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Abstract—Characterizing and predicting the training perfor-
mance of modern machine learning (ML) workloads on compute
systems with compute and communication spread between CPUs,
GPUs, and network devices is not only the key to optimization and
planning but also a complex goal to achieve. The primary challenges
include the complexity of synchronization and load balancing be-
tween CPUs and GPUs, the variance in input data distribution,
and the use of different communication devices and topologies
(e.g., NVLink, PCIe, network cards) that connect multiple compute
devices, coupled with the desire for flexible training configurations.
Built on top of our prior work for single-GPU platforms, we address
these challenges and enable multi-GPU performance modeling1 by
incorporating (1) data-distribution-aware performance models for
embedding table lookup, and (2) data movement prediction of com-
munication collectives, into our upgraded performance modeling
pipeline equipped with inter-and intra-rank synchronization for
ML workloads trained on multi-GPU platforms. Beyond accurately
predicting the per-iteration training time of deep learning recom-
mendation models (DLRM) models with random configurations
with a geomean error of 5.21% on two multi-GPU platforms, our
prediction pipeline generalizes well to other types of ML workloads,
such as Transformer-based natural language processing (NLP)
models with a geomean error of 3.00%. Moreover, even without
actually running ML workloads like DLRMs on the hardware,
it is capable of generating insights such as quickly selecting the
fastest embedding table sharding configuration (with a success rate
of 85%).

Index Terms—DLRM, machine learning, model training, multi
-GPU, NLP, performance modeling.

I. INTRODUCTION

MODERN machine learning (ML) workloads tend to grow
in size and computation, usually beyond the capability
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of one single GPU to host and train. Therefore, platforms with
multiple compute devices such as GPUs are critical in under-
taking training jobs for these workloads. Modern industrial rec-
ommendation models, such as DLRM [1], consist of embedding
tables of hundreds of gigabytes and are trained in a distributed
way on hierarchical compute systems, e.g., 16 nodes× 8 GPUs,
as an advanced software-hardware co-designed system [2]. For
large language models (LLM), the rapidly growing number
of model parameters requires an equally rapid increase in the
number of compute devices used to train them. Examples include
GPT3 [3] (2020, 175B (parameter count, same below), 1024
NVIDIA V100 GPUs (estimated)) Megatron-Turing NLG [4]
(2022, 530B, 2240 80-GB NVIDIA A100 GPUs), PaLM [5]
(2022, 540B, 6144 Google TPU v4), OPT-175B [6] (2022,
175B, 992 80-GB NVIDIA A100 GPUs), and LLaMA [7] (2023,
65B, 2048 80-GB NVIDIA A100 GPUs). For such daunting
multi-GPU training jobs, ML practitioners are interested in not
only the training performance (e.g., iteration time, query-per-sec
(QPS), FLOPS, etc.) but also how to speed up training and use
the hardware most efficiently. Characterizing the performance
behavior of such multi-GPU jobs is the key to identifying and
optimizing performance bottlenecks, and subsequently helping
ML practitioners save development time and budget, improve
ML model quality provided to users, and benefit the environment
by avoiding excessive emissions of CO2.

However, achieving the above goals is particularly challeng-
ing in the multi-GPU platform space for two primary reasons:
� Communication collectives, like all-to-all and all-reduce

across various network media (e.g., NVLink, PCIe, net-
work cards) and topologies that connect multiple compute
devices, are essential operations in multi-GPU training
and commonly the performance hotspot. The performance
modeling of these operations is missing in previous single-
GPU and compute-op-focused work [8], [9], [10], [11],
[12], [13], [14].

� More importantly, the synchronization behaviors of mul-
tiple GPU streams on the same device or across multiple
devices are complicated. Previous works have only inade-
quate or premature modeling for these behaviors, making
them insufficient to account for all the GPU idle time on
each rank caused by data dependencies and multi-GPU
synchronization, and as a result, cannot accurately model
workload execution time.
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Also, even in single-GPU setups, the limitations of the perfor-
mance modeling of certain operators (ops) in prior work inhibit
us from extending it to a broader range of workloads. As an
important example, embedding lookups in real-world DLRM
pipelines have unknown input distributions and loads across
batches and devices, resulting in unpredictable memory access
patterns and thus difficulty in predicting their performance.
Existing embedding lookup performance models are rigid and
can only cover limited problem sizes. Besides, extending the
performance model to other workloads such as natural language
processing (NLP) models requires the support of extra element-
wise or minor ops.

To summarize, the performance modeling problems of com-
munication collectives, multi-GPU stream synchronization, em-
bedding lookups with randomly distributed input data, and ad-
ditional minor ops such as layer_norm and dropout remained
unsolved until we address them in this paper. We extend our pre-
vious performance-modeling work [14] and inherit its critical-
path-based execution trace simulation method to model the train-
ing performance of DLRM and NLP workloads on multi-GPU
platforms. The novel and major contributions include:
� (Section IV-A) Added performance models for communi-

cation operations (all-to-all and all-reduce) by improving
a basic heuristic model with straightforward and efficient
sigmoid curve fitting.

� (Section IV-B) An enhanced critical-path-based end-to-end
(E2E) performance modeling algorithm.

� (Section IV-C) Improved embedding-table-lookup perfor-
mance modeling with flexible lookup numbers and pat-
terns (i.e., input data distribution) through an ML-based
approach.

� (Section IV-D) Supported extra minor ops such as
layer_norm and dropout for NLP models.

We claim that the modeling of both inter- and intra-rank syn-
chronizations are the keys to accurately modeling ML workloads
training performance on multi-GPU, or even more broadly,
all types of workloads running on multi-heterogeneous-device
platforms. Therefore, the proposal of the critical-path-based
end-to-end (E2E) performance modeling algorithm (second item
above) is the most significant contribution of this paper. Our per-
formance model obtains 5.21% and 3.00% geomean prediction
errors on predicting the per-iteration performance of randomly
generated industrial-scale DLRM workloads and Transformer-
based NLP models based on BERT [15], GPT2 [16], and XL-
Net [17], respectively, on two different multi-GPU platforms.
In addition, in a use case of choosing a (DLRM) embedding
table sharding configuration without running the workloads, our
performance model achieves an 85% success rate in selecting
either the fastest config or predicting the execution time with less
than 10% error, showcasing our performance model’s ability to
generate insights for multi-GPU training optimization.

II. RELATED WORKS

A. Performance Modeling for Both Single-Device and
Distributed Training

There is abundant prior art in predicting the execution time of
per-batch training and/or inference of ML workloads on a single

GPU. A majority of them [8], [9], [10], [11], [12], [13], [14] fo-
cus on convolutional neural networks (CNNs), while some also
cover NLP [12] and recommendation models like DLRM [14].
These works developed methodologies for accurately modeling
performance on the op/kernel levels, though they did not address
the challenges of multi-GPU or distributed training in general.

Early performance models for distributed training are mostly
analytical and consider computation and communication sep-
arately. Yan et al. [18] studied data and model parallelism of
CNNs on CPU clusters and modeled their performance and
scalability. Oyama et al. [19] predicted per-batch execution time
for GPU-equipped supercomputers with low error based on
statistics of mini-batch size and staleness for an asynchronous
SGD algorithm. It also provided some generality in terms of
precision and communication standards. As a use case, both
approaches claimed to be able to search for the best system
configurations for distributed training of CNNs. Qi et al. [20]
introduced PALEO for per-layer CNN execution time estimation
and demonstrated its ability to accurately model CNN training
performance at scale on cloud clusters.

However, these prior successes do not extend well to modern
ML workloads. Today, the implementation of ML workloads
as well as the environment and setup of training clusters have
evolved significantly. This outdates features such as sub-batch
size (fewer than 16 [19] versus considerably larger sizes in
modern settings, e.g., 2048 to 65536), model workload size and
diversity, and hardware settings. Prior work either lacks support
on GPUs [18] or has a complex methodology that inhibits
generalizing to other pipelines [19]. As decentralized distributed
training such as DDP (distributed data-parallel) with multiple
GPUs is increasingly preferred to parameter servers, modeling
the communication among GPUs to account for interaction
and overlap between GPU streams must also be addressed for
accurate prediction. This rules out per-layer methods such as
Qi et al. [20].

Wang et al. [21] implied a possible speed-of-light (SOL)
model that the total execution time is the maximum among
the time of data, computation, and communication, assuming
these operations are perfectly overlapped. Inspired by this, and
thanks to the detailed information we obtain from the execution
trace [22], we further predict the training performance in gen-
eral when these operations are not perfectly overlapped. Yang
et al. [23] proposed the computational-graph simulation-based
PerfEstimator running on a single device for distributed train-
ing of CV models, with computation-communication overlap
estimated by an analytical scaling factor. In our methods, this
overlap is estimated by the critical-path-based method which is
less error-prone especially when workloads across devices are
imbalanced.

B. Model Parallelism and Sharding

As modern ML workloads have grown rapidly in size, exploit-
ing model parallelism has become a critical tool in scaling up ML
workloads. Lepikhin et al. [24] summarize the main challenges
of model parallelism, which include: 1) device underutilization
due to the sequential dependency of the network and gradient-
based optimization; 2) superlinear compute cost versus model
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Fig. 1. An overview of our prediction pipeline, based on the one proposed by Lin et al. [14]. We mark new components with small darker shapes and italic text, such
as microbenchmark and kernel-level performance models of FBGEMM embedding lookup (Section IV-C), all-to-all (A2A), and all-reduce (AR) (Section IV-A),
as well as inter- and intra-rank synchronization mechanism in the critical-path algorithm (Section IV-B) to handle multi-GPU end-to-end performance prediction.

size; 3) poor infra scalability; 4) non-trivial implementation
of partitioning strategies. As an example of one increasingly
common use of model parallelism, modern recommendation
models such as industrial DLRMs often have hundreds of em-
bedding lookup tables with up to tens of millions of rows,
which are too large to be stored on a single GPU and thus
must be sharded and dispatched to multiple GPUs. Balancing
the load of these sharded tables (to achieve uniform access
latency and memory usage) thus becomes a critical problem
that previous researchers have tried to solve in different ways.
Lui et al. [25] first applied baseline (e.g., dimension-based,
row-based, and size-based) heuristics to shard embedding tables
in DLRMs. Sethi et al. proposed RecShard [26] that uses integer
linear programming (ILP) to optimize the sharding problem.
Zha et al. further improved the sharding efficiency and bal-
ance by the reinforcement-learning-based AutoShard [27] and
Dreamshard [28]. In our paper, we demonstrate through a case
study that our performance model can evaluate the performance
of multiple sharding algorithms and quickly select the one that
leads to the best E2E execution time for DLRM training. Notice
that we are not proposing a smart sharding algorithm here as
these previous works did.

III. METHODOLOGY

Fig. 1 provides an overview of our multi-GPU performance
modeling pipeline with the modules that exist in our previous
work [14] marked by light blocks and extended modules of
this current work marked by dark blocks and italic text. The
previous work builds a solid foundation for the pipeline. In the
analysis track, we profile ML workloads written with PyTorch
and analyze the profiler traces to collect dominating kernels/ops.
Then we collect microbenchmark data for these kernels/ops,
design/train and verify performance models using this data, and
extract the overhead statistics for these kernels/ops. The ker-
nel benchmark data, kernel performance models, and overhead
statistics are saved as the assets of the pipeline ((blue cylinders
in Fig. 1)). In the prediction track, the pipeline extracts the
execution trace (renamed from the “execution graph”) of an
input ML workload, simulates it by traversing its ops with the
pipeline assets, and generates the per-iteration E2E training time
prediction of the input ML workload within several seconds.

We leverage the modularity of the previous work and ex-
tend it with a focus on performance modeling on single-node

multi-GPU platforms. This makes sense for two reasons: 1)
the pipeline assets are reused and shared across different input
ML workloads, and 2) the E2E time prediction by simulating
the execution trace of the target workload and traversing ops
in it is dictated by the same critical-path-based logic that is
both model-architecture-agnostic and platform-agnostic. In our
current work, we add kernel performance models for dominating
kernels/ops of ML workloads running on multi-GPU platforms
and address multi-GPU execution in the E2E simulation. The
updated pipeline inherits the main modules and procedures and
reuses all kernel performance models (for GEMM, memcpy,
transpose, etc) and the overhead estimator from the previous
version, while the critical-path-based simulation algorithm is
enriched to adapt to multi-GPU execution. We focus on DLRM
and Transformer-based NLP workloads in this work, but we
expect our techniques can seamlessly extend and apply to other
ML workloads (details discussed in Section VI-B).

A. Dataset Exploration

The open-source DLRM dataset [29] contains synthetic em-
bedding lookup (EL) data that resembles the memory-access
reuse pattern of Meta’s production data. The 2021 data includes
one batch of 65536 EL data samples from 856 tables, while the
2022 data includes one batch of 131072 samples from 788 tables.
Due to the unpredictable lookup pattern in production data, the
pooling factors (average number of lookups per data sample,
denoted with L) vary significantly across all tables. This is very
different from the previous work [14], [30] which considers L
as a fixed value across data batches and even tables in the same
workload. Our exploratory analysis (Fig. 3) shows that average
L values of tables in the dataset tend to concentrate in the range
of [0, 10), especially [0, 1], while there are still some tables with
average L value spreading to a few hundred. We define tables
with an average L equal to greater than 20 as “heavy tables”. As
shown in Fig. 3, there are 103 and 166 heavy tables in the 2021
and 2022 data respectively.

B. Multi-GPU Training Benchmark and Analysis

We first benchmark several ML workloads that will be further
analyzed in later sections to understand the behavior of multi-
GPU training performance. Fig. 2 shows the per-GPU-stream ex-
ecution time breakdown of three workloads: DLRM_Heavy_EL
with a batch size of 4096 (Task_14 in Section V-B1, involving
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Fig. 2. Per-GPU-stream training execution time breakdown of selected ML workloads on a 4-GPU platform. The per-iteration time of each workload is provided
for reference. We discuss these results in Section III-B.

Fig. 3. Histogram of average L values of EL tables in the dataset. All bins but
the last one are right-open.

heavy embedding tables only), DLRM_Light_EL with a batch
size of 4096 (Task_5in Section V-B1, involving random embed-
ding tables), and GPT2 with a batch size of 64 on each rank of the
4xGV100 platform (details shown in Section V). The runtime is
contributed by a few groups of kernels and types: EL (forward
and backward), GEMM (forward and backward), memory op-
erations (concat, copy, transpose, etc), others (normalizations,
elementwise, etc), communication (all-to-all and all-reduce),
and idle time. We summarize the following insights from our
benchmark:
� Communication operations could be but are not always a

performance bottleneck: Obviously, communication oper-
ations dominate the two DLRM models, mainly because in
addition to all-reduce commonly caused by accumulating
gradients in the backward pass, training the EL module
in DLRM with model-parallelism introduces all-to-all for
merging data with that from the multilayer perceptron
(MLP) modules trained with data parallelism. In most pairs
of streams shown here (except for DLRM_Heavy_EL’s
rank 2), the communication stream has a longer GPU active
time than the computation stream. This means it cannot
be fully overlapped by the computation, and thus similar
workloads tend to thrash the communication network of
the interconnected multi-GPU platform. In contrast, GPT2
is quite compute-dominated; all-reduce time is minor and
can theoretically be fully overlapped.

� Load balance substantially varies across the workloads:
DLRM models experience load imbalance across ranks due
to the existence of EL tables with various compute and
communication loads. Notice that instead of the forward
and backward computation of EL itself, it is the all-to-all it
introduces that dominates, especially when the EL is light.
Examples such as DLRM_Light_EL’s rank 3 and 4 show
that communication can occupy up to 80% of the execution
time, in which case GPU computation resources are wasted
by sitting idle. In contrast, we see an almost-perfect load
balance for GPT2 as it is purely DDP-trained and the load
is evenly distributed.

� The significance of GPU stream idle time is way more
than “being non-negligible”: What we see in single-GPU
training is that idle time is contributed mostly by CPU
op calls and overheads that block the scheduling of GPU
kernels; data dependencies play a less important role given
there is only one stream. On the contrary, in the case
of multi-GPU training data dependencies of ops lead to
streams that wait on each other and thus dominate waiting
time. This time cannot be predicted in the same way (i.e.,
statistically) as the previous work such as Lin et al. [14] did,
because the kernel execution time on each stream varies and
thus the overlap of these kernels on different GPU streams
is complicated and case-by-case. Therefore, to understand
and simulate how GPU streams interact and synchronize
with each other is the key to accurately predicting the
per-iteration time of training.

� As we support more kinds of ML workloads such as
(Transformer-based) NLP models, we will see an increas-
ing number of ops that must be modeled accurately to get
an accurate result: We see that “other” ops (layer-norm,
dropout, gelu, tanh, etc.) contribute to more than 20% of
execution time on GPT2, although each one of them only
contributes a tiny amount of time every time it is executed.
This might not be a surprise, given the performance of
Transformer-based models has been profoundly studied
these years. Techniques such as advanced layer fusion may
be able to effectively optimize and reduce their execution
time, but that is beyond the scope of this paper. Under our
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Fig. 4. Typical characteristic curves for data movement. X-axes are in log
scale. m1 and m2 are boundary message sizes that separate the three regions.

experiment settings and from the performance-modeling
point of view, this observation means more ops from this
category should be supported than the previous work did.

The lessons we learn guide the direction of our research, which
includes the following novel components or improvements of
our performance model covered in the next section:
� Communication operations like all-to-all and all-reduce;
� E2E performance modeling for multi-GPU training.
� Embedding table lookup with flexible lookup numbers and

patterns (input data distribution);
� Additional ops in (Transformer-based) NLP models, such

as layer-norm, dropout, gelu, and tanh, etc;

IV. KERNEL AND END-TO-END PERFORMANCE MODELING

FOR ML TRAINING ON MULTI-GPU

A. Communication Collective Performance Modeling

All-to-all and all-reduce are two communication collectives
commonly seen in multi-GPU training of recommendation
workloads and contribute significantly to the per-iteration time
of multi-GPU training. The difficulty of modeling the perfor-
mance of these two ops is that their performance highly depends
on how multiple devices are connected (e.g., network connection
pattern and medium such as NVLink and PCIe), while this
configuration differs from platform to platform.

We devise a simple way to model the performance of all-to-all
and all-reduce based on the message passing cost model defined
by Grama et al. [31]:

tcomm = tcold_start + tper_wordmsize (1)

with tcold_start representing the fixed overhead of data trans-
action, and tper_word being the per-word data transaction time
of the communication medium. Distilled from a comprehen-
sive study on multi-GPU communication on platforms by Li
et al. [32] and a prior performance model work (LogCA [33]),
we make a critical observation that eventually leads to the
improvement of the above model:

Regardless of the ops, network connection pattern, and network
medium, as shown in Fig. 4 the curve of message size versus band-
width can always be divided into three regions as the message size
increases: 1) linear bandwidth with constant latency; 2) S-shape
bandwidth curve with non-linear latency; 3) constant (saturated)
bandwidth with linear latency.

Fig. 5. Inter-rank synchronization (red dashed line) and intra-rank/inter-
stream synchronization (blue dotted line). For simplicity, we assume two GPUs
and two streams (Scp and Scm, for compute and communication respectively)
per GPU, while CPU op calls are omitted in the plot. Rectangles represent
GPU kernels, and arrows indicate the data dependency between compute and
communication kernels.

Therefore, we model the data movement latency as a piece-
wise function of message size m with m1 and m2 being bound-
ary sizes separating the three regions:

tcomm =

⎧⎨
⎩
ts if m ≤ m1

f(m, param) if m1 ≤ m ≤ m2

ts +
m

BWmax
if m ≥ m2

(2)

where

f(m, param) =
logm2

10sigmoid(m,param)
(3)

and param include 4 parameters L, x0, k, and b that define a
standard sigmoid function:

sigmoid(x) =
L

1 + e−k∗(x−x0)
+ b. (4)

This method only involves 8 parameters for each op (4 for
sigmoid, 2 for region boundaries, 1 for startup latency, and 1
for maximum bandwidth). It is fast and simple for both curve
fitting and prediction; it is also topology-agnostic and thus able to
generalize to any communication pattern. We utilize the PARAM
benchmark [34] and generate microbenchmark data to fit curves
for both ops with equal message size starting from 4 bytes on
each device and doubling it until exceeding the device memory.
Test data is generated with random per-device message size for
all-to-all and equal per-device message size for all-reduce. We
calculate the input message size to the performance model as
“the maximum of (the maximum of sent/received message size
per device) across all devices”.

B. Multi-GPU E2E Performance Modeling

As we mentioned in Section III-B, the main difference be-
tween single-GPU and multi-GPU performance modeling is
that in multi-GPU scenarios, communication collectives like
all-to-all and all-reduce simultaneously execute on multiple de-
vices and trigger synchronizations and waiting across ranks and
streams. This additional behavior significantly impacts runtime.
This subsection describes how we simulate synchronizations and
waiting during the execution analysis.

Before we dive deep into the multi-GPU E2E performance
modeling algorithm, we need to first understand two types of
synchronization in distributed training (depicted in Fig. 5):
� inter-rank synchronization that occurs at the termination

of a communication collective kernel, and
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� intra-rank or inter-stream synchronization that happens at
the launch of a compute/memory kernel that depends on
the last communication kernel.

We expect communication kernels’ launch time to differ
across ranks because each rank’s latency to reach these ops due to
unbalanced prior loads, such as data movement and computation,
is different. However, since communication kernels are syn-
chronous, theoretically they must terminate simultaneously. In
reality, they do terminate almost simultaneously with negligible
variance. This is the inter-rank synchronization, marked by the
red dashed line in Fig. 5. When it occurs, the time fronts of
the communication streams on different ranks should be set
to the same during analysis. Nevertheless, since the output
data of the communication ops are used as inputs to certain
successive ops, successive communication kernels, e.g., the last
communication kernels onScm on both ranks in Fig. 5, should be
launched at least after the first dependent kernel of the previous
communication kernel (marked in blue dashed lines) rather than
right after the previous communication kernel. This is called
intra-rank/inter-stream synchronization. To reflect it, we set the
communication stream time front to the same as the launch time
of the first dependent kernel.

We claim that the modeling of both inter-rank and intra-
rank synchronizations are the keys to accurately modeling ML
workloads training performance on multi-GPU, or even more
broadly, all types of workloads running on multi-heterogeneous-
device platforms. This is because the best modeling method
without considering them is to sum the kernel time per GPU
stream and take the maximum as the E2E prediction result. It
might work for a few workloads dominated by one certain type
of stream, e.g., GPT2 being dominated by the compute stream
as shown above. However, in most cases, this will miss a large
amount of GPU idle time (e.g., the gap between the red and blue
lines in Fig. 5) created by data dependencies and other possible
waiting conditions during the execution, leading to a significant
and unacceptable underestimation of execution time, i.e., up to
60% as we show later in Section V-B1.

To consider these synchronizations, we need the information
on data dependency between ops in the ML model/workload,
which is thankfully provided by the PyTorch execution trace
(ET). We extend the critical-path-based algorithm proposed by
Lin et al. [14] for single-GPU performance modeling to adapt to
multi-GPU scenarios by incorporating inter-rank and intra-rank
synchronizations, as shown in Algorithm 1. The new algorithm
has a similar basic structure to the single-GPU version. Based
on our observation, we assume two streams (one for compute
and memory kernels and one for communication kernels) on
each rank as that is the case for most ML workloads. Instead
of running a single process for training time prediction on a
single GPU, the new algorithm runs N processes in parallel,
processing N EGs and predicting execution time for N ranks
simultaneously (line 4). In addition to CPU time and GPU
active time, we also track communication stream time Tcm

and compute/memory stream time Tcp per process (line 6).
At line 7, we also initialize a variable last_comm_op to keep
track of the dependency between compute/memory ops and the
last communication op. To recap, T1–T5 in line 9 represents

Fig. 6. Generation of reuse factors (RF) from EL indices. (a) is an example
of lookup indices of a batch of 4 samples on one embedding table. In (b), the
x-axis is the indices and the y-axis is the count of these indices. In (c), the x-axis
is the count of accesses and the y-axis is the number of such indices.

the five types of execution overhead on the CPU of each op,
which are summarized in our previous work [14]. During the
traversal of ETs, we detect intra-rank synchronization when
an op that has data dependency on the last communication
op or a new communication op is encountered (lines 12–15);
when the current op is a communication op, we do inter-rank
synchronization after processing all kernels of it (lines 29–31)
and update last_comm_op for the next iteration (lines 36–38).
At the end (lines 40–41), we calculate the local total time and
GPU active time and do an all_gather operation across all ranks
to collect their values, the maximums of which are returned as
the predicted total time and GPU active time.

C. Embedding Lookup Kernel Modeling

The performance modeling of EL, an indispensable and com-
monly dominating [14] operator in many recommendation mod-
els including DLRM, is challenging in a few aspects. First, the
dimensions and parameters of every single embedding table,
specifically the number of embeddings (E), the embedding
dimension (D), and the pooling factor (L) can all be different in
real workloads and data. Second, the input data distribution of
each table varies considerably across each batch. Both factors
significantly increase the difficulty of applying a heuristic-based
performance model to the EL op, since it is almost impossible
to estimate the L2 cache hit rate and data movement accurately
and thus predict the latency of the op. Previous work such as Lin
et al. [14] only considers modeling the performance of the case
when D, E, and L are all fixed for each table with uniform input
data distribution, making their solution insufficient to deal with
real-world workloads and data.

To address this issue, we adopt a straightforward and clear
expression of describing EL’s input data distribution using
reuse factors (RF), as introduced by Meta’s open-source DLRM
dataset [29]. Fig. 6 shows an example of generating reuse factors
(RF) from EL indices. First, the histogram of per-table index
counts in a batch of input data is calculated ((a) to (b)). Then, the
“histogram of histogram”, i.e., how many indices are accessed
once, twice, thrice, etc., is calculated, which is thus the RF of
this batch on a certain table ((b) to (c)). In practice, the bins for
this step have sizes of exponents of 2, e.g., [0, 1), [1, 2), [2, 4),
[4, 8), etc. Finally, the counts of every bin are normalized into
the range of [0, 1]. In this way, the distribution of lookup indices
is described as by what probability any row of a table is hit by
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Algorithm 1: Multi-GPU E2E Training Performance
Model.

1: Input: ET0,1,...N−1 of an ML workload trained on a
single-node N-GPU platform, one execution trace per rank;
Kernel performance models {M}; Overhead statistics Ov.

2: Output: Predicted per-batch training time T .
3: Spawn N processes P0,1,...,N−1.
4: parfor i← 0, N − 1 do
5: Initialize cpu_time = 0 and gpu_time = 0 for Pi.
6: Initialize communication stream time Tcm and compute

stream time Tcp for process Pi.
7: Initialize last_comm_op as none.
8: for each op in EGi do
9: Look up T1, T2, T3, T4, T5 from Ov for op.

10: Identify current stream s (as cm or cp).
11: � Intra-rank synchronization
12: if op depends on last_comm_op, or op is an

communication op then
13: Set last_comm_op to none.
14: Synchronize Tcm and Tcp for process Pi.
15: end if
16: cpu_time += T1
17: if op has kernel calls then
18: cpu_time += T2
19: for each kernel call k under op do
20: Predict kernel time Tk with M
21: Ts = max(Ts + 1, cpu_time+ T4/2) + Tk

22: Update gpu_time with Ts and Tk.
23: cpu_time += T4
24: if k is not the last kernel then
25: cpu_time += T5
26: end if
27: end for
28: � Inter-rank synchronization
29: if op is a communication op then
30: Synchronize Tcm across all processes.
31: end if
32: cpu_time += T3
33: else
34: cpu_time += T5
35: end if
36: if op is a communication op then
37: last_comm_op = op
38: end if
39: end for
40: T = max(Tcm, Tcp, cpu_time)
41: Synchronize T and gpu_time across all processes and

return their maximums.
42: end parfor

a certain range of times, such as 2m to 2n times where m and n
are both integers andm < n. Meta’s DLRM dataset provides the
RF of 17 bins for each data file, and we follow this convention
in our experiments. The advantages of RF are its low overhead
in terms of processing time and parameter size. The calculation
is relatively simple, and thus it is trivial to obtain RF values of
each batch of input data on the fly before the training of a batch
is started. Because each table has 17 RF values and the number
of tables residing on each rank is usually limited, e.g., around

Fig. 7. RF values of the top 10 most visited tables among 6000 random samples
from the DLRM open-source dataset for the EL microbenchmark. Red dashed
lines represent the cumulative distribution function (CDF) of the overall RF
values of each table in the whole dataset, while each thin gray line represents
the CDF of RF values of a sample that visits a certain table. It can be observed that
the data distribution (represented by RF values) of each data batch is different
and sometimes distant from that of the whole dataset. Compared to overall RF
values, the RF values of a data batch tend to concentrate towards 0 along the X
axis.

10, the total number of RF values for each batch of input data
remains acceptable.

We adapt the cost model proposed by Zha et al. [28] and use
it in real-time performance modeling of EL. Zha et al. create a
multi-head MLP cost model to simultaneously predict the cost
of the forward time, backward time, and communication time
of a sharding scheme of EL as a whole on multiple devices.
Our method is different in two aspects. 1) We handle these
three constituent times separately in the granularity of ops to
accommodate our robust E2E algorithm shown in Section IV-B.
This better simulates and models the actual execution since con-
sidering these three times as a whole misses the opportunity to
explain the computation-communication overlaps (described in
Section IV-B). 2) Instead of using RF values of each table, we use
RF values of each batch for better prediction based on the reason
stated in the last paragraph. We construct our MLP performance
model resembling one of the heads in Zha et al.’s cost model and
match those used for other kernels for convenient training and
inference. To enable EL’s execution incorporating flexible D,
E, and L , we use a popular, efficient, and flexible batched-EL
implementation provided by FBGEMM [35], an open-source
high-performance kernel library for training and inference on
both CPUs and GPUs. We first create a microbenchmark dataset
by randomly sampling tables and batches (e.g., 10 tables out
of 856, and a batch of 1024 lookups out of 65536) from the
DLRM open-source dataset, and make sure that the size of
the sampled tables in each sample will not exceed the DRAM
memory size of the selected GPU. Although Zha et al. trained the
cost model with RF values of the whole dataset, it is improper
to do so for real-time performance modeling because RF values
tend to spread in a larger range. This fact is easy to understand
intuitively. Suppose the batch size is small, the number of times
each row in a table is hit tends to concentrate close to 0 because
there are few indices in the batch. If we consider the whole
dataset as a huge batch (e.g., size 65536 for the DLRM dataset
we use), there are likely some rows in a table to be hit many
times, such as 500 times, which could never appear with a small
batch size such as 256. In a word, these two distributions are
different (as shown in Fig. 7), and thus the distribution of the
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Fig. 8. Communication topologies of the two multi-GPU platforms used in our
experiments. Thin lines: 4 NVLinks (NV4); thick lines: 12 NVLinks (NV12);
dashed lines: PCIe.

whole dataset is not representative of a batch of data sampled
from it. Therefore, we calculate the RF values of each batch
and store them together with the execution time as part of the
training data. Finally, we randomly split the microbenchmark
result dataset into a training set and a test set with a split factor of
0.8, and use them to train and validate the performance models.

D. Additional Ops Performance Modeling Support

To support Transformer-based NLP models, We also add
kernel performance models for additional ops including
layer_norm, dropout, and element-wise ops such as gelu
and tanh. By applying principles mentioned in our previous
work [14], ML-based models suit layer_norm and dropout for
their hidden kernel implementation detail in PyTorch, while
the roofline model suits element-wise ops for their simplicity.
Therefore we predict the latency of layer_norm, dropout with
ML-based models trained with microbenchmark data of PyTorch
ops for and predict gelu and tanh using the roofline model.

V. EVALUATION AND ANALYSIS

We evaluate our kernel and E2E performance models with Py-
Torch v2.0, FBGEMM v0.4.1, CUDA 11.7, and Python 3.9. The
performance model of FBGEMM’s embedding lookup kernel is
evaluated on single NVIDIA GV100 and A100 (40 GB) GPUs,
while that of both communication kernels and multi-GPU E2E
are assessed on two multi-GPU platforms, including 4xGV100
equipped with 48-core Intel(R) Xeon(R) Gold 6146 CPU @
3.20 GHz, and 4xA100 equipped with GCP’s a2-highgpu-4g
with 48-vCPU. Fig. 8 shows the GPU communication topolo-
gies of these two platforms. We use data sampled from the
DLRM open-source dataset [29] as both microbenchmark data
for FBGEMM embedding lookup kernel performance model
training and verification, and input data for embedding lookup of
the DLRM models in E2E tests. Multiple pieces (.pt files) of the
dataset are merged for later use. The multi-GPU E2E evaluation
in this work covers DLRM model training (code adapted from
https://github.com/facebookresearch/dlrm) and fine-tuning of
natural language processing (NLP) models such as BERT [15],
GPT2 [16], and XLNet [17] (all model implementations called
from HuggingFace’s Transformers library [36]). We use Py-
Torch’s DistributedDataParallel (DDP) in distributed training
of ML workloads in our experiments for no GIL contention
and less model replication and data movement overheads [37].

TABLE I
PREDICTION ERROR OF FBGEMM EMBEDDING LOOKUP, ALL-TO-ALL, AND

ALL-REDUCE KERNEL PERFORMANCE MODELS

Fig. 9. Fitted curves for all-to-all benchmark data on both platforms. Message
size section boundaries are plotted as green vertical dashed lines.

In addition, we manually insert a barrier at the beginning of
each batch for better profiling of communication ops; we set the
bucket size of gradient bucketing [38] to the default value (25)
for all our experiments, as we observe that varying it only causes
a negligible performance change.

A. Kernel Performance Modeling

We provide prediction errors in two metrics: GMAE (geomet-
ric mean absolute error) to reduce the impact of outliers that is
common when measuring E2E latency, and MAPE (mean abso-
lute percentage error) as an intuitive measurement of deviation as
an (always positive) percentage. We obtain less than 10% both
GMAE and MAPE for all kernel performance models shown
in Table I. Particularly, the adjustment of all-to-all message
size yields a low prediction error of latency, implying that the
operation is bounded by the biggest per-device data bulk sent
from or received by one certain device. Specifically, we present
the fitted curves for all-to-all benchmark data on both platforms
in Fig. 9. We observe that the practical problem size for all-to-all
in DLRM workloads lies in Section 2 (the transitional section),
which justifies our improvement on (1).

B. Multi-GPU E2E Performance Modeling

1) DLRM on Multi-GPU Platforms: In our experiments to
predict the multi-GPU training performance of DLRM models,
we first generate 20 tasks with embedding tables randomly
sampled from the DLRM open-source dataset. Among these
20 tasks, each of the 2021 and 2022 parts of the dataset con-
tributes 5 heavy tasks (i.e., all sampled tables are heavy) and
5 normal tasks (i.e., tables can either be heavy or light). The
total number of embedding tables per task is within the range of
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Fig. 10. Prediction, baseline, and reference of multi-GPU training performance of DLRMs on two multi-GPU platforms. Notice that the “Task_x”s on different
platforms do not have the same embedding table configuration as the random task generation is platform-specific. Tasks 0–9 and 10–19 on each platform are from
the 2021 and 2022 parts of the dataset, respectively. Heavy tasks are marked with purple color and italics. Percentage figures are the error of bars ending in the
broken area.

TABLE II
STATISTICS OF DLRM E2E TIME PREDICTION ERRORS ACROSS TWO

MULTI-GPU PLATFORMS

(0.7 ∼ 1.3)×#GPU× 13 to resemble real-world workloads.
To prevent out-of-memory errors, we limit the total memory
footprint of all embedding tables on each rank to less than 80%
DRAM size of the GPU for each task. We set the embedding
table sharder to size_lookup_greedy based, i.e., the cost of each
table is estimated asL×D × log(E). For each training iteration
in the E2E test of each task, we randomly sample a mini-batch of
data (with batch size set to 512/1024/2048/4096) corresponding
to each table selected in the task from the dataset and distribute
it to each rank based on the sharding scheme. The overhead
statistics (mean latency, etc) of PyTorch ops are aggregated
from all collected traces and shared by all tested workloads.
The actual/predicted time is measured/calculated by averaging
over 30 iterations. It takes about a day to run the benchmark and
analysis for all 80 (20 workloads × 4 batch sizes) tasks, while
it takes less than 20 minutes to predict their performance.

We present the statistics of all E2E performance modeling
tests on the two multi-GPU platforms in Table II, and the
prediction error and reference time of each task in Fig. 10.
The baseline result compared with our prediction in Fig. 10
is given by the maximum sum of kernel active time of each
GPU stream. We can see that this baseline prediction, yielding
error values higher than 60%, is insufficient to be used as the
predicted E2E time per iteration because no idle or waiting time
caused by data dependency between the streams is considered.
Instead, our enhanced algorithm can accurately predict both

normal and heavy tasks with high accuracy, with an overall
geomean prediction error of 5.21%. Most prediction results on
both devices underestimate the actual time, possibly because
the communication time dominates the per-iteration time when
batch size is big, so the syncing and waiting time among all
ranks also increases and contributes to the per-iteration time.
The remaining tests that overestimate might be explained by
the overestimation of GPU idle time caused by CPU overheads
when the workload is latency-bound. Device-wise, the behavior
of prediction errors, such as geomean/minimum/maximum error
and trends when the batch size changes, does not deviate much,
which justifies the consistency and stability of our prediction
algorithm across platforms.

2) NLP Models Performance Modeling: We also test our
E2E performance model on Transformer-based NLP models
including BERT, GPT2, and XLNet. In Fig. 11, we see that the
absolute prediction errors are less than 10% in all tests except
two, which are slightly larger. The geomean prediction error
of all the presented tests is 3.00%. Also, the variance of the
prediction errors is lower than that of DLRM workloads. The
reasons are 1) these NLP models are compute (GEMM) dom-
inated with the communication stream being well-overlapped
by the compute stream, and 2) the loads across devices are
more balanced than the DLRM workloads, thus intra-rank and
inter-rank synchronizations are rare and have little interference
in the prediction. With our highly accurate kernel performance
models, we can precisely predict the aggregation of compute
kernel time and subsequently the E2E time of these models.

VI. APPLICATION AND DISCUSSION

A. Case Study: Fast Sharding Config Selection Using
Performance Modeling

Industrial DLRM models can take days to train. Therefore,
selecting a sharding configuration (i.e., the way to distribute
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Fig. 11. Prediction, baseline, and reference of multi-GPU training perfor-
mance of BERT, GPT2, and XLNet on two multi-GPU platforms. Batch sizes
greater than 32 on BERT and 16 on XLNet result in out-of-memory errors and
these tests are thus skipped.

embedding tables to multiple GPUs) that balances the loads
on GPUs and speeds up the E2E per-iteration time is critical
to reducing their training costs. Industrial sharding configs
might consist of a sharding algorithm (greedy, multi-cost greedy,
etc.), cost functions (multi-cost, memory-based, compute-based,
etc.), table partition (column-based or row-based), and memory
placement of tables (HBM/UVM). Previously, the best configs
were selected by benchmarking and grid-searching over a big
search space formed by these factors, which can take as long
as one day per workload. We consider using our performance
model for this task so that without running the workload, the
selection time can be shortened to around 1 minute, with E2E
per-iteration time predicted in seconds for each config. Notice
again that we are not, like some previous works did [26], [27],
[28], proposing a smart sharding algorithm here to achieve
optimal performance. Instead, the goal is to quickly evaluate
various sharding algorithms or configs and pick the fastest one
for a specific problem size without benchmarking the model.

We conduct an experiment to demonstrate how our perfor-
mance model can quickly select the best sharding config for
DLRM training on a multi-GPU system. To show our idea with
simplicity, we only consider sharding algorithms as the config
and omit all other factors mentioned above. We also exclude
recently sophisticated sharders [26], [27], [28], although it is
straightforward to integrate and test them in the future from an
engineering point of view. We use six sharders listed in Table III
for the experiment. In addition, we pick the 10 heavy tasks from
the 20 tasks on each device generated in Section V-B1 and run
them again with the batch size 4096 and all sharders except for
size_lookup_greedy. This is to guarantee that embedding lookup
latency dominates the E2E time and thus the sharding config is
likely to make a difference.

Table IV shows the actual and prediction time of using dif-
ferent sharding configs in selected tasks trained with platforms
4×GV100 and 4×A100. We set the success criterion to be either
the performance model accurately selects the fastest config,

TABLE III
SHARDERS AND THEIR INDEXING (I) OR COST (C) FUNCTIONS, WHERE x

REPRESENTS AN EMBEDDING TABLE

orthe absolute error between the actualtime of the predicted
fastest config and the time of the actual fastest config is less
than 10%. The reason for using this criterion is that we not
only care about whether the fastest config is selected but also
how close the actual time of the predicted fastest config is from
the actual fastest time when the fastest config is not selected.
This is because in practice failing to select the fastest config is
tolerable as long as the actual time of the selected config is close
enough to the actual fastest time. In the rightmost column, we
see that the prediction result of our performance model meets the
criterion in 17 out of 20 (85%) tasks. In the 3 remaining tasks, the
absolute errors are only 13.76% at most. This demonstrates that
our performance model is accurate enough to aid multi-GPU
training optimization with low time and compute cost. Since
we have demonstrated that our performance model has low
prediction errors both generally and in individual cases, we are
confident that it can also perform well in unseen future cases.

B. Discussion

The biggest advantage of our performance model is its strong
adaptability to new ML models. It is essentially an execution
simulator built in the granularity of kernels and ops. Supporting
new ML models is straightforward, requiring only adding the
missing performance models and overhead statistics of any new
kernels/ops. The library of supported kernels/ops grows as the
system evolves, making it even easier to support new models
later. More importantly, from the performance perspective, how
the workload is executed is more fundamental than how it is
constructed because the same ML model can be trained with dif-
ferent strategies—e.g., data-parallel (DP), DDP, model-parallel
(MP), pipelining, etc.—with completely different performance.
However, our performance model can still handle all these
cases because the easy-to-obtain execution trace (the input to
our performance model) has information on both the model
architecture and the execution. This means our performance
model will extend well to unseen future workloads and execution
paradigms.

Currently, this work has the following limitations:
� Our prediction pipeline only supports ML workloads in

FP32 precision. However, it can be seamlessly adapted for
workloads in other precision types (FP16, INT8, etc.) by
preparing kernel performance models for all kernels/ops
with these types.
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TABLE IV
EMBEDDING TABLE SHARDING CONFIG SELECTION EXPERIMENT RESULTS

� This work currently only covers single-node multi-GPU
performance modeling. To extend it to multi-node multi-
GPU platforms, kernel performance models of all-to-all
and all-reduce for the multi-node communication network
must be prepared. Algorithm 1 should also be slightly
modified to track multiple processes from all nodes. This
will further adapt the performance prediction pipeline to
the industrial environment for enormous ML workloads
such as large language models (LLM).

� The training data loading from data centers, usually im-
pacted by uncontrollable factors like network speed and
data center setups, might cause load imbalance in the
industrial environment and is not considered in this work.

� Some additional infrastructure features, such as the support
of capturing dynamic tensor sizes and fused ops infor-
mation in the execution trace, can increase the robustness
of this work on various types of ML workloads (such as
training NLP models with variable-input-length and no
padding) and cooperate with modern ML compilation and
optimization techniques.

We plan to extend our code base to support these features.

VII. CONCLUSION AND FUTURE WORK

We extend our previous work on single-GPU performance
model with two critical components for more accurate single-
and multiple-GPU performance modeling: performance mod-
eling of communication collectives and E2E training time pre-
diction with inter-rank and intra-rank synchronization to enable
multi-GPU training performance modeling of ML workloads,
and support for input-data-distribution-aware performance mod-
eling of embedding lookup as a general enhancement. We
achieve high prediction accuracy on various types of ML work-
loads such as randomly generated DLRM and NLP models,

and also demonstrate the performance model’s ability to speed
up DLRM training through the use case of embedding table
sharding config selection.

There are a series of future works. Beyond the issues identified
in Section VI-B, the data-distribution-aware method we use to
model the performance of FBGEMM embedding lookup can be
generalized to other sparse ops such as SpMM and SpGEMM
to handle the training and inference performance prediction of
future sparsified neural networks.
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