbatch’s
backward pass, we delay resharding until all microbatches
complete. We limit memory usage by configuring the FSDP
prefetcher to fetch only the next immediate ministage. Fi-
nally, we create per-ministage optimizers that execute after
their corresponding backward passes complete.

4.2 Communication Libraries

We use NCCL for DP communication within GPU groups.
For PP communication, we encountered limitations with
NCCL’s blocking P2P behavior (NVIDIA Corporation,
2020), which can cause deadlocks in heterogeneous PP
due to cyclic dependencies. We implemented a hybrid ap-
proach using NCCL where possible and GLOO P2P (non-
blocking) between GPU groups where cycles in communi-
cation are possible. While GLOO cannot utilize NVLink,
this was not a performance bottleneck as NVLink typically
connects GPUs within the same DP group rather than across
PP groups. Since GLOO is used only for PP communica-
tion, this overhead occurs primarily during pipeline warmup,
when communication cannot be overlapped with computa-
tion. After the pipeline is saturated, computation time can
typically fully hide the overhead of GLOO. More details
are provided in Appendix 1.

4.3 Computation-Networking Overlap

We optimize communication-computation overlap by man-
aging parameter sharding at the layer level instead of min-

istage level. By gathering layers sequentially rather than
as a single large chunk, computation can begin once the
first layer is ready while subsequent layers are prefetched
in parallel. Similarly, in the backwards pass we prefetch
CPU-offloaded parameters.

4.4 Computation-Offloading Overlap

PyTorch’s built-in CPU offloading incurs significant perfor-
mance overhead by blocking GPU computation and exe-
cuting optimizer steps on CPU when parameter offloading
is enabled. Our implementation utilizes separate CUDA
streams for parameter and activation offloading without
blocking GPU computation. Similarly, we prefetch activa-
tions and parameters in advance to prevent stalling during
backward pass. Finally, we execute optimizer steps on GPU
prior to offloading to avoid optimizer updates on CPU.

5 PERFORMANCE EVALUATION

We compare Zorse to state-of-the-art heterogeneous training
systems across three representative clusters with up to 128
GPUs, and LLMs with up to 65B parameters. Details on
training configurations and an ablation study on Zorse’s key
components are provided in Appendix 3.

5.1 Experimental Setup

For all systems, we train with a global batch size of 1 million
tokens using FP16 mixed precision and apply activation
checkpointing to reduce memory overhead (PyTorch, 2023).
We use Llama (Touvron et al., 2023) and GPT (Brown et al.,
2020) models with up to 65 billion parameters. Model
specifications are provided in Appendix 3.

Clusters. We evaluate on three clusters representative of
common heterogeneous training scenarios. Clusters include
VMs from Azure and AWS, with up to 128 GPUs of low-,
mid-, and high-end GPUs, and span up to 2 regions. Ap-
pendix 6 details GPU specifications, while Table 2 presents
the cluster configurations. We use sequence lengths of 4096,
1024, and 512 for clusters A, B, and C respectively, using
longer sequences on clusters with more powerful GPUs.

Table 2. Cluster GPU Configurations
Cluster Cloud # VMs GPUs / VM Total Total Total

Regions GPUs TFlops (FP16)

A Azure
2 2×H100

1 20 8332
2 8×A100 (80GB)

B AWS

1 8×A100 (40GB)

1 64 8112
2 8×A10G
2 8×V100
3 8×T4

C AWS
2 8×A10G

2 128 82402 8×V100
12 8×T4

Baselines. We compare against representative state-of-the-
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art techniques for training on heterogeneous GPU clusters:

TorchTitan-Het: 3D parallelism in TorchTitan (Liang et al.,
2024) adapted for heterogeneous clusters by partitioning
the model unevenly to balance compute across PP stages.
We try different combinations of DP (ZeRO-2), PP, and TP,
reporting the best performing configuration.

HexiScale: Combines DP (ZeRO-2), TP, and PP, leveraging
a planner to select an optimized training configuration.

Cephalo: Distributes compute workload and training state
data unevenly with FSDP to utilize heterogeneous resources.

Metrics. We evaluate training performance using: (1)
TFlops: Floating point operations per second, and (2) Hard-
ware FLOPS Utilization (HFU (Chowdhery et al., 2023)):
Ratio of achieved TFlops to the cluster’s peak theoretical
TFlops, quantifying GPU utilization efficiency.

5.2 Training Throughput

We compare Zorse to existing systems across three common
heterogeneous training scenarios. A summary of the results
is provided in Table 3.

Cluster A: Small-size cluster of high-end GPUs. This
cluster comprises 4 H100s and 16 A100s, representing sce-
narios with limited high-end GPUs combined into a larger
cluster. GPUs within nodes connect via NVSwitch, while
inter-node bandwidth is 50 Gbps. Zorse outperforms all
baselines, with relative speedup increasing with model size.

TorchTitan-Het partitions the model into 5 stages, each with
4 GPUs, one grouping the 4 H100s together and the rest
grouping the A100s. It employs a 2 × 2 ZeRO-2 DP×TP
configuration, which works well for smaller models but runs
out of memory on larger ones. Gradient accumulation is
used to reduce memory utilization, but this adds parameter
gathering communication per accumulation step.

HexiScale utilizes PP+ZeRO-2 DP and adjusts parallelism
degrees for memory management. However, memory pres-
sure with larger models leads to suboptimal partitioning
and H100 underutilization. Despite H100s having 3× the
TFlops of A100s but only 15% more memory, they cannot
scale proportionally to their compute capacity.

Cephalo applies ZeRO-3 across all GPUs but suffers from
the 35-fold disparity between intra-node and inter-node
bandwidths, creating communication bottlenecks in All-
Gather and ReduceScatter operations.

In contrast, Zorse maintains high efficiency even with larger
models by grouping GPUs within each node for DP and
applying PP across nodes, possible with Zorse’s support
for heterogeneous PP. Its memory optimizations allow it
to train larger models while evenly balancing computation
across GPUs, unlike other systems that must compromise

performance to avoid running out of memory.

To validate generalizability of Zorse to other model architec-
tures, we also evaluate on GPT model variants in cluster A,
demonstrating similar performance improvements relative
to baselines.

Cluster B: Medium-size cluster of low, middle, and high
end GPUs. This cluster comprises 8 A100s, 16 A10Gs, 16
V100s, and 24 T4s, representing scenarios where users have
limited access to GPUs with diverse performance capabili-
ties but aim to utilize them concurrently for training. The
cluster presents challenges due to its heterogeneity in com-
putational power, memory, and networking. For instance,
V100s and A100s benefit from faster intra-node NVLink
interconnects, whereas T4s and A10Gs rely on PCIe; T4s
and V100s share the same memory capacity, yet V100s are
twice as fast; A10Gs and V100s have similar computational
speeds, but A10Gs offer 1.5 times more memory.

Zorse organizes the cluster into four groups based on GPU
type and hardware configuration, enabling ZeRO-2 DP
within groups that share networking hardware to prevent
slower interconnects from impacting faster ones. For 13B
and 33B models, Zorse implements 4 and 6 ministages
per GPU respectively, enhancing parameter offloading and
reducing memory consumption. This approach optimizes
performance by freeing memory for more efficient layer
distribution across GPUs. Zorse achieves 1.5× – 4× higher
training throughput compared to all baselines.

TorchTitan-Het and HexiScale lack effective activation of-
floading mechanisms and rely on extensive PP partitioning
for memory management. However, the limited number
of model layers prevents effective computation balancing
across PP stages. For instance, HexiScale divides the Llama
33B model into over 16 stages, but with only 40 layers avail-
able, the partitioning remains too coarse for effective load
balancing. The A100’s 5× higher TFlops compared to the
T4 would require proportionally more layers to achieve bal-
ance. TorchTitan-Het’s inflexible PP and DP configuration
results in out-of-memory errors when training Llama 33B.

Cephalo efficiently manages memory by fully sharding pa-
rameters across the cluster, balancing computation across
GPUs. However, it faces bottlenecks due to collective com-
munication in the highly heterogeneous network.

Cluster C: Large-size cluster of low- and middle-end
GPUs. This cluster consists of 128 GPUs distributed across
two AWS regions: 16 A10Gs and 48 T4s in one region,
and 16 V100s and 48 T4s in the other. It represents scenar-
ios where users have access to numerous low- and mid-tier
GPUs rather than high-end hardware. The large GPU count,
limited memory per GPU (≤ 24GB), and high cross-region
communication latencies present significant training chal-
lenges, resulting in reduced throughput and utilization. De-
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Table 3. Throughput (TFlops) and GPU utilization (HFU) of Zorse compared to other systems across different model sizes and clusters
(higher is better). OOM denotes Out-of-Memory.

Cluster Model Zorse TorchTitan-Het HexiScale Cephalo
TFlops HFU TFlops HFU TFlops HFU TFlops HFU

A
Llama 7B 4370.56 52.46% 4223.80 50.69% 3193.46 38.33% 1714.52 20.58%
Llama 13B 4917.87 59.02% 3837.49 46.06% 3270.32 39.25% 1656.29 19.88%
Llama 33B 5281.64 63.39% 944.47 11.34% 3064.22 36.78% 1943.89 23.33%
Llama 65B 5239.13 62.88% OOM OOM 2048.63 24.59% 1937.64 23.26%
GPT 6.7B 4155.60 49.88% 4154.76 49.87% 3778.72 45.35% 2786.97 33.45%
GPT 13B 4777.44 57.34% 3269.15 39.23% 4214.12 50.58% 2645.70 31.75%

B Llama 7B 3412.88 43.49% 2033.53 25.91% 1194.89 15.23% 2274.50 28.98%
Llama 13B 2965.64 37.79% 1956.09 24.93% 1152.73 14.69% 1992.24 25.39%
Llama 33B 2658.29 33.87% OOM OOM 657.16 8.37% 1373.31 17.50%

C Llama 7B 3936.94 39.24% 2441.70 24.34% 2624.63 26.16% 1213.39 12.10%
Llama 13B 3357.97 33.47% 2061.55 20.55% 1952.31 19.46% 1222.96 12.19%
Llama 33B 1548.60 15.44% OOM OOM OOM OOM 775.42 7.73%

spite these constraints, Zorse maintains a consistent 1.5×
performance advantage over baselines.

Zorse prevents OOM errors by configuring DP group sizes
based on each VM’s capabilities. The A10Gs operate as
a single DP group, while V100s form two 8-GPU groups
to handle comparable layer counts with half the memory
capacity. T4s, processing fewer layers due to computational
constraints, are divided into two 24-GPU groups per region
to minimize cross-region communication overhead.

The baseline systems encounter various limitations.
TorchTitan-Het requires excessive PP partitioning due to
its symmetric GPU grouping constraints, resulting in high
pipeline overhead. HexiScale suffers from communication
bottlenecks due to its reliance on TP for memory man-
agement. While Cephalo reduces V100 memory pressure
through asymmetric state partitioning, cross-region commu-
nication remains a significant performance bottleneck.
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Figure 7. PFlops (1k TFlops) and HFU scaling as heterogeneous
GPUs are added to the clusters.

5.3 Cluster Scaling

We validate Zorse’s scalability with increasingly heteroge-
neous and larger clusters. For each cluster, we first evaluate

the training performance of the largest model that can be
trained on the slowest GPUs. We then incrementally add
faster GPUs to the training group, gradually increasing the
total number of GPUs and heterogeneity until the entire
cluster is utilized. Results are presented in Figure 7.

Adding heterogeneous GPUs into the training group across
various clusters significantly improves training throughput.
Furthermore, cluster utilization (HFU) generally remains
stable or improves, as observed in Cluster B. Improve-
ments can be attributed to reduced memory requirements
per GPU with the addition of more GPUs, enabling more
efficient training configurations that better balance compu-
tation. These results demonstrate that when homogeneous
GPUs are limited, they can be pooled together to achieve
higher throughput without sacrificing training efficiency.

5.4 Comparison to Homogeneous Training

We assess the training efficiency of Zorse on heterogeneous
versus homogeneous clusters in Figure 8. For each hetero-
geneous cluster, we compare the HFU achieved per GPU
type when training on the entire cluster against training on
only the homogeneous subset of those GPUs within the
cluster. This evaluation uses the largest model that can be
trained across all cluster configurations without running out
of memory. Homogeneous training is typically expected
to be more efficient due to its smaller scale and uniform
hardware, which reduces communication overhead and elim-
inates the need for balancing computation. Nevertheless,
our results demonstrate that Zorse consistently achieves ef-
ficiency levels comparable to homogeneous training, reflect-
ing its ability to balance network, compute, and memory het-
erogeneity. These results, along with Section 5.3, showcase
Zorse’s capability to scale training effectively across hetero-
geneous clusters, achieving significantly higher throughput
than when limited to homogeneous training, while preserv-
ing GPU efficiency.
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5.5 Pipeline-Efficient ZeRO DP Analysis

PP+ZeRO-3 provides memory efficiency but suffers from
low throughput due to communication overhead, while
PP+ZeRO-2 achieves high throughput but is memory in-
efficient. Here we analyze how Pipeline-Efficient ZeRO
DP in Zorse is able to achieve a good balance between low
memory and high throughput. This tradeoff can be adjusted
through the interleaving factor, which represents the number
of ministages assigned per GPU.

Figure 9 evaluates Pipeline-Efficient ZeRO DP on two ho-
mogeneous clusters (16 A100s and 16 A10Gs) to isolate in-
terleaving effects from heterogeneous compute imbalances.
Increasing from 1 to 2 ministages per GPU causes a small
throughput reduction due to pipelining overhead. Further
increases in ministages yield minimal additional throughput
impact while continuing to decrease memory usage. At
maximum interleaving, memory utilization decreases by
40% with only a 20% throughput reduction. This memory-
throughput tradeoff enables more balanced computation
across GPUs in memory-constrained heterogeneous settings,
which often offsets the additional pipelining overhead.

Compared to PP+ZeRO-3, Pipeline-Efficient ZeRO DP
achieves substantially higher throughput with similar mem-
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Figure 11. Training performance of Zorse with PP + TP vs Zorse
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ory efficiency, particularly on A10Gs with slower intercon-
nects. At maximum interleaving, Pipeline-Efficient ZeRO
DP uses even less memory through parameter offloading,
with offloading overhead less than 3% across all workloads.
While Pipeline-Efficient ZeRO DP was designed as a solu-
tion for efficient training on heterogeneous clusters that are
both memory and bandwidth constrained, it is also effective
for resolving similar bottlenecks on homogeneous clusters.

5.6 Pipeline-Efficient ZeRO DP vs TP

Zorse employs Pipeline-Efficient ZeRO DP instead of TP
since it achieves comparable memory utilization with sig-
nificantly lower communication overhead. For flexibility
and comparison, we integrated TP with Sequence Paral-
lelism for normalization layers into Zorse, enabling training
parallelization using TP within pipeline stages rather than
DP. Figure 11 evaluates Zorse with PP+DP versus PP+TP
on cluster A. This is an ideal setting for TP due to high-
bandwidth NVLink interconnects between GPUs within
nodes. The model is divided into 4 stages across nodes,
with TP applied within each stage.

Results show PP+TP underperforms PP+DP for both Llama
7B and 13B models. Sequential dependencies in gathering
and reducing layer inputs prevent complete overlap, result-
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ing in high communication overhead despite fast NVLink
operations. Memory utilization remains comparable be-
tween TP and DP as both approaches shard model activa-
tions and parameters, though through different dimensions.
TP shards by sequence and hidden dimensions while DP
shards by batch dimension. While these experiments used
larger ministages with DP, configurations with many small
ministages can achieve lower GPU memory utilization than
TP by offloading inactive ministage parameters to CPU.

5.7 Planner Optimization Time and Accuracy

The search space for optimal training configurations in Zorse
encompasses asymmetric combinations of PP and DP, model
partitioning, interleaved pipelining, and microbatch sizes.
Despite the complexity, Zorse’s planner completes optimiza-
tion within 3 minutes across all workloads, comparable to
reconfiguration times of dynamic parallelism systems (Wa-
genländer et al., 2024; Li et al., 2025). This gives Zorse
flexibility to adapt training strategies for elastic resource al-
location and node failures. Fast planning is achieved through
a two-phase optimization approach using approximation al-
gorithms and search space pruning heuristics. Figure 10
shows optimization time breakdown for the largest models
in each cluster. Profiling time dominates but scales sublin-
early with GPU count through parallelization and avoiding
redundant measurements on duplicate hardware. As shown
in Figure 12, the planner’s latency model maintains accu-
racy within 10% of actual measurements. Our memory
model was also accurate within 10% of observed memory
utilization.

6 DISCUSSION

Zorse achieves efficient training for heterogeneous clusters
through a combination of PP and DP. This section discusses
Zorse’s applicability to homogeneous clusters and integra-
tion with other forms of parallelism.

6.1 Benefits in Homogeneous Clusters

Several of Zorse’s techniques can also be useful in homo-

geneous clusters. Section 5.5 evaluates Pipeline-Efficient
ZeRO DP in a homogeneous setting, showing substantial
training speedups over PP + ZeRO-3 and significantly lower
memory usage than PP + ZeRO-2.

Interleaved optimizer updates and activation offloading are
low-overhead memory optimizations that provide similar
benefits in homogeneous clusters. Finally, Zorse’s plan-
ner remains effective in homogeneous environments, since
the homogeneous clusters are a strict subset of the hetero-
geneous search space it is designed to handle. Moreover,
even homogeneous GPU clusters exhibit communication
heterogeneity (e.g., intra- vs. inter-node links), making the
planner’s considerations directly applicable.

6.2 Tensor Parallelism

Although Zorse does not support TP due to TP’s ineffective-
ness in common heterogeneous training scales (Guo et al.,
2024; Um et al., 2024; Yan et al., 2025; Park et al., 2020),
TP remains valuable for exceptionally large models whose
layers cannot fit on a single GPU. In such scenarios, PP
and DP run out of memory because they cannot partition
computation at a finer granularity than a layer. While few or-
ganizations train at this scale, future work could support this
use case by extending Zorse to consider DP + TP (including
context parallelism (Li et al., 2023)) combinations within
each GPU group. We discuss how this can be implemented
in Appendix 7.

7 CONCLUSION

We present Zorse, a system for efficient training of LLMs
on heterogeneous clusters with diverse compute, memory,
and networking capabilities. Through optimized integration
of PP and DP, Zorse achieves both memory efficiency and
low communication overhead. The system employs an effi-
cient planner to navigate the vast configuration space and
determine optimized training strategies for heterogeneous
environments. Experimental results demonstrate that Zorse
delivers up to 3× higher training throughput compared to
state-of-the-art systems across multiple representative het-
erogeneous scenarios.
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