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Abstract

Scaling Deep Neural Networks (DNNs) requires significant
computational resources in terms of GPU quantity and com-
pute capacity. In practice, there usually exists a large number
of heterogeneous GPU devices due to the rapid release cy-
cle of GPU products. It is highly needed to efficiently and
economically harness the power of heterogeneous GPUs, so
that it can meet the requirements of DNN research and de-
velopment. The paper introduces Poplar, a distributed train-
ing system that extends Zero Redundancy Optimizer (ZeRO)
with heterogeneous-aware capabilities. We explore a broader
spectrum of GPU heterogeneity, including compute capabil-
ity, memory capacity, quantity and a combination of them.
In order to achieve high computational efficiency across all
heterogeneous conditions, Poplar conducts fine-grained mea-
surements of GPUs in each ZeRO stage. We propose a novel
batch allocation method and a search algorithm to optimize
the utilization of heterogeneous GPUs clusters. Furthermore,
Poplar implements fully automated parallelism, eliminating
the need for deploying heterogeneous hardware and finding
suitable batch size. Extensive experiments on three hetero-
geneous clusters, comprising six different types of GPUs,
demonstrate that Poplar achieves a training throughput im-
provement of 1.02 ∼ 3.92x over current state-of-the-art het-
erogeneous training systems.

Introduction
With the increase in model parameters, the memory and
compute requirements for model training have grown signif-
icantly beyond the capability of a single accelerator(Wang
et al. 2023). Training large-scale models requires the effi-
cient utilization of aggregated computing power and mem-
ory across hundreds or even thousands of GPUs(Smith et al.
2022). There are two distributed training frameworks to this,
namely 3D Parallelism(Shoeybi et al. 2019; Lai et al. 2023)
and Zero Redundancy Optimizer(ZeRO)(Rajbhandari et al.
2020). 3D Parallelism requires a complex and meticulous
design by domain experts(Zheng et al. 2022). Conversely,
ZeRO needs no code refactoring, which has contributed to
its widespread adoption in model training(Smith et al. 2022).

Acquiring a large number of homogeneous high-end
GPUs within a cluster often requires a long queuing time,
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Figure 1: High-end GPUs complete their tasks first and then
start waiting before synchronization. Without load balanc-
ing, there will be significant idle time.

while a sufficient quantity of heterogeneous GPUs is more
readily available(Weng et al. 2022). Some researchers have
access only to a variety of consumer-grade GPUs that cannot
individually support the training of large models(Song et al.
2023). Furthermore, the cost of purchasing new machines
is substantial due to the rapid release cycle of GPU prod-
ucts(Choquette 2022). In such situations, effectively utiliz-
ing heterogeneous GPU resources can help address these
challenges, thereby speed up the model exploration and ex-
periments. Current techniques and systems for distributed
model training mostly assume that the workers are homo-
geneous(Shoeybi et al. 2019; Rasley et al. 2020). As Figure
1 showed, directly applying these techniques in heteroge-
neous clusters will result in substantial idle time during syn-
chronization(Kwon et al. 2020), since powerful GPUs must
wait for less ones. Achieving load balancing to minimize the
idle time of each GPU in heterogeneous clusters is challeng-
ing(Tang et al. 2021), since both the compute capability and
the memory capacity of GPUs need to be considered.

Many studies have focused on this issue, AMP(Li et al.
2022) and Whale(Jia et al. 2022) incorporate the elements of
heterogeneity into search space of auto-parallel algorithms.
AMP is equipped with an expert-design cost model that con-
siders cluster and model configurations. Whale uses auto-
matic graph optimizations to adapt heterogeneous GPUs(Jia,
Zaharia, and Aiken 2019). Whale and AMP can enhance
the utilization of heterogeneous clusters based on 3D par-
allelism.

However, previous research only addresses limited as-
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pects of heterogeneity. Existing methods struggle in two sce-
narios which restrict the effective utilization of actual GPU
clusters: (1)where only memory capacities differ while com-
pute capability remain equal(e.g., A100-80GB and A100-
40GB), and (2) where the number of heterogeneous GPUs is
non-uniform(e.g., two V100 and one A100). Previous works
have primarily relied on automatic parallelism, defining a
search space and searching the parallelism strategy. If they
need to accommodate scenarios with varying resource quan-
tities, the search space would expand significantly, resulting
in prohibitively high time costs. Furthermore, these scenar-
ios are more frequently encountered in small-scale clusters,
which might not be taken into consideration adequately. Be-
sides, Whale uses single-precision floating point operations
per second (FLOPs) as the only metric to measure the com-
pute capability of GPUs. FLOPs cannot accurately reflect
performance differences during training between heteroge-
neous GPUs, potentially introducing a degree of error in
performance evaluations. Meanwhile, manually configuring
heterogeneous hardware and batch size for training job in
heterogeneous GPU clusters is impractical.

To address these challenges, we propose a distributed
training system, named Poplar. Firstly, we extend ZeRO
to support heterogeneous GPUs, while considering a wider
range of GPU heterogeneity, including compute capability,
memory capacity, quantity and their combinations. We treat
each GPU as an individual unit and assign tasks separately
to ensure maximum global throughput. Secondly, to bridge
the gap between cost model and real-world performance,
we conducte a fine-grained analysis for each ZeRO stage
and propose a novel method for measuring heterogeneity
of GPUs. We also develop a search algorithm alone with a
batch allocation method to ensure load balancing. Thirdly,
we enable automated determination of the optimal config-
uration across heterogeneous GPUs, eliminating the need
for expert experience and manual adjustments. The exper-
iments result on three real world heterogeneous GPU clus-
ters demonstrated that Poplar can speed up the training pro-
cess 1.02 ∼ 3.92x than other methods. We will publish all
source codes of this work on Github for further research ex-
plorations. In summary, Our contributions are as follows:

• To the best of our knowledge, we are the first to investi-
gate training LLM with ZeRO on heterogeneous GPUs.
We designed and implemented a distributed DNN train-
ing system, Poplar, which extend ZeRO to harness the
power of heterogeneous GPUs.

• We explore a broader spectrum of GPU heterogeneity,
and develop a heterogeneity aware method along with a
batch size searching algorithm for each ZeRO stage.

• Poplar enables fully automated parallel training, allow-
ing for automatic determining the configuration in het-
erogeneous GPU clusters.

• We conduct extensive experiments with diverse sets
of real world heterogeneous GPU clusters. The results
demonstrated that Poplar can speed up the training pro-
cess 1.02 ∼ 3.92x than other methods.

Related Work
Zero Redundancy Optimizer
ZeRO is a variant of data parallelism based on model par-
allelism, which can substantially reduce the memory re-
quired for training models. ZeRO partitions optimizer states
among GPUs in ZeRO-1, distributes gradients in ZeRO-2,
and places parameter shards on different GPUs in ZeRO-3.

Training in Heterogeneous GPU Clusters
Some researches use asynchronous synchronization(Zhou
et al. 2020; Li et al. 2020) to alleviate the challenges posed
by heterogeneity, such as HetPipe(Park et al. 2020), SAP-
SGD(Cao, Zhu, and Zhou 2021), Heter-Train(Geng et al.
2023), LB-BSP(Chen et al. 2021)and Hop(Luo et al. 2019).
Nonetheless, the approach of asynchronously updating gra-
dients lacks a rigorous mathematical proof of Convergence.
Whale(Jia et al. 2022) introduced a novel hardware-aware
parallel strategy to enable auto parallelism. AMP(Li et al.
2022) develop a dynamic programming approach to handle
the load imbalance issue from heterogeneous models in the
pipeline layer assignment problem. Meanwhile, Whale and
AMP impose restrictions on the number of different GPUs,
failing to consider scenarios with non-uniform numbers of
heterogeneous devices. These limitations greatly constrain
the application in real-world heterogeneous GPU cluster.

Method
Training a well performed model requires a substantial
amount of data. The model operates on a portion of the
dataset and update parameters in each iteration. The en-
tire training process always consists of many iterations. For
example, LLaMA-2 requires 500,000 iterations to train a
model with 7B parameters(Touvron et al. 2023). Within each
iteration, the model’s operations are repetitive. The goal of
Poplar is to minimize the time required for every single it-
eration, thereby reducing the overall training time and im-
proving the hardware utilization.

Problem Formulation
Formally, the inputs of Poplar are (i) the model, (ii) the GPU
cluster, and (iii) the global batch size (gbs). During each it-
eration of the training process, the model needs to process
the data of size gbs. We consider each GPU in the cluster
as an independent device, the cluster can be represented as
Cluster = {g1, g2, g3, · · · , gn}, where n is the totel number
of GPUs. Meanwhile, the compute capability of each GPU
is denoted as Speed = {p1, p2, p3, · · · , pn}. We need to find
a configuration B such that Cluster can process gbs data as
quickly as possible. The configuration B can be represented
as follows:

B = {b1, b2, b3, · · · , bn},
n∑

i=0

bi = gbs

0 ≤ bi ≤ mbsi, i = 1, 2, · · · , n
mbsi represents the max batch size of GPU gi can handle
without causing an out-of-memory (OOM) error. Each GPU
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Figure 2: An overview of how Poplar automatically determines the optimal configuration.

has a different runtime ti during a single iteration. Synchro-
nization is required among heterogeneous GPUs in each iter-
ation, which involves waiting until all GPUs have completed
their tasks. Consequently, the iteration time T and idle time
δti of each GPU can be calculated as:

T = max{t1, t2, t3, · · · , tn} (1)

δti = T − ti, i = 1, 2, · · · , n (2)
To ensure the shortest computing time T , our objective is
to identify the configuration B that maximizes overall GPU
utilization. In other words, we aim to find the configuration
that minimizes overall GPU under-utilization. The under-
utilization of each GPU is denoted as ui which can be cal-
culated as:

ui = δti × pi, i = 1, 2, · · · , n (3)

Powerful GPUs typically own a larger p, and therefore have
a greater impact on the entire cluster. Then the objective
function of Poplar will be:

argmin
b1,b2,b3,···,bn

n∑
i=1

δti × pi, i = 1, 2, · · · , n (4)

System Overview
Figure 2 illustrates the overall structure of Poplar. Initially,
the model, GPU clusters and global batch size serve as in-
puts to Poplar. In the online profiling, Poplar detect the het-
erogeneity among all GPUs precisely, preparing the data
for the subsequent offline analyzing phase. Poplar monitors
metrics for each GPU during the runtime process, where
the memory capacity is quantified by the maximum batch
size(mbs) of GPU, and the compute capability is reflected
by the corresponding processing time. Afterwards, during
the offline analyzing phase, Poplar use a batch allocation
method and a search algorithm to determine the optimal allo-
cation configuration. Based on this configuration, tasks will
be assigned to each GPU to start training. The above process
is a general workflow for ZeRO to support heterogeneous
environment. Different ZeRO stages have distinct process in
both two phase, which will be detailed in the following sec-
tions.

Online Profiling of GPU
In this section, Poplar evaluates the compute capability and
memory capacity of each GPU simultaneously. Max batch
size is an important factor for GPU utilization and amount
of memory used in the GPU. Large micro-batch size can im-
prove the GPU utilization and FLOPs, but it determining the
maximum batch size is not straightforward. Researchers of-
ten need to manually adjust the batch size to meet the global
batch size requirement and ensure no OOM error occurs be-
fore starting training. This is already a cumbersome task for
homogeneous clusters, and it becomes even more complex
for heterogeneous clusters as the varying memory capacities
of GPUs. Therefore, Poplar achieves fully automated deter-
mination of the maximum batch size of each GPU. Besides,
Poplar obtains performance data by collecting runtime met-
rics during online profiling.

Heterogeneity Aware Accurately measuring the memory
capacity of each GPU is challenging. The first challenge is
how to ensure that the identified mbs does not result in out-
of-memory(OOM) errors during subsequent training phases.
Previous work always use a cost model to estimate the mem-
ory capacity, and reserve a large amount of memory to pre-
vent OOM errors, which would reduce GPU utilization. This
is particularly unacceptable in a heterogeneous GPU cluster
since some lower-end GPUs already own very limited mem-
ory. Another challenge is the search cost, which becomes
extremely high when we try every possible number of batch.

Based on these, Poplar use two steps to search mbs for
each GPU, as shown in Algorithm 1. Poplar use two methods
to accelerate the progress correspond to the two for loops in
Algorithm 1. Firstly, given the linear relationship between
the batch size and memory consumption during model train-
ing, Poplar initially estimate the mbs under the condition of
one batch. The mbs obtained at this step represents a the-
oretical maximum number. The actual mbs on the GPU is
typically lower than this value, necessitating a more precise
determination. Poplar measures the compute performance
of each GPU alone with the mbs during next step. Sec-
ondly, Poplar runs the model multiple times, gradually in-
creasing the batch size exponentially until it reaches the mbs
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Algorithm 1: Heterogeneity Aware of each GPU

Input: GPU cluster: Cluster = {g1, g2, · · · , gn},model
Output: compute capability: P = {p1, p2, · · · , pn},

max batch size: Mbs = {mbs1,mbs2, · · · ,mbsn}
1: for each GPU gi in Cluster in parallel do
2: batch sizei ← 1
3: bfi ← CurrentMemoryAlloced()
4: model.forward(batch sizei)
5: afi ← CurrentMemoryAlloced()
6: memoryi ← TotalMemory()
7: mbsi ← (memoryi − bfi)/

afi−bfi
batch sizei

8: end for
9: for each GPU gi in Cluster in parallel do

10: for batch size = 1, 2, 4, 8, · · · ,mbsi do
11: model.step(batch size)
12: pi.append(TimeConsumedDuringStep)
13: if find OOM error then
14: mbsi ← batch size− 1
15: end if
16: end for
17: low ← mbsi/2
18: high← mbsi
19: while low ≤ high do
20: mid← ⌊(low + high)/2⌋
21: batch sizei ← mid
22: model.step(batch sizei)
23: pi.append(TimeConsumedDuringStep)
24: if find OOM error then
25: high← mid
26: else
27: low ← mid
28: end if
29: end while
30: mbsi ← batch sizei
31: end for

or encounter an OOM error. Then, Poplar employs a binary
search to iteratively run the model until it finds the accu-
rate mbs that does not cause an OOM error. At the end of
this phase, Poplar will obtain the mbs for each GPU and its
running time under several batch sizes. The overall time is
acceptable because Poplar run only a single iteration, rather
than the entire gbs. Meanwhile, starting from ZeRO-0, if
Poplar find that the current stage cannot even run a single
batch, it will automatically increase the ZeRO stage.

Time Consumed Estimation In online profiling, the over-
all process across different ZeRO stages is almost the same,
with the only difference lying in the computation of Time-
ConsumedDuringStep, which records the GPU runtime dur-
ing model execution. The most time-consuming operations
are typically tensor multiplications and additions during the
model computation process, but other operations cannot be
neglected, such as tensor transpositions, activations, normal-
izations, convolution matrix inversions, eigenvalue decom-
positions, and memory accesses(Zhu et al. 2018). Therefore,
we gather the wall time of each GPU to measuring compute

capability instead of FLOPs alone. Besides, the communi-
cation occurs in Poplar among GPUs using Collective Oper-
ations(Thakur, Rabenseifner, and Gropp 2005) such as All-
Reduce and All-Gather(Patarasuk and Yuan 2009). There-
fore, we only need to consider the heterogeneity of compute
performance due to the consistent communication time.

In ZeRO-0, the synchronization point occurs just before
the optimizer updates the parameters, following the comple-
tion of both the forward and backward passes on all GPUs.
At this point, the model needs to collect and accumulate
gradients across all GPUs. The optimizer update time is
very short, and even equal when using parameter offloading.
Thus, Poplar record the total GPU runtime for both the for-
ward and backward in ZeRO-0, which serves as the result for
TimeConsumedDuringStep. In ZeRO-1, the situation is iden-
tical to ZeRO-0 until the step of optimizer, where a second
synchronization point is encountered. Therefore, Poplar use
the same TimeConsumedDuringStep method as in ZeRO-0.

In ZeRO-2, the first synchronization point occurs in back-
ward. During the entire backward process, multiple syn-
chronizations take place, with each synchronization using
Reduce-Scatter to distribute the gradients to the GPUs re-
sponsible for maintaining the corresponding weights. The
large number of synchronizations make the situation com-
plex due to the overlap between computation and communi-
cation. Therefore, Poplar uses a noval method based on the
communicate time. In each iteration, all GPUs are synchro-
nized at the beginning and end of the backward, ensuring
that the backward time is consistent across GPUs. However,
the synchronization time is inconsistent, with faster GPUs
doing Collective Operations earlier and consequently start
to wait. The idle time is included in the time of Collective
Operations. Thus, Poplar obtains the computation time dur-
ing the backward process for each GPU by directly subtract-
ing the time of Collective Operations, and obtain TimeCon-
sumedDuringStep by adding the time of forward.

In ZeRO-3, there are multiple synchronization points dur-
ing the whole pass. An extra synchronization is performed
compared to ZeRO-2. ZeRO-3 uses all-gather to collect
weights before each computation. Thus, Poplar calculate the
GPU runtime by subtracting three parts: (1)the time of All-
Gather in the forward process, (2)the time of All-Gather and
(3)Reduce-Scatter in the backward process.

Offline Analyzing of Configuration
At this stage, Poplar first construct comprehensive perfor-
mance curves which contain the computation times for each
GPU across all batch sizes. Subsequently, Poplar uses a
search algorithm to determine the optimal batch allocation
strategy. The factors in search algorithm include compute
power, memory capacity, the number of each type of GPU
and network communication time. Finally, Poplar completes
preparatory tasks for model initialization, such as configur-
ing a data loader with dynamic batch sizes, and distribut-
ing model shards to each GPU. Poplar keep the global batch
size consistent and the micro batch size dynamic, which has
a negligible impact of batch-related operations(e.g., batch
normalization(Bjorck et al. 2018)).
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Algorithm 2: Optimal Batch Size Searching

Input: global batch size: gbs,
compute capability: P = {p1, p2, · · · , pn}

Output: Configuration: B = {b1, b2, · · · , bn}
1: if ZeRO stage == 0 or 1 then
2: for i = 1, 2, · · · , n do
3: speedi ← max(pi)
4: end for
5: speedcluster ←

∑n
i=1 speedi

6: timeoptimal ← gbs/speedcluster
7: for i = 1, 2, · · · , n do
8: gmbs← ⌊timeoptimal × speedi⌋
9: δi ← timeoptimal/speedi

10: ui ← δi × speedi
11: end for
12: batchremain ← gbs− sum(B)
13: while batchremain > 0 do
14: i← min(ui)
15: update(ui, gmbs, batchremain)
16: end while
17: else if ZeRO stage == 2 or 3 then
18: for t in range(timemin, timemax) do
19: for i = 1, 2, · · · , n do
20: batch sizei ← find(gi, t)
21: end for
22: micro batch size←

∑n
i=1 batch sizei

23: gas← gbs/micro batch size
24: wall time← (t+ time communication)× gas
25: if wall time < optimal time then
26: optimal time← wall time;
27: bi ← batch sizei
28: end if
29: end for
30: end if

Optimal Batch Size Searching The choice of the batch
size significantly affects throughput of GPU(Narayanan
et al. 2021). During the process of increasing the batch size
from 0 to mbs, the GPU’s speed for computing one batch
data initially rises rapidly, then gradually levels off, eventu-
ally reaching a plateau where further increases in batch size
do not improve computational speed. We conducted exten-
sive experiments to validate this trend, and the results con-
firm that the relationship between batch size and compute
capability of different GPU is universal.

Based on this observation, Poplar constructs complete
performance curves with pi. Initially, Poplar divides each
TimeConsumedDuringStep in pi by the corresponding
batch size to determine the speed in some discrete points.
Then, Poplar employs cubic spline interpolation(McKinley
and Levine 1998) to fit the computing performance data
for each GPU. Cubic spline interpolation approximates the
original data by constructing a series of local cubic polyno-
mials that join smoothly at each data point, ensuring both
continuity and smoothness. In our work, the data obtained
after Online Profiling exhibit characteristics well-suited to
cubic spline interpolation, which also needs low computa-

tional complexity. In all of our experiments, we verified the
optimality of the algorithm using local search. Specifically,
once the algorithm generated a configuration, we tested all
possible variations of each batch size within that configura-
tion. Through this process, we confirmed that our algorithm
can always identifies the configuration with the highest uti-
lization. After obtaining the curve, Poplar can determine the
batch size range that ensures each GPU operates at its peak
performance. During the search process, Poplar aims to al-
locate batches within these ranges for each GPU. Given that
Poplar treats each card independently, the performance of
the cluster can be directly calculated through the sum of each
GPU’s data. The process is detailed in Algorithm 2.

In ZeRO-1 and ZeRO-2, the search algorithm needs to
ensure that all nodes complete their computations simulta-
neously after backward. Consequently, Poplar directly al-
locates gbs based on each GPU’s peak computational ca-
pacity, and determines the global micro batch size (gmbs)
for each GPU. The gbs represents the amount of data each
GPU needs to compute in a single itreation through gradi-
ent accumulation(Soydaner 2020) before the first synchro-
nization. The sum of all GPUs’ gmbs equals gbs. Then,
Poplar assigns a suitable bi to each GPU, ensuring that bi
falls within the range that maximizes the GPU’s compute ca-
pability. Since the allocation progress is an integer program-
ming problem, there will be some remain batch that re-
main unallocated. Therefore, in the second step, Poplar uses
equation (2) and (3) to iteratively allocate remain batch to
nodes with relatively lower workload, resulting in the last
batch size (lbs) for gradient accumulation. lbs is the final
iteration for the gradient accumulation loop on each GPU.

In ZeRO-2 and ZeRO-3, the situation differs due to the ad-
ditional communication. The search algorithm need to con-
sider both load balancing and communication overhead. Se-
lecting a smaller micro batch size requires a larger num-
ber of gradient accumulation steps to complete gbs, leading
to a increase in communication time. Conversely, a larger
micro batch size may increase the imbalance in workload,
thus increasing idle times and decreasing cluster utilization.
During the search process, Poplar explores every possible
value of t, which represents the time it takes for the entire
cluster to complete a data of micro batch size. Each value
of t corresponds to a potential configuration. Poplar calcu-
lates the time required to complete gbs and identifies a con-
figuration B that minimizes the wall time by iterating try a
large amount of t. The wall time can be calculated ad t plus
the communication time per step time communication,
and then multiplied by the total number of gradient accu-
mulation steps. The function find is responsible for deter-
mining the maximum batch size GPU can compute given the
current value of t.

The use of the last batch size (lbs) and gradient accumula-
tion steps (gabs), along with independent allocation for each
GPU, allows Poplar to overcome the traditional constraints
between global batch size and micro batch size, thereby sup-
porting the heterogeneity of quantity. This ability enables
the workload to be distributed across GPUs in a fine-grained
manner, thereby minimizing GPU idle times. Poplar strives
to select larger batch sizes for each GPU to reduce overall
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Figure 3: The performance on three types of heterogeneous environments. Poplar performs better than all baselines.

communication, as network links between devices in het-
erogeneous clusters often presents a bottleneck. Besides, we
modify the dataloader to support the use of lbs and gabs in
Poplar.

Experiments
Setup
We have implemented our work on PyTorch with around
2000+ lines of code. Poplar is decoupled from model train-
ing, thus any techniques that enhance LLM training effi-
ciency can be seamlessly integrated through just a few lines
of code, such as pipeline parallelism(Huang et al. 2019;
Narayanan et al. 2019), parameter offloading(Ren et al.
2021; Rajbhandari et al. 2021), ZeRO++(Wang et al. 2023).

Our experiments are conducted on three heterogeneous
GPU clusters, each cluster contains two types of GPUs, as
shown in Table 1. All experiments are evaluated on wikitext-
2-v1 dataset(Merity et al. 2016). In our experiments, we use
TFLOPs (FLOPs/1e12) as the metric for evaluation end-to-
end utilization of cluster. For each experiment, we conduct
50 iterations and use the average value.

Models and Baselines
In the main experiments, we use Llama(Touvron et al. 2023)
to validate performance. Subsequently, we employ Llama
and BERT(Devlin et al. 2019) of varying sizes to evalu-
ate generality. We maintain a global batch size of 2 mil-
lion tokens throughout our experiments. To clearly illustrate
Poplar’s acceleration capabilities, we establish four base-
lines. Baseline 1 uses less powerful homogeneous GPUs,
while baseline 2 uses more powerful homogeneous GPUs.
The third baseline employs DeepSpeed, a state-of-the-art
distributed training system. We manually allocate maximum
batch sizes that meet the constraints for baseline 3. The
fourth baseline is Whale (Jia et al. 2022), a state-of-the-art
heterogeneous training system that supports hetero-aware
load balancing. In baseline 4, we also manually configure
the maximum batch sizes to be consistent with its strategy.

Performance
In the main experiments, we comprehensive verify and com-
pare Poplar’s performance across three types of hetero-
geneous environments. To better illustrate the differences
among all heterogeneous GPUs and Poplar’s acceleration in

Cluster GPU Number Intra-Link

A A100 80GB
A100 40GB

4
4

NVLink
PCIE

B V100 16GB
T4 16GB

2
2 PCIE

C A800 80GB
V100S 32GB

4
4 PCIE

Table 1: Three clusters in our experiments, each cluster con-
tains two types of GPUs. Number represents the quantity of
corresponding GPUs in the cluster, while Inter-Link denotes
the networking connection between GPUs.

various clusters, we set the model’s parameter to 0.5 billion,
ensuring that all baselines can run. As shown in Figure 3, the
three clusters represent three distinct heterogeneous scenar-
ios: (1)different memory capacities with equal compute ca-
pabilities, (2)different compute capabilities with equal mem-
ory capacities, and (3)different memory capacities with dif-
ferent compute capabilities. Figures 3(a), 3(b), and 3(c) dis-
play the performance of clusters A, B, and C, respectively.
Within each subplot, the five baselines are presented from
left to right for each ZeRO stage.

The experimental results demonstrate that Poplar per-
forms well across all scenarios. The improvements in ZeRO-
0 and ZeRO-1, as shown in Figures 3(a) and 3(c), arise from
a larger gmbs to A100 80G and A800 80G. Notably, de-
spite having the same FLOPs rating for A100 40G and A100
80G, the A100 80G supports a larger mbs, leading to a im-
provement per iteration. In cluster A, Whale performs sim-
ilarly to DeepSpeed, which lacks heterogeneity awareness
due to the homogeneous matrix computation capabilities of
the two kind of GPUs. The enhancements in ZeRO-0 and
ZeRO-1 depicted in Figure 3(b) mainly come from the finer-
grained aware of GPU compute capability, indicating that,
under certain heterogeneous hardware conditions, the over-
head of components other than matrix multiplication should
not be overlooked. The improvements in ZeRO-2 and ZeRO-
3 are substantial across all three cases, as Poplar effectively
reduces the number of gradient accumulation steps, thereby
decreasing communication volume. This ability is crucial
for training on heterogeneous clusters, where the network
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Figure 4: Results on different models. Poplar performs better on BERT compared to Llama. Due to a small micro batch size,
Poplar performs less well at 1.1B parameters than 0.5B parameters.

Figure 5: The evaluation on Poplar’s training capabilities
across varying numbers of heterogeneous GPUs. The num-
bers and letters in the figure indicate the quantity of corre-
sponding GPUs, for example, V4 denotes four V100S, A4
denotes four A800, and V4A1 denotes four V100S with one
A800.

may encounter a bottleneck. Our current method does not
address the issue of heterogeneous networking, and We rec-
ognize the importance of this aspect and plan to include con-
siderations in our future work. To ensure the practicality of
our approach, all experiments in the paper were conducted
on PCIe. The ablation study of Poplar is given in Appendix.

Different Quantity In the second experiment, we evalu-
ate Poplar’s training capabilities across varying numbers of
heterogeneous GPUs. We select cluster C to evaluate the
support for arbitrary numbers of heterogeneous GPUs, with
both differing memory capacities and compute capabilities.
As shown in Figure 5, each subplot includes three sections
of data: the first section uses only the weaker V100S, the
second section uses only the stronger A800, and the third
section uses different proportions of the two heterogeneous
GPU types, including ratios of 4:1, 4:2, 4:3, 4:4, 3:4, 2:4,
and 1:4 for A800 to V100S. From the figure, it is clear that

as the number of GPUs increases, Poplar achieves progres-
sively higher cluster performance. Additionally, it is evident
that a reduction in the number of A800 leads to a more sig-
nificant decrease in overall cluster performance compared to
a reduction in the number of V100S.

Different models Heterogeneous clusters are highly sen-
sitive to model size and structure. Therefore, we conducted
additional experiments to demonstrate Poplar’s accelera-
tion capabilities on heterogeneous clusters. We used a 1.1B
Llama model and a 1.1B BERT model for comparison with
the 0.5B Llama model, as shown in Figure 4. In Figure 4(b),
Poplar achieves up to a 2.27x improvement over DeepSpeed
and up to a 1.14x improvement over Whale. In Figure 4(c),
Poplar demonstrates even more substantial cluster perfor-
mance improvements, achieving up to a 3.92x improvement
over DeepSpeed and up to a 1.98x improvement over Whale.

Time Overhead

Poplar achieves performance gains through fine-grained
planning before the start of training. In this section, we ana-
lyze the time overhead incurred during Poplar’s preliminary
analysis phase. The majority of the time overhead is concen-
trated in Online Profiling, as Poplar requires multiple runs of
the model to aware more accurate heterogeneity. However,
this approach eliminates the need for researchers to man-
ually find suitable batch sizes. The runtime of the Online
Profiling phase can vary depending on several factors, in-
cluding the state of the GPUs, network links, ZeRO stage,
model size and architecture. The Offline Analysis phase pri-
marily handles numerical calculations and incurs relatively
minimal time overhead. We detail the time overhead for our
main experiment in Appendix.

Conclusion

In this paper, we propose a distributed training system which
extends each ZeRO stage with heterogeneous-aware capa-
bilities. Our system can adapt to a broader range of heteroge-
neous environments by dynamically assign batches to each
GPU independently. In the experiments, we show that our
system outperforms state-of-the-art training systems.
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