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ABSTRACT

As large language models (LLMs) evolve into multimodal foundation models, distributed
training across massive GPU clusters has become indispensable. Because distributed train-
ing necessitates frequent, collective state synchronizations across thousands of devices, any
imbalance in execution time directly translates to systemic idle time, as the entire cluster
must stall and wait for the slowest device. Consequently, maximizing training throughput
requires consistently load-balancing the system across all participating accelerators.

However, achieving and maintaining this optimal balance is severely disrupted by two fun-
damental challenges in large-scale multimodal training: resource imbalances and workload
imbalances. On the resource side, operating at the scale of thousands of GPUs inherently
increases hardware failure events. When failures occur, they dynamically alter the cluster
topology, creating variability in the total number of available GPUs and heterogeneity in
the number of active GPUs per model replica. On the workload side, distributing diverse
modalities to be executed in parallel across the system inherently causes severe workload
imbalance. Because different modalities impose vastly different computational footprints,
distributing their execution across GPUs introduces profound workload heterogeneity. Fur-
thermore, as the relative mixture of these modalities changes from batch to batch, it creates
unpredictable workload variability throughout the training process. Together, this inter-
twined heterogeneity and variability — spanning both the underlying hardware resources and
the multimodal training workloads — make it exceedingly difficult to prevent straggler effects
and sustain high training efficiency.

This dissertation studies how to systematically address heterogeneity and variability in
both resources and workloads to make distributed multimodal training highly efficient and
robust. We have developed three solutions to provide fault-tolerance and workload balancing
for multimodal training. First, we propose Oobleck, a fault-tolerant hybrid-parallel training
framework that uses heterogeneous pipeline templates to address resource variability. A
pipeline template is a specification of a model replica for a given number of GPUs, and
Oobleck uses a composition of heterogeneous pipeline templates to utilize all available GPUs.
When failures happen, Oobleck can reinstantiate pipelines from the pipeline templates and
copy missing model states from other replicas to recover from failures. This apporach allows

Oobleck to achieve efficient workload rebalancing without checkpointing.

xii



Second, we present Cornstarch, a distributed multimodal training framework that ad-
dresses intra-batch multimodal workload heterogeneity and variability. Different from ex-
isting distributed multimodal training frameworks that focus only on first-order model and
data heterogeneity, Cornstarch discovers latent higher-order heterogeneity and variability in
two parallelization dimensions: pipeline parallelism and context parallelism. More specifi-
cally, Cornstarch considers the frozen status of model components to balance the pipeline
stages in pipeline parallelism, and it analyzes variable imbalance of workload distribution in
context parallelism.

Third, we introduce Entrain that balances inter-batch multimodal workload variability.
The relative workload ratio of heterogeneous modalities varies across batches, thus optimizing
the parallel configuration for one batch may not be optimal for another one. A natural
intuition would be to dynamically adapt the parallel configuration for each batch. However,
Entrain shows a counterintuitive result that a single, static parallel configuration suffices for
optimal load balancing with macroscopic batch-level profiling. While at macroscopic scale,
the workload ratio between modalities converges to a stable constant, variability persists at
the microscopic scale, which is exposed when a batch is split into microbatches in pipeline
parallelism. Entrain addresses this with a hierarchical microbatch assignment and deferral
optimization to stabilize variability across microbatches.

Together, these works provide comprehensive solutions to address heterogeneity and vari-

ability for highly efficient and robust distributed multimodal training.
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CHAPTER 1

Introduction

Since the introduction of the Transformer architecture [145], deep neural networks (DNNs)
and Large Language Models (LLMs) have become the de-facto standard for machine learning
tasks. Modern state-of-the-art models now routinely encompass hundreds of billions or even
trillions of parameters [106, 107, 39, 40, 41, 5, 139, 26, 140, 38|, trained across massive,
ever-growing datasets [133, 152, 112]. Beyond simply scaling parameter counts, a major
paradigm shift in contemporary Al is the evolution toward natively multimodal foundation
models. Rather than processing text in isolation, recent architectures [107, 25, 41, 162, 140,
38, 157] are increasingly designed from the ground up to concurrently understand, reason
about, and generate content across diverse modalities. By seamlessly integrating various
modalities, these natively multimodal foundation models unlock unprecedented capabilities
for complex, human-like perception and interaction. Because these massive, multimodal
foundation models far exceed the memory capacity and computational capabilities of any
single accelerator, large-scale distributed training across thousands of GPUs has become

mandatory.

1.1 Distributed Multimodal Training

To fit these models into memory and maintain reasonable training times, the adoption of
combination of several parallelism strategies [102, 76, 81] has become an inevitable neces-
sity and is now widely adopted in state-of-the-art training pipelines [17, 139, 38, 161]. This
involves a combination of Data Parallelism (DP) to distribute the massive datasets across
replicas [122, 123, 176], Context Parallelism (CP) to handle the exceptionally long sequence
lengths characteristic of multimodal inputs [151, 164, 43, 54, 33], Tensor Parallelism (TP)
to partition individual mathematical operations within a layer [102, 147, 99], Pipeline Paral-
lelism (PP) to divide the model’s sequential layers across multiple devices [115, 100, 101, 30].

These four dimensions are collectively referred to as 4D parallelism, which can be applied



to any Transformer-based model architecture, while there are other parallelism strategies
specific to certain model architectures such as Expert Parallelism (EP) that distributes ex-
pert blocks in Mixture-of-Experts (MoE) models [121, 131, 52] or parallelisms for Diffusion
models [32, 75, 31, 90, 158]. However, while hybrid parallelism makes training such un-
precedented scale models possible, it also introduces complex requirements for workload and
resource balancing.

A key characteristic of scaling up large multimodal foundation models is the need for
balanced workload distribution during distributed training. Because the training process is
dispersed across thousands of GPUs using various parallelism strategies, these devices must
routinely communicate to exchange intermediate activations, gradients, or model parame-
ters. This coordination creates collective synchronization points throughout the execution
pipeline. At each synchronization point, the overall progression of the cluster is determined
by the slowest participating device, commonly referred to as a straggler. If the workload is
unevenly distributed across the GPUs, devices that finish their computation early must stall
and wait until the straggler completes its assigned task. Consequently, achieving high effi-
ciency in large-scale distributed training relies heavily on maintaining a balanced workload

distribution to minimize these straggler effects.

1.2 Main Challenges: Resource and Workload Variance

Achieving and maintaining the optimal balance required by distributed multimodal training
is severely disrupted by two fundamental areas of variance: resource variance and workload
variance. These two pillars continuously inject heterogeneity and variability into the system,
systematically creating stragglers and bottlenecking the entire cluster.

Resource Variance. Operating at the massive scale of thousands of GPUs inherently
increases the frequency of hardware failures. Even though the individual failure rate or
Mean Time Between Failures (MTBF) for a single GPU remains constant, the aggregate
probability of encountering a failure somewhere in the system grows proportionally with
the size of the cluster. This constant threat of failure is uniquely devastating in large-
scale distributed training because its impact extends far beyond the immediately affected
hardware. When a single GPU fails, it directly paralyzes only the highly localized cohort
it belongs to, such as a single Tensor Parallel (TP) group or a specific pipeline stage. And
then, because all execution dimensions in the 4D parallelism hierarchy are bound by rigorous,
collective synchronizations, the stall caused by this single failed device rapidly propagates to
larger execution groups, and eventually brings the entire thousands of GPUs training cluster

to a complete halt.



As the system restarts and attempts to resume training, these localized failures perma-

nently alter the underlying cluster topology. First, they introduce unpredictable resource
variability by constantly shifting the total number of available GPUs over the course of the
training run. Second, because GPUs are distributed across the rigid grid structures of mul-
tiple parallel dimensions, failures that affect only a very localized area inherently break the
symmetry of the system, actively creating resource heterogeneity. With a cluster topology
that is no longer perfectly symmetric, mapping the remaining hardware onto rigid parallel
dimensions inevitably leaves the system attempting to run symmetric hybrid-parallel work-
loads on an asymmetric hardware backend. This results in model replicas operating with
unequal numbers of active GPUs or unevenly degraded computational capabilities compared
to others.
Workload Variance. Beyond the physical infrastructure, the multimodal nature of the
workload itself introduces profound imbalances. Distributing diverse modalities to be exe-
cuted in parallel across the system inherently causes workload heterogeneity. This heterogene-
ity arises fundamentally from both the data and the model. Processing different modalities
requires handling disparate data structures (e.g., dense, high-resolution continuous image
patches versus discrete text tokens) using entirely distinct model architectures (e.g., Vision
Transformers for images versus Large Language Models for text). These architectural and
data-level differences impose vastly unequal computational, memory, and communication
footprints across the participating GPUs.

Furthermore, multimodal training is highly dynamic, leading to unpredictable workload
variability throughout the training process. The relative computational ratio between these
modalities constantly fluctuates from batch to batch depending on the exact composition of
the sampled training data. Additionally, the complex ways these modalities interact during
execution — such as non-causal attention patterns dynamically shifting focus between text
and visual inputs — further perturb the distribution of work over time. Consequently, a
distributed execution plan that perfectly balances the workload for one training iteration
may become severely imbalanced in the next, making it exceedingly difficult to sustain
optimal throughput without continuous adaptation.

Together, this intertwined heterogeneity and variability — spanning both the underlying
hardware resources and the multimodal training workloads — makes it exceedingly difficult

to prevent systemic idle time and sustain high training efficiency.



1.3 Thesis Statement and Contributions

Thesis Statement. This dissertation proposes a comprehensive system architecture that
both statically orchestrates and dynamically adapts to the intertwined heterogeneity and
variability of hardware resources and multimodal workloads. By challenging long-held as-
sumptions and rules of thumb in distributed system design, this work effectively neutralizes
systemic straggler effects to mazximize end-to-end training throughput.

We have developed three solutions to provide fault-tolerance and workload balancing for
distributed multimodal training.
Oobleck [57]. To provide fault-tolerant distributed training, a straightforward approach is
to use checkpointing that periodically saves the intermediate training states to the persis-
tent storage [6]. When failures happen, the entire training job is restarted and loads the last
checkpoint to resume training. This design is simple and easy to implement, but it requires a
lot of overhead to save and load the checkpoint [102]. Additionally, when hybrid parallelism
is used, it is not trivial to find a new optimal configuration for the remaining GPUs after
failures. Production environments, therefore, often resort to using backup GPUs to cover
the failures to maintain the initial parallel configuration, which forces the backup GPUs to
idle until the failures happen. Oobleck is a breakthrough work that solves these problems
by introducing pipeline templates and utilizing model state redundancy across the replicas.
Pipeline templates are a set of specifications of a model replica for a given number of GPUs,
and a whole parallel configuration is generated from a composition of these templates. Com-
position of pipeline templates is a key idea that allows Oobleck to utilize all available GPUs
throughout the duration of training even when the number of GPUs changes due to fail-
ure and recovery events. When failures happen, Oobleck reinstantiate pipelines from the
pipeline templates and copy missing model states from other replicas, instead of loading the
checkpoint. Heterogeneity and imbalance of computational capabilities between the replicas
due to failures is resolved by redistributing the batch proportionally to the computational
capabilities of the replicas.
Cornstarch [56]. To support the era of upcoming multimodal foundational models, a few
works have attempted to address the heterogeneity in multimodal training, by focusing on
model and data heterogeneity [49, 173, 34, 163]. While it remains important to address the
heterogeneity in multimodal training, they are incremental improvements over the existing
works that focus on unimodal training by distributing the model and data in a different
way to adjust for the heterogeneity [102]. Cornstarch transcends such first-order heterogene-
ity and addresses higher-order heterogeneity and variability in multimodal training. First,

multimodal training typically starts by integrating independently pretrained unimodal foun-



dation models (e.g., a pretrained Vision Transformer combined with a pretrained LLM)
rather than training the entire unified architecture from scratch. To seamlessly unify these
disparate components, the training process proceeds through multiple distinct stages, each
focusing on specific learning objectives such as modality alignment or instruction tuning.
Depending on the objective of the current stage, the model components are either frozen or
trainable. This partial freezing of the model drastically alters the computational footprint
of different layers, introducing severe, previously unconsidered workload imbalance across
pipeline stages that traditional unimodal parallelization strategies fail to address. Corn-
starch considers the frozen status of model components to balance the pipeline stages in
pipeline parallelism. Second, multimodal training generates highly dynamic attention pat-
terns that are not causal, which introduces variable imbalance of workload distribution in
context parallelism. While causal attention patterns are always static that can easily be
distributed, non-causal attention patterns are highly dynamic depending on the content and
the location of the input data,which makes efficient workload distribution challenging. Corn-
starch introduces a novel workload distribution algorithm that balances the computational
cost of non-causal attention patterns at both inter-GPU and intra-GPU granularity.

Entrain [55]. The heterogeneity and variability in multimodal data distribution does not
only exist within a single batch, but also across different batches. Typical analysis of hetero-
geneity of multimodal data shows the distribution of each modality independently [173, 163],
however, multiple modalities are highly entangled within a single sample, which introduces
another layer of heterogeneity and variability. Intuitively, it would make sense to dynami-
cally adapt the parallel configuration for each batch to balance the workload distribution.
Counter-intuitively, even with variability of the ratio of modalities across samples, we figure
out that macroscopic-scale large size of batch can stabilize the ratio of modalities in a batch,
which allows to derive a single parallel configuration that considers the ratio of modalities
in a batch is sufficient for optimal load balancing throughout the training process. When
pipeline parallelism is used, however, a batch is split into multiple microbatches, which re-
exposes variability of the ratio fo modalities across microbatches. Dynamically adapting
the parallel configuration for each microbatch is prohibitively expensive, therefore, Entrain

introduces deferred workload optimization to balance the workload distribution.

1.4 Organization of the Dissertation

The remainder of this dissertation is organized as follows.

o Chapter 2 details existing approaches for fault-tolerance and introduces Oobleck along

with pipeline templates. We mathematically prove the capability of Oobleck’s tolerance to



failures and the capability of the composition of pipeline templates to utilize all available
GPUs. We also provide detailed mechanisms of redistributing the batch to adjust the
workload balance.

Chapter 3 presents Cornstarch, a distributed multimodal training framework that ana-
lyzes computational cost of model components with frozen status precisely for balanced
pipeline parallelism, and introduces a workload-aware context parallelism that balances
the distribution of non-causal attention computation intra- and inter-GPU.

Chapter 4 introduces Entrain, which addresses the heterogeneity and variability of multi-
modal data distribution across batches and microbatches. We show that a macroscopic-
scale large batch size stabilizes the modality ratio to enable a single parallel configuration,
and present a deferred workload optimization technique to maintain balanced workload
distribution across highly variable microbatches.

Chapter 5 concludes the dissertation by summarizing the contributions and discussing

future directions.



CHAPTER 2

Oobleck: Resilient Distributed Training of Large Models
Using Pipeline Templates

This chapter focuses on resilient and fault-tolerant distributed large model training and
introduces Oobleck. As a core contribution of Oobleck, we introduce the concept of pipeline
templates that provide resilient and high-throughput distributed training. Pipeline templates
are designed to cover any number of available GPUs at any time during training, and each
pipeline template is an optimal configuration for a given number of GPUs. Balancing across
pipeline templates is achieved by batch distribution, where the iteration time of each pipeline
template is precisely estimated to minimize the overall straggler problem.

The rest of the chapter is organized as follows. Section 2.1 provides the introduction to
Oobleck. Section 2.2 introduces the background knowledge of hybrid parallelism and fault
tolerance in distributed training. Section 2.3 describes the design of Oobleck, followed by
algorithms (Section 2.4), dynamic reconfiguration (Section 2.5), and implementation (Sec-
tion 2.6). Evaluation results are presented in Section 2.7. We then survey related work in

Section 2.8 and conclude the chapter in Section 2.9.

2.1 Introduction

DNN models continue to become larger [146]. Many recent advances in deep learning have
been attributed to significant increases in model size to hundreds of billions of parameters
and training on ever-growing datasets [106, 132]. Recent studies suggest that a trillion-
parameter model would require at least 2TB of memory simply to store model parameters,
and tens or hundreds of TB for training [122, 127, 123, 80, 60]. Naturally, scaling large
model training has received intense attention over the past few years [101, 30, 132, 171, 156].
Distributed hybrid-parallel training [102, 177] that combines model and data parallelism has

emerged as the primary approach to training such large models.



Unfortunately, the likelihood of experiencing failures also increases with the scale and
duration of training [59, 44, 153]. The effect is further amplified by the synchronous nature
of DNN training, which causes all participating devices to idle until the failed one has
recovered, causing massive underutilization. Indeed, teams from Meta, HuggingFace, and
LATON report significant underutilization from failures when training large models [171, 156,
8]. Failure rates are even higher for training jobs that use spot instances in the cloud [141, 6].

Existing frameworks have little systematic support for fault tolerance during hybrid-
parallel training. Ensuring continuous operation in the presence of failures fundamentally
requires redundancy in one form or another. Model state redundancy in data-parallel training
is the only form of “free” redundancy, because each worker already has a copy of the model
states. Most solutions harness the inherent redundancy provided by data parallelism and
utilize its embarrassingly parallel nature to elastically change the number of GPUs while
dynamically changing the global batch size [53, 114, 73, 172]. However, they are unable to
extend these benefits to hybrid parallelism and are limited only to data-parallel training.

In contrast, fault tolerance approaches tailored toward hybrid parallelism struggle to
leverage any inherent redundancy. Instead, they introduce additional redundancy in vari-
ous forms; e.g., having a pool of standby GPUs [156], using checkpoints to reconfigure and
restart [6], and performing redundant computations in anticipation of a possible failure [141].
Essentially, they consider overhead during training vs. overhead to recover from failure(s),
and choose one of the two extremes (§2.2.2): if failures are infrequent, amortized overhead
for reconfiguration would also be low [6]; if failures are more frequent, then incurring some
overhead during training may be more preferable than spending significant time in recov-
ery [141].

In this paper, we present Oobleck, a fault-tolerant hybrid-parallel training framework.
It provides high training throughput, guaranteed fault tolerance, and fast recovery without
introducing additional overhead.

Pipeline templates are at the core of Oobleck’s design. A pipeline template is a speci-
fication of pipeline execution for a given number of nodes. They are designed during the
planning phase by Oobleck’s template generator and reused during execution by Oobleck’s
execution engine. All pipeline templates are logically equivalent yet physically heteroge-
neous; each has a different number of nodes and associated configurations that can be used
to instantiate a pipeline for a given model. Oobleck uses one or more pipeline templates to
create pipeline replicas to exploit the inherent model states redundancy across the replicas.
Pipelines affected by failures can reconstruct model states by copying missing layers from
other replicas without having to restart from a checkpoint.

More specifically, given a training job starting with the number of maximum simultaneous



failures to tolerate f, Oobleck’s execution engine instantiates at least f + 1 heterogeneous
pipelines from the generated templates. The fixed global batch is distributed proportionally
to the computing capability of heterogeneous pipelines such that all pipeline replicas train
roughly at the same rate. Upon failures, Oobleck avoids demanding analysis of finding a
new optimal configuration by simply reinstantiating pipelines from the precomputed pipeline
templates while achieving maximum node utilization. This is always possible for f or fewer
failures because Oobleck provably guarantees that a combination of pipelines generated from
those precomputed templates can fully utilize all the remaining nodes.

We have implemented Oobleck on top of PyTorch and HuggingFace Transformers [155]
using components from DeepSpeed [125] and Merak [68]. We evaluate Oobleck and compare
its performance against Bamboo and Varuna across large models like GPT-3 with billions
of parameters. Oobleck outperforms the state-of-the-art solutions by up to 13.9x as we
consider different frequencies of failures, spot instance traces, and models of different sizes
and computation complexity.

Overall, we make the following contributions in this paper.

o We present Oobleck, a novel framework for resilient distributed training that provides

guaranteed fault tolerance and maximizes throughput.

« Oobleck introduces pipeline templates to (re)instantiate pipelines. Pipeline templates

allow quick failure recovery and utilization of all available GPUs.

o We implement and evaluate Oobleck with several large models, e.g., variants of GPT-3,

to demonstrate large improvements in terms of throughput and failure recovery.

Oobleck is open-source and available on GitHub.!.

2.2 Background and Motivation

In this section, we briefly introduce hybrid parallelism that is commonly used for large model
training. We also discuss existing fault tolerance strategies for hybrid-parallel training and

highlight their limitations.

2.2.1 Hybrid Parallelism

As DNN models continue to grow in size and are trained on increasingly larger datasets [171,
156, 132], using just data parallelism or model parallelism is often not enough to efficiently

train a DNN. Data parallelism splits and distributes input to multiple GPUs, but it requires

thttps://github.com /SymbioticLab/Oobleck
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each GPU to hold the entire model [53]. Model parallelism accommodates large model train-
ing by splitting the model across multiple GPUs — for example, pipeline parallelism splits
the model into groups of layers called stages, and tensor parallelism slices each model layer
into several tensor chunks. However, the former has pipeline bubble overheads that decrease
compute utilization as the pipeline grows deeper [132]. The latter suffers from high commu-
nication cost that cannot be hidden in computation, because it requires several all-reduce
operations in the critical path of both forward pass and back-propagation [122]. Conse-
quently, a combination of data and model parallelism techniques — aka hybrid parallelism —
is used in practice to train large DNN models [132, 156, 30, 102, 100, 101].

2.2.2 Fault Tolerance in Distributed Training

Failures are the norm in distributed systems, and distributed DNN training is no exception.

The probability of experiencing one or more failures increases with the increasing number of

GPUs and the duration of training. For instance, a Meta Al team suffered approximately

100+ hardware failures and had to do 1004+ major restarts during OPT-175B training [171].

Because of the synchronous nature of distributed training, the cost of even one failure is

multiplied: all the GPUs must idle until the impact of failure has been mitigated. The impact

of this phenomenon was recently highlighted in detail by a LAION team when training CLIP

models [8] as well as a BigScience team during BLOOM training [156].

Several recent works have focused on fault-tolerant data-parallel training via dynamically
changing the global batch size [53, 114, 159, 73|. Fault-tolerant hybrid-parallel training is
more challenging because the model is distributed across multiple GPUs. There are two
primary approaches.

1. Checkpointing: Checkpointing is a popular mechanism to persistently store training
progress. For example, the BigScience team training the BLOOM model [156] and the
Meta AT team training the OPT model [171] used this recently. However, manual reconfig-
uration after identifying and replacing the failed GPUs with spare ones is time-consuming.
Varuna [6] introduced job morphing to dynamically reconfigure training jobs to achieve
the best performance with the remaining resources after restarting from the most recent
checkpoint. While this does not introduce significant fixed overhead, recovery time can
be unsustainable when the failure rate is high [141].

2. Redundant computation (RC): To avoid reconfiguration and restart overheads, Bam-
boo [141] recently introduced redundant computation (RC) where each pipeline stage is
redundantly computed in two subsequent nodes. When a node fails, the backup node

computes the forward and backward passes of the failed node. RC introduces fixed com-

10



=
o
o

5 1.0

2 : [0.94 :

2 075 : [0.80

°3 :

f‘@ 0.50 0.54 0.5 1

:= 5 5

o 0.257 [6:28 : : 0.27

+ 0.15|: :

o 0.00 55 : ; ; 0.0 0OM_OOM : [T -
B B Vv \ B B \ \
6h 10m 6h 10m 6h 10m 6h 10m

BERT-Large GPT-3 6.7b

Figure 2.1: Effective time spent in training for Bamboo (B) and Varuna (V) running BERT-
large and GPT-3 6.7b models for different frequency of failures (6h and 10m). An optimistic
upper-bound of the optimal is 1.00, when training remains unaffected by failure(s).

putational overhead due to redundancy in computing and memory overhead of holding
redundant states in each node. Note that reconfiguration and restart from a checkpoint

is still necessary if two adjacent nodes fail.

2.2.3 Limitations of the State-of-the-Art

State-of-the-art approaches for fault-tolerant hybrid-parallel training do not provide any
systematic fault tolerance guarantees, and they have large overheads, especially when models
become larger.

Figure 2.1 shows the time effectively spent in training (i.e., the time that leads to training
throughput) using Varuna and Bamboo when training BERT-Large and GPT3-6.7B — with
340 million and 6.7 billion parameters, respectively — when one failure happens every six
hours and every 10 minutes on average. Detailed experimental setup is in Section 2.7.1.
Varuna provides higher training throughput compared to Bamboo, but it has noticeable
job restart overhead. Although some recent proposals improved checkpointing overhead [98,
29], loading checkpoints upon restarts is still in the critical path. When failures become
more frequent, restarting overheads dominate. Additionally, performance degradation after
a failure is not proportional to the number of failures, but worse. This is because Varuna’s
hybrid parallelism uses a grid topology; one GPU failure breaks the grid of GPUs, leaving
some of them idle.

Bamboo, in contrast, reduces checkpointing and restart overheads, but RC in Bamboo
introduces significant performance overhead, even when some portion of the overhead is
hidden in pipeline bubbles. Specifically, its forward RC redundantly computes the next
stage all the time, lowering throughput even in the absence of failures. Backward RC takes

place only after failure(s), but it adds additional overhead to some pipelines’ iteration times,
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Figure 2.2: An example of Oobleck’s fault tolerance guarantees with f = 2. S refers to a
pipeline stage. (a) In the worst case, we lose model states (a stage) if more than f nodes
fail. (b) In the general case, however, more than f node failures can be tolerated.

making them stragglers and inflating the iteration time of synchronous training. Worse,
Bamboo also needs to restart with a full reconfiguration from a checkpoint for as few as two
failures when two adjacent nodes fail.

Finally, both approaches perform poorly for larger models, especially when failures are
frequent. Bamboo runs out of memory and Varuna spends most of the time preparing to
train. We aim to design a solution that works well regardless of the frequency of failures

both in terms of the fault tolerance guarantee it provides and the throughput it achieves.

2.3 Oobleck Overview

2.3.1 Pipeline Templates

Oobleck introduces pipeline templates, each of which is a pipeline specification that defines
how many nodes should be assigned to a pipeline, how many stages to create, and how to
map model layers in stages to GPUs. All pipelines instantiated by Oobleck are from precom-
puted pipeline templates. In practice, Oobleck instantiates multiple (possibly heterogeneous)
pipelines from a set of heterogeneous pipeline templates to fully utilize an arbitrary number
of nodes even when they do not form a grid. Decoupling “planning” (pipeline template
generation) from “execution” (pipeline instantiation) enables fast failure recovery; a pipeline
with lost node(s) is replaced with a new pipeline instantiated from another pipeline template

that requires a fewer number of nodes.
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2.3.2 Fault Tolerance Guarantees

Oobleck guarantees fault tolerance without restart for up to f simultaneous pipeline failures,
because in the worst case, f node failures are enough to cause f pipelines to fail. Consider
Figure 2.2, where there are three pipeline replicas each with four stages — i.e., each stage has
three replicas. We can tolerate at most two simultaneous node failures in the worst case,
because if three failures take out all three replicas of any stage (stage 1 in Figure 2.2a), the
pipelines cannot be recovered. In general, however, Oobleck can tolerate in excess of f node
failures, provided that a minimum of one copy of the entire model states is retained across
the pipelines. For example, even after eight node failures in Figure 2.2b, one copy of each

stage still remains alive; hence, it is recoverable.

2.3.3 System Components

Oobleck extends existing ML training frameworks in two primary aspects (Figure 2.3). First,
it has a pipeline template generator to generate a set of heterogeneous pipeline templates
that can be used by the execution engine for pipeline instantiation. Pipeline templates are
created only once and never change during the entire training.

Second, Oobleck has a distributed execution engine that enables efficient heterogeneous
pipeline execution. It instantiates pipelines from the given set of pipeline templates con-
sidering the user’s fault tolerance threshold (f) and batch information (global batch and
microbatch size). It creates at least f + 1 (possibly heterogeneous) pipeline replicas so
that at least one copy of the model exists anytime during training for up to f simultane-
ous failures. The batch distributor calculates the number of microbatches for each pipeline
that balances execution latency between heterogeneous pipelines. Pipeline instantiation and
batch distribution happens whenever a node fails or is added. The node change monitor de-
tects node failure(s) and node additions; then the execution engine dynamically reconfigures

using precomputed pipeline templates.

2.3.4 Training Lifecycle

Oobleck users submit training jobs with a fault tolerance threshold f, a model and dataset
to train on N homogeneous nodes (received from a GPU cluster manager [59, 153]), and
batch size information O (Figure 2.3). Oobleck’s pipeline template generator first creates
a set of pipeline templates @. The distributed execution engine instantiates pipelines from
the templates and deploys them on the cluster @.

When node failure(s) happen @), if we have a complete model replica, Oobleck does not
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Figure 2.3: Oobleck system overview.

restart but reconfigures the pipelines @. The execution engine reinstantiates pipelines from
the templates to make sure all nodes are used. During pipeline reinstantiation, nodes share
information about the ownership of model states and copy missing model states from others.
After reconfiguration and model states copying are done, nodes resume training. A job runs
until it reaches the target accuracy, a user terminates it, or Oobleck cannot maintain f + 1
pipeline replicas. If the cluster cannot hold f + 1 replicas, Oobleck stores the progress,
informs the user, and exits. Thereafter, the user can decide to restart training from a recent

checkpoint once enough nodes have recovered to maintain f + 1 replicas.

2.4 Oobleck Planning Algorithm

Oobleck tolerates f simultaneous failures by instantiating r (> f+ 1) heterogeneous pipeline
replicas of the same model. Each of these logically equivalent pipeline replicas performs
hybrid-parallel training. Unlike existing solutions that force a single homogeneous hybrid-
parallel configuration over a rigid grid (# GPUs per pipeline stage x # pipeline stages X
# pipeline replicas) [6], Oobleck’s heterogeneous pipeline execution can utilize all available
GPUs.

Because the number of available nodes can vary over time due to failures, Oobleck requires

an effective mechanism to derive all possible configurations of heterogeneous pipelines that
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Figure 2.4: Oobleck’s planning algorithm overview. First, it generates a set of pipeline
templates, a combination of which can utilize all available nodes. A template is a specification
of pipelines, how many nodes are assigned and how GPUs in the nodes should be mapped
to pipeline stages. Then, pipelines are instantiated following the fastest (best) plan after
checking all possible plans. A plan includes how many pipelines should be instantiated from
each pipeline template given the number of nodes and how batch size should be distributed
to the pipelines.

can utilize all available GPUs at any point in time. Oobleck’s pipeline template generator
computes a fixed set of pipeline templates at the beginning of the training job for the entire
training (§2.4.1). The pipeline execution engine instantiates zero or more copies of each of
the templates (i.e., a collection of heterogeneous pipeline replicas) to utilize all currently
available nodes (§2.4.2).

2.4.1 Generating Pipeline Templates

Each pipeline template created by Oobleck is a set of specifications that defines how many
nodes to use, and how the given GPUs and model layers are mapped to make pipeline stages
use all those nodes. Figure 2.4a illustrates this process. In this example, we generate a set
of pipeline templates. We first determine the number of heterogeneous pipeline templates
and their node specifications (number of nodes) needed to utilize all available nodes, given
the initial number of nodes N, the amount of memory required to train a model, and the
fault tolerance threshold f (§2.4.1.1). In this case, three heterogeneous pipeline templates
with 2, 3, and 4 nodes have been chosen. Then, for each template, we partition the model

and map the available GPUs to them to create pipeline stages that minimize the iteration
time (§2.4.1.2).

2.4.1.1 Node Specification.

Because pipeline templates never change during training and generating arbitrarily many of

them is expensive, we must determine how many pipeline templates are needed, and then
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how many nodes each of the templates should use, so that some combination of them can
always utilize any number of available nodes, even when we have fewer number of nodes than
at the beginning after failures.

This can be formulated as the Frobenius problem [124], which finds the Frobenius num-
ber g, the largest number that cannot be represented as a linear combination of integers.
Meaning, any number of available nodes after failures N’ > g can be expressed as a linear
combination of the given pipeline templates, each with a specified integer number of nodes.

If we represent the number of pipeline templates as p and the number of nodes for the
i-th pipeline template be ordered values n;(0 < n; < N) where n; < n;;1, we can guarantee
that any feasible N’ > (f + 1)ng is always larger than g when the following conditions are
met [129].

1. p>neg—1.
2. n; are consecutive integers (n; + 1 = n;iq).
See Appendix A.1 for a proof.

We set the lower bound of N’ as (f + 1)ng: the smallest number of nodes required to
maintain f + 1 replicas of the model, because ng is the smallest number of nodes for a single
pipeline. Any smaller N’ cannot respect the fault tolerance threshold f.

Choice of ng and p. There are several choices for a set of pipeline templates that satisfy
the conditions depending on the values of ng and p. We choose the smallest possible ng
and the largest p. We select the minimum ny because shallow pipeline execution (smaller
no) typically takes less time for the same amount of computation [132]. Although a large p
does not directly benefit planning, it helps reduce reconfiguration overhead. The largest p
can be calculated from the largest possible value for n, ; (referred to as n;*f). When all

but one of the f 4 1 replicas use ng nodes and the last one uses all the remaining nodes,

max

nyt = N — fng. We now have p to be the length of the range from ng to n;*y.

p—1 =

2.4.1.2 GPU — Stage Mapping.

Given the number of nodes in each pipeline template, we must determine how to best use
them by finding the number of pipeline stages, partitioning the model layers to the stages,
and mapping the nodes to those stages. We propose a divide and conquer algorithm to
find the mapping that minimizes the iteration time. This algorithm divides the model into
pipeline stages and the nodes into a set of GPUs at the same time, and then maps each
of them so that we utilize all GPUs in the given nodes. It then iterates over all possible
combinations of GPU-stage mapping and finds the one that minimizes the iteration time.

Let T(S',u,v,d) be the minimum iteration time for layers (l,,ly11,...,l,—1) partitioned
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Figure 2.5: 1F1B pipeline execution breakdown (7'1,72,73)

into S’ stages and running on d GPUs. A pipeline for the entire model using all GPUs in the
pipeline template then has the minimum iteration time 7'(S,0, L,n - M), where the model
has L layers, and there are n number of nodes in the pipeline template, each of which has
M GPUs.

To calculate the minimum iteration time of a pipeline, the algorithm considers its critical
path and breaks 7" down into three terms T'1, T2, and T3 (Figure 2.5). T'1 represents 1F1B
initialization and teardown phases of pipeline execution, which include one forward and one
backward for all stages. The steady phase in the middle has one forward and one backward
pass alternating. The critical path may still include forward and backward passes of other
stages than the slowest one on each end, similar to T'1. We thus split the steady phase into
T2 and T'3. T2 includes the slowest stage alternating forward and backward, and T3 is the
remaining part.

Divide. In the division phase, we divide the model and the nodes at the same time. Division
continues until we cannot partition either GPUs or model layers, or the number of partitions
matches the desired number of stages. If multiple GPUs are assigned to a pipeline stage,
tensor parallelism is used to accelerate it. Figure 2.6 illustrates such a division and mapping
process. After both sub-problems are conquered, the algorithm combines their results to cal-
culate the execution time of a multi-stage pipeline created by connecting two sub-problems.

From the definitions of T'1, T'2, and T3, the division and combination process can be defined
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as recursive structures for each term:

Tl pm (S u,v,d) = Tl gm(s,u, kym) + Tl (S — s,k 4+ 1,0,d — m) (2.1)
T2 m(S" u,v,d | k) = (Ny— S+ k* = 1)(F,., + By,..) (2.2)

T3skm(s,u, k,m | k) e 1
/ , if k* = k]

T3 pm(S" u,v,d | k) = +TLapm(S" = s,k +1,0,d —m) (2.3)
T3 km(S" —s,k+1,v,d—m | k) otherwise

We iterate over s, k, and m globally, and find a (s, k, m) that minimizes 71, + 125 p.m +
T3skm- Each T g, T2 j.m, and T3, is the solution of T'1, T2, and T'3, respectively.

k* denotes the index of the slowest stage, derived from either ki or k3, the slowest stage
indices of the two sub-problems. 72 depends on the number of microbatches (N,) deployed to
the pipeline, which is not yet determined. From prior observations that the pipeline bubble
overhead is negligible with N, > 45’ [50], we temporarily use N, = 45’ in planning. The
structure of T3 is special as it includes T'1 in Equation 2.3. T3 is an accumulation of forward
and backward time for all the following stages after the slowest (35 L (F 4 B)). If sp is
in the first half sub-problem (i.e. sp= == s;:), it can be broken down to Y3_,.(F + B) +
Zflz’slﬂ(F + B), each of which represents T'3 of the first half and 71 of the second half,
respectively.

Conquer. When a problem has just one stage, we can easily calculate the execution time

of running a stage s with [,,...,l,_1 layers on d GPUs:
v—1

T1(1,u,v,d) =Fsq+ Bsg= > _(Fi.a+ By.a)
k=u

24
T2(1,u,v,d) =2(Fs 4+ Bs.a) 24

T3(1,u,v,d) =Fsq+ Bs.4

There is one requirement for d GPUs running a single stage: all d GPUs should be in the same
node. It is reasonable because if GPUs span several nodes, the cross-node network becomes
a bottleneck and lowers the utilization of high-throughput intra-node network in collective
communications done in intra-layer parallel execution. We simply mark all 7" values as oo if
cross-node GPUs are given.

Choosing the number of stages S. We do not know which S provides the minimum
iteration time. Therefore, we iterate over possible values of S in (n,n + 1,...,L). Because

we partition the model at layer granularity, the number of stages cannot exceed the number
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Figure 2.6: A toy example of division process for a 4-stage pipeline template with 3 nodes
(template B in Figure 2.4) and a model with 6 layers. The model and the GPUs in nodes are
divided into two sub-problems together. When division is done, each group of partitioned
GPUs and layers form a stage. The algorithm iterates all combinations of layer partitioning
and GPU partitioning to find the minimum 7.

of layers L. The minimum is derived from the constraint that a single stage cannot be
assigned to two or more nodes. If S becomes less than n, it breaks the constraint and some
stages should have at least two nodes assigned according to the pigeonhole principle.

Time complexity of the naive implementation. The recursive stage division happens
in O(L). For every division, stages and layers are partitioned and they are assigned to two
device sub-clusters. Stage and layer partitioning have O(L) choices. Partitioning nodes is
done in O(n), but GPUs within a single node can further be partitioned, adding O(M).
Time complexity of layer partitioning and device assignment for a given number of stage
is O(LnM). Divide and conquer happens for each feasible S, and iterating over S values
is O(L — n). Therefore, the overall algorithm time complexity per pipeline template is
O (L —n)L*nM).

Using memoization to reduce complexity. We cache all intermediate results to ac-
celerate the divide and conquer algorithm. It boosts not only getting the mapping of one

pipeline template but also helps in deriving the mapping of the other pipeline templates.
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Figure 2.7: The dynamic programming algorithm finding all list of feasible Xs. Underlined
x9 = 1 is added by 6() function.

In fact, running the algorithm for the largest pipeline template (with n,_; nodes) is enough
to calculate intermediate caches required for building the mapping of all the other pipeline
templates. With all intermediate caches present, calculating the mapping of another smaller

pipeline template can be done in O(Ln).

2.4.2 Pipeline Instantiation

Given a set of pipeline templates, we know by construction (§2.4.1.1) that there exists a
combination of them that Oobleck can instantiate to utilize all available nodes. However,
such a combination of heterogeneous pipelines may not be unique. So we first find all
such feasible combinations (§2.4.2.1). Oobleck chooses a plan with the highest estimated
throughput among all the feasible combinations (§2.4.2.2).

2.4.2.1 Enumerating All Instantiation Options.

Although we know that we can utilize all available nodes with the set of pipeline templates,
the number of pipelines to be instantiated from each pipeline template is undetermined.
Worse, there may be several pipeline configurations that use all nodes from the same pipeline
template set. For example, 13 nodes can be represented as the plan 1 in Figure 2.4b (1 -
no+1-n;+2-ny), but also as (0-ng+3-ny + 1-ns), and more. We therefore enumerate
all feasible pipeline sets for currently available nodes and pick one that maximizes training
throughput.

Let X(p, N) be a list of all feasible pipeline sets [Xo, Xy,...]. Each X; is a set of the
number of pipelines to be instantiated (x¢, 1, ...,%,_1), using p number of heterogeneous

pipeline templates with the number of nodes specification (ng,ny,...,n,_1), so that all N
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nodes are used by pipelines. A feasible X, satisfies the following requirements:
1. N =xong+x1ny + -+ + 2p_1n,—1 (All nodes are used).
2. Zf;(l) z; > f+ 1 (Number of pipelines is at least f + 1).

We exploit dynamic programming for the coin change problem to find X. The coin change
problem finds a combination of coins that add up to the given amount of money [9]. It is an
equivalent problem to Requirement 1 above if we replace denominations of each coin with n;,
and the given amount of money with N. We formulate the dynamic programming structure

as:
X, N') =X(p' = L N) #H0(X(/, N' = ny), p') (2.5)

where + means concatenating two lists, and 0(X, p’) is a function that increases z,; by 1 in
every X;s in X.

Figure 2.7 shows the execution of the dynamic programming algorithm. The two terms in
Equation 2.5 are associated with each black boxes. X in the red box should include all X;s
that use all seven nodes in instantiating pipelines using the three different pipeline templates
(ng =2,n1 =3,ny =4). Xin @, all X;s use seven nodes and are already feasible for X(3, 7).
We just copy them. X in @, however, only uses three nodes in total. By adding one four-node
pipeline (increasing xo by 1), all X;s use seven nodes and become feasible for X(3, 7).

The dynamic programming is done in O(Np) filling all table elements. X in the bottom-
right corner of the table contains all feasible X;s. To satisfy Requirement 2, we filter the list
and obtain sets with Z?;é z; > f+1

2.4.2.2 Calculating Throughput with Batch Distribution.

Oobleck’s execution engine needs to choose from several feasible X;s. We calculate the overall
throughput for each X; and choose the one that maximizes the throughput. To calculate
throughput, we need to determine the batch size of each pipeline. While the global batch size
is given by the user, it is Oobleck’s responsibility to distribute them across heterogeneous
pipelines to maximize overall throughput. It is crucial to assign work proportional to the
amount of computing power of each pipeline; otherwise, the overall throughput will be
decreased due to stragglers. We refer to this as batch distribution. Given the global batch
size B and microbatch size b, batch distribution calculates the number of microbatches for
each pipeline that minimizes stragglers.

Let Np; be the number of microbatches for i-th pipeline (0 < i < z, z = ?;5 x;) and
T; be the iteration time of the pipeline with a single microbatch of size b. Minibatch size
for ¢-th pipeline can be calculated as N,; x b. By adjusting NV, ;, we minimize variance be-

tween different pipelines’ batch processing times. We formulate it as an integer optimization
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problem:

8
|
—

min (N T; — N, T)?

- o

S.t. Nbﬂ'bfﬂi =B
0

=

=T

(2.6)

Nb,i €N

where N,T is the average iteration time of all (0 < ¢ < z) pipelines. Any integer nonlinear
optimization solver can be used to get N;; and thus minibatch size for each pipeline.

Note that the optimization may fail to redistribute batch properly, primarily when the
global batch size is too small and cannot be split to integers. Oobleck does not change the
global batch size arbitrarily in such cases. Instead, it recommends an adjusted global batch

size close to the original one but distributable.

2.5 Dynamic Reconfiguration

Upon a node failure, the pipeline it was assigned to becomes incomplete and has missing
model states; therefore, training halts in that pipeline. Pipelines affected by failures are
replaced with new pipelines created via pipeline reinstantiation using precomputed pipeline
templates (§2.5.1). After reinstantiating pipelines, the nodes copy missing layers from un-
affected pipeline replicas. Oobleck also redistributes batch in response to the pipeline con-
figuration change (§2.5.2). Provided that we have copies of the model states, Oobleck can

recover from failures until we have fewer than (f + 1)ng nodes.

2.5.1 Pipeline Reinstantiation

Oobleck instantiates a new pipeline from one of the pipeline templates, replacing the existing
one affected by failures. Given our limited number of pipeline templates, there might not be a
suitable pipeline template for the remaining number of nodes. Thus, pipeline reinstantiation
is done in three steps: simple reinstantiation, borrowing nodes, and merging pipelines.

For each pipeline, Oobleck first checks if there is an instantiable pipeline template with
remaining nodes; if so, Oobleck simply reinstantiates it and replaces the old one (Figure 2.8a).
If there is no instantiable pipeline template with remaining nodes, Oobleck tries to borrow
nodes from other pipelines until we have enough nodes to instantiate the smallest pipeline
template (Figure 2.8b). Pipelines that yield their nodes should also be reinstantiated with

fewer nodes.
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(a) A node failure in a 4-node pipeline. We have a 3-node pipeline template,
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(b) A node failure in a 2-node pipeline. Since there is no template for one node,

it gets another node from another pipeline to keep the 2-node pipeline. Two
affected pipelines reinstantiate or reconfigure themselves.
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(¢) A node failure in a 2-node pipeline. Because it cannot borrow a node from
any other pipeline, it is merged with another pipeline.

Figure 2.8: Three steps of pipeline reinstantiation. After reinstantiation is done, missing
layers in a new pipeline are copied from other pipelines.

After many reconfigurations and node borrowings, all pipelines may not be able to yield
their nodes. When failures happen at this moment, the pipeline affected by failures cannot
be reinstantiated due to a lack of nodes. In such a case, Oobleck merges pipelines to create a
bigger pipeline (Figure 2.8¢). It is guaranteed that we have an instantiable pipeline template
for a merged pipeline if it has at least ny nodes (the minimum number of nodes to maintain

one single pipeline). See Appendix A.2 for a proof.
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Figure 2.9: Heterogeneous pipeline execution with one 3-stage pipeline and one 2-stage
pipeline. Allreduce synchronization happens at the end of iteration and done in layer gran-
ularity to communicate between multiple GPUs.

2.5.2 Batch Redistribution

After pipeline reinstantiation, execution configuration has been changed and distributed
batches no longer ensure balanced execution. Oobleck runs Equation 2.6 again given the
current set of the number of pipeline instances and continues training with a newly calculated
batch size. Each pipeline may have more batches to compute, but the global batch size

remains constant.

2.6 Implementation

We implement Oobleck in Python using PyTorch [111] and HuggingFace Transformers [155]
using components from Merak [68] in using PyTorch fx symbolic tracer [126] to create
pipelines and from DeepSpeed [125] to run them. For the implementation of 3D paral-
lelism, Oobleck has integrated PyTorch Fully Sharded Data Parallel (FSDP) [176] as a
replacement for tensor parallelism in each stage [122], pipeline parallelism, and data paral-
lelism. We have used Pyomo library and its Mixed-Integer Nonlinear Decomposition Toolbox
(MindtPy) solver for non-linear integer optimization [45, 12]. Here, we elaborate on the key

challenges addressed in implementing Oobleck.

2.6.1 Model Synchronization Between Heterogeneous Pipelines

Model gradient synchronization between pipelines in hybrid parallelism is typically done
at pipeline stage granularity. However, because heterogeneous pipelines in Oobleck have
different stage configurations, stage-wise synchronization does not work. Oobleck instead
breaks down stages into layers and synchronizes them individually, similar to PyTorch buck-

eting [111]. Figure 2.9 illustrates an example of a 6-layer model execution with two het-
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erogeneous pipelines. Stage E in the 2-stage pipeline has 3 layers to synchronize which are
stored in stage B and C in the 3-stage pipeline. Oobleck performs synchronization for each
individual layer with potentially different peer nodes.

Data synchronization in smaller data might have performance issue because it might not
fully saturate the network. We overlap communication with computation to offset increased

communication latency [111].

2.6.2 Detecting Node Failures

Oobleck uses NCCL for communication between GPUs. However, NCCL cannot detect
unexpected communication channel disconnection and hangs when tries to communicate with
the failed node until a timer expires. To detect a node failure immediately, we launch a CPU
process on each node and establish a TCP connection to a centralized CPU process. When

a node dies, a socket disconnection event is triggered and broadcasted for reconfiguration.

2.7 Evaluation

We evaluate the effectiveness of Oobleck on large DNN models with 340M to 6.7B parameters
and compare it against both Bamboo and Varuna. We summarize the results as follows:
e QOobleck outperforms the state-of-the-art solutions by up to 13.9x when nodes fail more
frequently and matches them as failures become less frequent (§2.7.2).
e Qobleck’s benefits extend to real-world settings where nodes are out and join back fol-
lowing spot instance traces. It outperforms the rest by up to 9.1x on average (§2.7.3).

« Ablation studies show that Oobleck’s one-time planning overhead is low and it has high
GPU utilization (§2.7.4).

2.7.1 Experimental Setup

Cluster setup. We evaluate Oobleck using 30 NVIDIA A40 GPUs with 40GB GPU memory
each. The GPUs are connected to each other via a 200Gbps Mellanox ConnectX-6 InfiniBand
adaptor for communication.

Varuna requires a remote object storage to store checkpoints for fault tolerance. We
deploy a distributed object storage that consists of 6 nodes with two Intel Xeon Gold 6330
CPUs with 28 cores each, 512GB CPU memory, a 4TB PCle 4.0 NVMe drive, and a 200Gbps
Mellanox ConnectX-6 InfiniBand adaptor, respectively. We use MinlO for distributed object

storage software [97].
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Table 2.1: Model and batch configurations. * in Bamboo indicates the largest possible
microbatch runnable in our evaluation environment. X means not runnable even with 1
microbatch size.

4 Params Global Microbatch Size
Batch | Bamboo Varuna Oobleck
BERT-Large [27] 340M 8192 4* 32 32
GPT-2 [120] 345M 8192 1* 32 32
GPT-3 Medium [11] 350M 8192 X 16 16
GPT-3 2.7b [11] 2.7B 1024 X 2 2
GPT-36.7b [11]  6.7B 1024 X 2 2

Table 2.2: Throughput (samples/s) with different frequency of failures. Bamboo was not
able to run any GPT-3 model due to lack of memory (OOM).

Freq. System | BERT-Large GPT-2 GPT-3Med GPT-32.7b GPT-36.7b

Bamboo 77.04 17.47

6h Varuna 260.11 86.51 29.50 7.27 4.14
Oobleck 287.10 85.59 29.30 7.29 4.33
Bamboo 75.60 17.13

1h Varuna 246.03 85.17 28.49 6.53 2.69
Oobleck 286.28 85.42 29.21 7.23 4.22
Bamboo 69.84 16.01

10m  Varuna 173.52 76.39 20.19 1.76 0.26
QOobleck 282.11 84.80 28.70 6.89 3.55

Baselines. We compare Oobleck to the following baselines:

o Varuna [6]: A resilient training framework based on automated parallel configuration
and checkpoints [94].

e Bamboo [141]: A resilient training framework based on redundant computation without
full restart [137].

Neither of them supports 3D parallelism; hence, Oobleck uses one GPU per node configura-

tion to avoid its planner generating plans that cannot be implemented in our baselines.
Both works focus on utilizing spot instances, while Oobleck supports general fault tol-

erance including preemptions in spot instance environments. Spot instance environments

have a unique mechanism of preemption notification; the system is notified prior to actual

preemption happening. In our spot instance-based evaluation, all three frameworks leverage

early warning. In general, however, there is no such notification.

For Varuna, we periodically perform synchronous checkpointing for every 10 iterations
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Figure 2.10: Throughput changes in spot instances environment, EC2 P3 instances (top) and
GCP a2-highgpu-1g instances (bottom), with various models. Note the different Y-axes
scales for different models. Horizontal dotted lines represent average throughput. Bamboo
could not run any GPT-3 models, while Varuna failed for GPT-3 6.7b.

following their continuous checkpointing policy [6].
Workloads. Table 2.1 lists model configurations. We adopt GPT-2 and BERT-Large from
Bamboo and Varuna, and add three different configurations of GPT-3 from OpenAl [11] to
verify its scalability. Although our evaluation only shows transformer models for comparison
against two predecessors, Oobleck’s design is not limited to transformer language models
and can support other DNN models. For all evaluations, we use the Wikitext dataset [92]
and TF32 precision.

We also list batch size configurations for each framework in Table 2.1. The reasons behind
the discrepancy in batch sizes are twofold. First, Bamboo needs to store additional model
states for redundant computation, requiring 2x memory. Second, Bamboo does not use

activation checkpointing,? while Varuna and Oobleck do.

2.7.2 Throughput Under Controlled Failures

We first evaluate the average throughput of Bamboo, Varuna, and Oobleck on various failure

scenarios. We set the frequency of failures from once every 6 hours (low rate) to once every

2This is because Bamboo’s design choice stems from imbalanced memory consumption due to different
amount of activations across stages. Activation checkpointing [66] drastically reduces memory consumption
by activations and it conflicts with Bamboo’s design.
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10 minutes (high rate) to cover a wide spectrum of environments [141, 6, 70, 22, 130]. We
monotonically reduce the number of available nodes without node recovery and measure
average throughput until less than half of the nodes (15 nodes) remain.

Table 2.2 shows the average throughput for different frequencies of failures. Oobleck
outperforms or matches other frameworks for every model in every scenario. Due to static
overhead coming from redundant computation, Bamboo’s throughput, while stable over
different failure frequencies, is consistently low. Also, because they need to hold a large
portion of GPU memory for an additional copy of model states for redundant computation
and activations, Bamboo cannot train large models due to out-of-memory (OOM) errors.

Bamboo’s gap from Varuna was surprising. We believe that it is due to differences in our
evaluation environments. We use 200Gbps high-performance networking and ample NVMe
storage, while the original evaluation used Amazon EC2 p3.2xlarge and p3.8xlarge in-
stances with up to 10Gbps network and S3 object storage. High storage throughput in our
setup significantly sped up Varuna. Furthermore, we use different batch configurations for
Bamboo and Varuna so that each can run at maximum resource utilization; in contrast, Bam-
boo’s evaluation used the same configuration for both, which throttled Varuna’s potential
throughput.

Overall, Varuna performs comparably to us when either the model is small or failures
happen infrequently. For larger models and/or more frequent failures, the higher overhead

of loading and saving checkpoints drastically decrease its throughput (13.9x for GPT3-6.7B).

2.7.3 Throughput in Spot Instance Traces

Next, we borrow real traces of node availability changes of spot instances from the Bamboo
repository [137] and use their tools to replay the trace for 12 hours [141]. Events in the trace
had been gathered from Amazon EC2 P3 spot instances (p3.2xlarge and p3.8xlarge) and
Google Cloud Platform (GCP) a2-highgpu-1g spot instances. Node preemption events
happen every 7.7 minutes and 10.3 minutes, on average, for EC2 and GCP spot instances,
respectively. Unlike experiments earlier where the number of available nodes monotonically
decreases (§2.7.2), these traces include node addition events too. The actual experiments
took place in our cluster where we simulated the availability events.

Figure 2.10 represents throughput changes for some models. See Appendix A.3 for results
from other models; omitted models are similar to the BERT-Large model. Note that each
data point in lines is an average throughput of a short time window for visibility. As such,
it may not represent 0 throughput, which happens during reconfiguration or full restart.

BERT-Large, the smallest model, has the least amount of checkpointing overhead; as such,
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Table 2.3: Oobleck planning latency (in seconds) with various numbers of layers and nodes.
BERT-Large, GPT-2, and GPT-3 Medium have 24 layers, while GPT-3 2.7b and 6.7b have
32 layers.

# GPUs # Layers

# Nodes poNode| 24 39 64 06
1 028 071 965 6850

8 4 041 115 1158  74.56
8 054 150 2098  109.76

1 337 745 6635  540.36

16 4 456 1041 108.10  649.67
8 490 11.78 176.04 1.213.63

1 11.35 3011 26247 1477.54

24 1 14.78 4580 47253 2,153.84
8 1559 4925 520.08 3,207.92

the performance of Varuna is similar to Oobleck. However, as models become larger, even
in our high-performance storage setup, Varuna takes increasingly longer to store and load
checkpoints. Also, it starts suffering from fallbacks because it fails to finish checkpointing
within the preemption grace period, decreasing its throughput more drastically. For example,
for GPT-3 with 6.7 billion parameters, Varuna hung over the entire time and could not make
training progress. Frequent changes in node availability trigger Varuna’s full reconfiguration
more frequently, wasting resources for saving and loading checkpoints which decreases its

throughput. Bamboo cannot run any model larger than GPT-2.

2.7.4 Ablation Study

2.7.4.1 Overhead of Oobleck Planning

We run the planning algorithm (§2.4) to create a single pipeline template using various
model specifications (number of layers) and node specifications (number of nodes and GPUs
per node) to see its scalability. Table 2.3 shows the planning algorithm latency with various
numbers of layers and nodes. Considering the estimated end-to-end training time of large
models using hundreds of GPUs is ~100 days [102], the planning overhead is marginal
(< 0.1%). Even if more GPUs are used for training (i.e., thousands of GPUs), the number
of nodes for each pipeline template does not increase significantly. This is because Oobleck
simply instantiates more of the smaller pipelines and utilizes data parallelism. Also, once

a pipeline template is generated, the creation of subsequent templates can drastically be
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Figure 2.11: Time occupation breakdown of Bamboo, Varuna, and Oobleck running BERT-
Large and GPT-3 6.7b model.

accelerated, adding negligible time, thanks to the usage of memoization and intermediate
caches (§2.4.1.2).

2.7.4.2 Throughput Breakdown

Figure 2.11 shows the impact of each overhead on training throughput. Varuna’s overheads
include restarting overhead (reinitialization and loading a checkpoint), saving checkpoints,
and throughput loss due to idle GPUs and fallbacks. Bamboo has significant overhead from
redundant computation and reconfiguration overhead for data copy. Redundant computa-
tion in Bamboo is shown to have more than 50% overhead because it includes several indirect
components that cannot clearly be separated — for example, pipeline bubble due to an in-
creased number of pipeline stages to store redundant model states and imbalanced pipeline
stages for balancing memory. Oobleck only has a small copying overhead for missing layers
after pipeline reinstantiation.

All the frameworks experience fallback overhead, losing some training progress due to
failures happening in the middle of iteration. It is more severe in Varuna because it has
to fall back to the last checkpoint, while Bamboo and Oobleck lose at most one iteration.
Varuna suffers significantly from much such waste occupying up to 75% of wall clock time,

while Oobleck can achieve effective throughput of at least 75% of the no-failure scenario.

2.7.4.3 Impact of Checkpointing Overhead

Overhead of fault tolerance in Varuna mostly comes from serialized checkpointing and full
restart. CheckFreq [98] recently introduced checkpointing optimization by pipelining check-
pointing with computation, and it can improve the throughput of checkpoint-based training.

Here, we go further by completely removing the overhead of checkpointing and analyzing the
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Table 2.4: Throughput (samples/s) for Varuna, Varuna with no checkpointing overhead, and
Oobleck running BERT-Large and GPT-3 6.7b.

| BERT-Large | GPT-36.7b
Failure Frequency ‘ 6h 1h 10m ‘ 6h 1h  10m
Varuna 260.11 246.03 173.52 | 4.14 2.69 0.26
Varuna (no ckpt) | 275.88 273.85 264.16 | 4.61 4.29 1.98
Oobleck 287.10 286.28 282.11 | 4.33 4.22 3.55

impact of failures only. Because of lower checkpointing overhead, we also increase the fre-
quency of checkpointing from every 10 iterations to every 2 iterations. We define full restart
overhead as framework initialization plus loading the last checkpoint overhead. While check-
pointing overhead during training can be hidden by overlapping it with computation, the
overhead of loading a checkpoint cannot be overlapped with computation; this is because
computation cannot begin until the entire checkpoint is loaded.

Table 2.4 compares Varuna, Varuna with no checkpointing overhead, and Oobleck run-
ning the BERT-Large model and GPT-3 6.7b model. Although Varuna could increase its
throughput, it still suffers from up to 60% overhead for the higher frequency of failures.

2.8 Related Work

Elastic training. Horovod Elastic [48] and TorchElastic [114] restart training upon failure
and recovery. CoDDL [53] balances resource efficiency and short job priority in elastic
resource sharing problems. Aryl [73] enables elastic resource sharing between inference and
training workloads. Pollux [116] considers both resource utilization and statistical efficiency
of training jobs when adaptively allocating resources. These works are all limited to elastic
resource sharing for data-parallel training of small models that fit within a single GPU.
Distributed training with spot instances. Varuna [6] uses hybrid parallelism for dis-
tributed training with cheaper spot cloud instances. It reconfigures training when one or
more failures happen. Bamboo [141] introduces redundant computation (RC) in pipeline par-
allelism to provide resilience in the presence of frequent preemptions of training with spot
instances. Oobleck matches or significantly outperforms them for a wide range of model sizes
and failure frequencies.

Large model training. Numerous proposals in recent years have attempted to optimize
large model training through diverse mechanisms [102, 101, 50, 30, 138, 110, 78, 177, 122, 127,

123, 132]. However, they do not provide fault tolerance out-of-the-box and are orthogonal
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to Oobleck.

2.9 Conclusion

As the scale of foundational model training continues to grow, the need for fault-tolerant
distributed training becomes more pressing. This chapter introduced Oobleck, a resilient
distributed large model training framework with guaranteed fault tolerance. Oobleck co-
designs planning and execution for fast failure recovery and high throughput by introducing
pipeline templates that are carefully designed during planning and reused during training
execution. It achieves efficient failure recovery by reinstantiating pipeline(s) from the pipeline
templates and copying missing model states from pipeline replicas without requiring a full
restart from checkpoints. Oobleck outperforms state-of-the-art fault-tolerant distributed

training solutions Bamboo and Varuna by up to 13.9x.
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CHAPTER 3

Cornstarch: Efficient Distributed Training of Multimodal
Large Language Models

The previous chapter addressed resource variance — fluctuations in the number of available
GPUs during training — through pipeline templates that are model-agnostic and applicable
to any model architecture. However, achieving high training throughput requires looking be-
yond the compute resources; the model architecture and training data themselves introduce
another equally important source of inefficiency. Workload variance arises from the inher-
ent heterogeneity of multimodal models, whose constituent components — e.g., pretrained
modality encoders, projectors, and language models — differ substantially in architecture
and the structure of the data they process. From this chapter, we move our focus to address

workload variance in multimodal training.

3.1 Introduction

Multimodal large language models (MLLMs) aim to extend LLMs’ reasoning capabilities
to perform complex tasks across various data modalities, such as images and audio [149,
82, 83, 15, 160, 119, 18, 4, 14, 178, 169, 143, 87, 86, 1]. While MLLMs can be trained
from scratch like traditional LLMs, they are more commonly constructed by integrating
pretrained modality-specific encoders with language models [86, 174]. Each modality’s input
is first processed by its corresponding encoder, then projected into a shared text embedding
space through learnable projection layers, and finally processed by the LLM with text tokens.

The larger size of MLLMs and the need for more data processing power make distributed
MLLM training essential. However, heterogeneity in model and data makes balanced MLLM
workload distribution more challenging and tackled by recent works [49, 173, 34, 58]. We
observe that beyond the first-order disparities in model and data heterogeneity, there are two
additional MLLM-specific distributed training challenges that have significant performance

implications. First, MLLM training with frozen versus trainable models results in different
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computational costs across modules. Model partitioning strategies that do not account for
the frozen status of components can lead to suboptimal performance. Second, cross-modality
interactions introduce non-causal attention patterns to enable more precise computation of
their relationships [28, 148]. While distributing causal attention patterns in LLMs has been
extensively studied [151, 85], efficient distribution of non-causal attention patterns remains
an open challenge.

In this paper, we introduce Cornstarch, an efficient distributed MLLM training framework.
Cornstarch transcends the first-order model and data heterogeneity-aware parallelization
and uncovers latent higher-order heterogeneities in MLLMs that have not been considered
in previous works [49, 173, 34, 58].

Frozen status-aware pipeline parallelism (§3.3.1). Cornstarch introduces a way to
consider the frozen status of MLLM components in model partitioning. We observe that
the frozen status of MLLM components can significantly affect the pipeline stage balancing.
Existing MLLM approaches do not consider the frozen status in model partitioning [49, 173,
34]. Even with profiler-based automated approaches that actually measure the backward
pass time [101, 93], they cannot account for different computational costs of modules due to
the frozen status. We precisely compute the backward pass time based on the frozen status
and the placement of modules to enable accurate pipeline stage balancing.

Workload balanced context parallelism for MLLMs (§3.3.2). Cornstarch introduces
novel workload distribution algorithms that balance the computational cost of non-causal
attention patterns at both inter-GPU and intra-GPU granularity. At the inter-GPU granu-
larity, we compute the computational cost of each token and distribute them so that GPUs
have similar amount of workload as much as possible. However, we notice that even if the
GPUs have the same total amount of workload, the workload may not be evenly distributed
to compute units within a GPU that leads to imbalance and performance degradation. At
the intra-GPU granularity, we shard the workload within each GPU to balance the compu-
tational cost across compute units.

We have implemented Cornstarch and conducted extensive evaluations on MLLMs of
varying structures, modalities, and sizes. Our evaluation results show that Cornstarch out-
performs existing approaches by 2.26 x on average (1.61x—3.59x across various model sizes)
in training throughput.

To summarize, we make the following contributions:

o We identify higher-order heterogeneity-borne challenges in MLLMs that affect the per-
formance of distributed MLLM training.

o We design Cornstarch, a general-purpose distributed MLLM training framework that

addresses those challenges.
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e QOur evaluation shows that Cornstarch surpasses existing approaches by 2.26x on average

in training throughput.

3.2 Background and Motivation

We first introduce 4D-parallel distributed LLM training (§3.2.1). We then enumerate the
unique characteristics of MLLMs that challenge existing LLM oriented training paradigms
which motivates us to design Cornstarch (§3.2.2).

3.2.1 4D Parallelism in LLM Training

Large-scale LLM training is a well-studied topic and leverages four parallelism dimen-
sions — tensor, pipeline, data, and context parallelism — to achieve high training through-
put [102, 81, 4, 125, 64]. Tensor and pipeline parallelism (TP and PP) partitions the model
within each layer and across layers, respectively. Data and context parallelism (DP and CP)
partitions data; the former partitions a large batch of sequences into smaller minibatches,
while the latter partitions each input sequence into segments. In all parallelization dimen-
sions, balancing the workload across GPUs is important to achieve high throughput. In
model partitioning, pipeline stages may have different amount of computation thus balanc-
ing them has been extensively studied [136, 101, 93, 177, 144]. In data partitioning, the
amount of workload can be imbalance across data parallel replicas and within each replica
due to LLM’s causal attention pattern [36, 85, 151, 164].

3.2.2 Unique Characteristics of MLLMs

MLLMs have unique characteristics that introduce new challenges to the existing 4D paral-
lelism.
Model and data heterogeneity. Unimodal LLMs usually contain repeated transformer
layers with homogeneous structure, and unimodal text inputs go through the entire model.
Unlike unimodal LLMs, MLLMs have multiple modality encoders prior to the LLM with
different structures. The way of processing the input data is also different. Modality encoders
first process the modality input data that they are responsible for, and then project the
output to the LLM. The LLM then embeds the output of all modality encoders and text
embedding, and computes the final output.

Model and data heterogeneity of MLLMs introduce imbalance in distributed training,
which has been addressed by recent works. For instance, DistMM [49], DistTrain [173],
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(a) The frozen status and the location of layers alters the amount of

gradient computation during the backward pass.

(b) Forward and backward pass execution time of the VLM with
different combination of frozen status. Activation checkpointing is

enabled [66].
Trainable Encoder Time (ms) | LLM Time (ms)
Enc Proj LLM | Fwd Bwd Fwd Bwd
v Y Voo | 44.43 120.57 | 140.39  375.93
X V x| 44.26 0.50 | 138.33 284.50
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Frozen Status of Modules (Encoder, LLM)

(c) Execution time of the VLM with different combination of frozen
status using pipeline parallelism on 4 NVIDIA A40 GPUs. The num-
ber of microbatch is 64.

Figure 3.1: The impact of frozen status to the backward pass and the balance of pipeline
stages. A VLM with Siglip (Encoder) and Llama-3.2 1b (LLM) is used.

Optimus [34], and DIP [163] disaggregate parallelism by applying different parallelization
strategies to modalities to balance heterogeneous workload.

Using pretrained models with different frozen status. While unimodal LLMs are
usually trained from scratch with randomly initialized parameters, MLLM training typically
starts with a pretrained LLM and multiple unimodal encoders to exploit the representative

capabilities of the pretrained models [86, 149, 15, 4]. Projectors between the modality
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(b) Distributing MLLM attention patterns in the same way as in
causal attention distribution is imbalanced.

Figure 3.2: Balanced context parallelism optimized for LLMs. It is not applicable to MLLMs.

encoders and the LLM are newly added and trained to align the embedding spaces of the
modality encoders and the LLM. Usually, the modality encoders and the LLM are frozen
during MLLM training and only the projectors are trained [69, 79].

The frozen status of MLLM components significantly alters the amount of computation
during the backward pass, as depicted in Figure 3.1a and Table 3.1b, invalidating the long-
held rule of thumb that backward passes take roughly twice as long as forward passes [101].
When pipeline parallelism is used, lack of considering the frozen status leads to execution
time imbalance across pipeline stages. Figure 3.1a illustrates the impact of frozen status to
the balance of pipeline stages. The model is partitioned to 4 pipeline stages to be balanced
when all parameters are trainable, however, when the encoder is frozen, the balance between
pipeline stages breaks, leading to slower execution.

Non-causal attention patterns break CP balance. In LLMs, a token attends to all
preceding tokens and itself, forming a lower triangular matrix in the attention matrix, namely
causal attention, as illustrated in Figure 3.2a. Most existing context parallelism works exploit

the causal attention pattern [151, 164]. They partition the sequence into 2 x cp_size, where
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cp-size is the number of ranks in context parallelism dimension, and the i-th rank gets i-th
and (2 x cp_size — 1 —i)-th chunks. This distribution guarantees balanced workload in causal
attention.

However, MLLMs have non-causal attention patterns due to cross-modality interactions,
as shown in Figure 3.2b, where the same distribution is imbalanced. Moreover, the attention
pattern is variable depending on the input data, different from LLMs that have fixed causal
attention pattern. Statically distributing the workload assuming fixed attention pattern is
not applicable to MLLMs.

DCP [63] is the first work that considers dynamic non-causal context parallelism. How-
ever, its design is based on ring context parallelism [85], which has proven to be inefficient

in large scale training and replaced by All-Gather based context parallelism [43, 17].

3.3 Multimodality-Aware Parallelization

Based on the observation in Section 3.2, we introduce Cornstarch’s MLLM-specific paral-
lelization strategies. We first introduce frozen status-aware pipeline parallelism (§3.3.1) and

then workload-balanced context parallelism (§3.3.2).

3.3.1 Frozen Status-Aware Pipeline Parallelism

Cornstarch’s frozen status-aware pipeline parallelism partitions the model into pipeline stages
where the sum of one forward execution time and one backward execution time (1F+1B) is
balanced across stages considering the frozen status of the layers.

However, simply considering the frozen status and adopting all-or-nothing approach — add
backward pass computation time if trainable, otherwise skip — is not correct either. Even if a
layer is frozen, it may still need to backpropagate gradients to the trainable parameters ahead
of it. Backward pass computation of a layer L; consists of two parts: gradient computation

for parameters By, and gradient computation for data By [115]:
Bl = Bwl + Bdl (31)

If trainable parameters are located ahead of a frozen layer, the frozen layer, while it can skip
the gradient computation for its parameters (i.e., B, = 0), needs to backpropagate input

gradients to the trainable parameters (i.e., By # 0), so that the trainable parameters can
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update themselves. Then, the backward pass execution time B; can be computed as:

By =(By if f(L;) is False else 0)

(3.2)
+(Ba if p(L;) is True else 0)

where f(L;) returns the frozen status of the I-th layer L, and p(L;) returns whether the I-th
layer L, has trainable parameters ahead of it. p(L;) exhibits forward propagation; once it is
set to True at some layer that is trainable, all the layers after it need to have p(L) True to

backpropagate gradients. Thus, p(L;) can be computed as:

True if p(L;—1) is True or f(L;) is False
False otherwise (3.3)

p(Lo) = not f(Lyo)

p(Lz) =

Checking trainable parameters ahead of the layer should also be done across modalities.
If some parameters in the modality encoders are trainable, all layers after it in the same
modality as well as the LLM need to backpropagate gradients, since the LLM sits after the
modality encoders.

The per-layer cost T, = F; + B; derived from these rules is then used to partition the
model into K balanced pipeline stages, minimizing the bottleneck stage cost. Any off-the-
shelf partitioning algorithms — such as dynamic programming [177] or divide and conquer [57]
— can be used to partition the model into pipeline stages, as long as it accepts the per-layer

cost I} as input.

3.3.2 Token Workload-Balanced Context Parallelism

In multimodal context parallelism, many non-causal attention masks can be generated [74,
25, 148, 28], which the existing token distribution for LLMs fails to balance. We observe that
to achieve genuine workload-balanced context parallelism, workload distribution across and
within GPUs should be considered simultaneously. We call them inter-GPU and intra-GPU

workload balancing and discuss in Section 3.3.2.1 and Section 3.3.2.2, respectively.

3.3.2.1 Inter-GPU Workload Balancing

Inter-GPU workload imbalance indicates that the amount of workloads distributed to each
GPU is not balanced. This is because modern attention implementations introduce variations

in the amount of computation per token [21, 20, 28]. They partition tokens into blocks
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Figure 3.3: Two-step (inter-GPU and intra-GPU) workload balanced context parallelism.

and skip block computations for efficiency if the corresponding block is completely masked-
out. The amount of workloads to compute attention output per query token block can be
computed by counting the number of colored blocks rowwise. In Figure 3.3a, for example,
the workloads of 8 blocks are 1, 2, 2, 4, 5, 2, 2, 8, respectively, which are varied and irregular.
We therefore propose a new method of distributing the tokens across GPUs based on the
amount of computations, which we call inter-GPU workload-balanced distribution.
Problem formulation. We first formulate the problem as an integer linear programming
(ILP) problem as follows:

min C

z,C
G

s.t in,g 1, 1=1,...,T
9=1 3.4
- (3.4)
ZVVi'xi,g<C, g_]-7 7G
=1
xlg € {071}

Here, z;, is a binary decision variable that indicates whether token i is assigned to g-th
GPU over G GPUs. W, represents the workload of i-th token x;, which can be computed
by row-wise sum of unmasked part of the attention mask that needs computation. The
linear programming balances workload by minimizing the completion time C', which is the
maximum workload assigned to any GPU.

Weighted makespan minimization. For a long sequence, the ILP problem is intractable
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Algorithm 1 Token workload-balanced context parallelism algorithm.

Input: Tokens T, block size Ng, # GPUs (G, and attention mask A
Output: Token assignment to GPUs Xy, X1,..., Xg_1
B < partition T into blocks of size Ng
for b € B do
W, <— # blocks to compute in attention A for b
L < minheap(), X < dict(
forge0,...,G—-1do
L.heappush(g,0)
Xlg] = 1istQ
for b,W, € B,WW do
g, Wlg] < L.heappop()
X|g| - append (b)
L.heappush (g, Wlg] + W)
: return X

[ S e S
P el

—_
o~

in real-time during training, thus we adopt the greedy Longest-Processing-Time-First (LPT)
algorithm to assign tokens to GPUs in a context parallelism group for fast and efficient distri-
bution [42]. Algorithm 1 shows an adapted LPT algorithm that considers the characteristics
of parallel accelerators that compute with a large amount of data. We first partition the
tokens into blocks of size Np (e.g., 128). For each token block, we count the number of
blocks to compute to measure the workload of the token. If the corresponding attention
mask block is full of zeros, the block is skipped. We then use the LPT algorithm to assign
the token block to the GPU with the least amount of workload assigned so far.

The longest processing time in the worst case has proven to be ZZ-T:_Ol % ~+ tmax, Where i-th
token’s amount of attention computation is ¢;, total number of tokens 7', and the number of
GPUs G [42]. As T increases, Y. % dominates the processing time, and it is getting closer to
the perfectly balanced distribution. It requires O(GTlogT) time complexity, where TlogT

is consumed by sorting the tokens in descending order of their workloads.

3.3.2.2 Intra-GPU Workload Balancing

Even with inter-GPU workload balanced distribution, which evenly distributes the total
amount of computation across GPUs, architectural characteristics of GPUs and implemen-
tation of attention can still lead to imbalanced execution when the jobs are dispatched to
compute units (CUs).

Revisiting modern attention implementations [96, 117, 21, 20, 28], they are designed to
avoid unnecessary memory accesses as much as possible. CUs use online softmax algorithm

and compute the final attention output of a single query token block by keeping the inter-
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mediate output in the cache and iterating over the entire key and value blocks in a single
kernel. This minimizes the number of memory accesses by not writing intermediate variables
to global memory.

However, assigning attention computation of a block as a whole to a CU introduces
imbalanced amount of workload across CUs. In Figure 3.3b, for example, b1 and b5 assigned
to GPUO are executed in parallel on CUO and CUI1, respectively. While the amount of
computation of bl (1 block) and b5 (5 blocks) are extremely different, computing b5 cannot
be parallelized across CUs; thus, CUO has to wait for CU1 to finish before proceeding to the
next kernel execution.

We observe that the idea of blockwise parallel attention, which was originally designed to
parallelize attention across multiple accelerators, can also be used to balance the workload
across CUs in a single GPU [84]. We adopt it for intra-GPU workload balancing, where
the attention computation of a single set of query tokens is split into multiple subblocks
and scheduled in parallel. Figure 3.3b, for example, partitions attention computations to
subblocks of size 2. Each kernel computes partial attention output for a single subblock and
writes it to local memory. Then, we launch an additional aggregation kernel that gathers the
local attention outputs and computes the final attention output for all query blocks. Unlike
the original attention computation, which writes the final attention output to memory, our
output is local attention output per subblock that needs to be aggregated. The size of blocks
(e.g., 2 subblocks per block in Figure 3.3b) affects the performance; with smaller subblocks,
workloads are more balanced, but more local outputs should be written to the global memory,
and then read again for aggregation. Large subblocks, on the other hand, have less overhead
of aggregation but more imbalance. We empirically find that using 16—32 subblocks per

block achieves good performance.

3.4 Implementation

Cornstarch is implemented in around 26k new Python SLOC on top of PyTorch 2.6.0 [111],
HuggingFace Transformers 4.51.0 [155], and Colossal-Al 0.4.6 [76]. Cornstarch’s model par-
titioning, scheduling, execution, communication, and checkpointing are implemented upon
Colossal-Al interface. Cornstarch supports various model families and model sizes so that
users can train mode than 10,000 different combinations of MLLMs. All unimodal models
in the supported model families available in the HuggingFace hub can be used in creating
an MLLM [51]. See Appendix B.2 for the list of supported models.
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3.4.1 Implementation of Pipeline Stage Partitioning

Cornstarch assigns each layer a per-layer cost from Section 3.3.1 and partitions the model
into S contiguous pipeline stages. The partitioner minimizes the bottleneck stage cost —
the 1F4+1B time of the slowest stage — which is the standard objective for pipeline stage
balancing [177, 57]. We use dynamic programming to solve the contiguous pipeline stage
balancing problem. We index layers from 0 to N—1. Let T, be the (frozen-aware) 1F+1B
execution time of layer ¢, where each stage cost is modeled as the sum of per-layer costs
assigned to that stage. Let P; = Y0_f T, be the prefix workload of the first i layers (so
Py =0and Py = > N5'T,). We define D(i, s) as the minimum possible bottleneck workload

when the first ¢ layers are partitioned into s contiguous stages:

B, s=1,
D(i,s) = (3.5)
s_qlgigl@ max (D(j,s — 1), P, — P;), s> 1.
In the recurrence, j denotes the boundary before the last stage (i.e., the first s—1 stages
cover layers 0 through j—1). For a fixed boundary j, D(j,s — 1) is the best (minimum)
possible bottleneck workload among the first s — 1 stages, while P, — P; is the workload of
the last stage (layers j through i—1). The maximum of these two terms is the bottleneck
workload of the resulting s-stage partition, and the recurrence chooses the boundary that
minimizes this bottleneck.

Cornstarch stores the minimizing boundary for each subproblem D(i, s), so the optimal
bottleneck stage workload for the full model is D(N, S). To obtain the partition, Cornstarch
backtracks from D(N,S): if the optimal split for (i,s) is j*, then the last stage contains
layers j* through i—1, and the algorithm recurses on the prefix subproblem D(j*, s —1) until
s =1.

Cornstarch’s frozen-aware pipeline parallelism is orthogonal to the choice of this partition-
ing algorithm. The dynamic programming recurrence does not need to know which layers
are frozen; it only consumes the per-layer costs 7;. The key difference is how Cornstarch
computes Ty: for each layer, it accounts for whether the layer performs backward compu-
tation in addition to the forward computation. Therefore, existing partitioning algorithms
(dynamic programming and other contiguous balancing heuristics) can be used directly as
long as they are provided these frozen-aware costs, and the resulting stage boundaries may

differ from conventional estimates that assume full forward+backward work for every layer.
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Figure 3.4: Bitfield attention mask representation.

3.4.2 Implementation of MLLM Attention

Cornstarch implements bitfield attention in Triton [142; 105] for high performance non-
causal attention execution. Naive attention implementation computes attention scores for
all tokens, and then applies the attention mask as a whole to the attention scores. This is
inefficient as it requires high memory bandwidth and is not parallelizable. Bitfield attention
mask is a sparse representation of the attention mask to represent multimodal interactions
into attention patterns efficiently. Full attention mask is a very large 4D tensor (batch x
# heads x sequence length x sequence length), which needs too much memory for long
sequences. Bitfield attention mask is a 2D 64-bit integer tensor (batch x sequence length),
where each bit represents which modalities the token at that position needs to attend to.
Figure 3.4 shows an example of a bitfield attention mask. We assign bits from the least
significant bit (LSB) to the most significant bit (MSB) to the modality encoders and the
LLM. The LSB (1Ist index) is assigned to the LLM, and 2nd and 3rd bits are assigned to
the modality encoders A and B, respectively, for example. The most significant bit (64th
index) is reserved for causal bit; when this bit is set to 1, the token attends to all of its
previous tokens. For example, tokens t2, t3 are tokens from the encoder A, thus have 2nd
LSB set to 1. As it does not have causal bit, it attends to the other tokens only from the
encoder A. t4, t5, however, are text tokens with causal bit and all modality bits set to
1. Thus it can attend to all modality tokens, but only previous tokens. Cornstarch bitfield
attention implementation is compatible with context parallelism (§3.4.3), while standard

FlashAttention does not natively support.
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3.4.3 Implementation of Context Parallelism

There are various ways of implementing context parallelism: all-to-all [54], ring attention [85,
63], and All-Gather based [4, 17], etc. Cornstarch implements the SOTA All-Gather based
context parallelism implementation. This implementation gathers all keys and values of all
tokens and compute row-wise attention for local queries. Overlapping communication and
computation is done in the head dimension; while GPUs compute attention for one or a
few heads, it transfers keys and values for the next head(s). This simplifies Algorithm 1
in computing per-token workload. If we adopt P2P ring attention, it would have been
more complicated to compute per-token workload as it requires to recompute the amount of

workloads every round.

3.5 Evaluation

In this section, we evaluate Cornstarch and show its effectiveness in training MLLMs. Our
key results are:
o Cornstarch achieves 2.26 x higher end-to-end training throughput on average for MLLM
training (§3.5.2).
o Frozen status-aware pipeline parallelism partitions MLLMs more effectively by consider-
ing the frozen status and provides up to 2.46x faster iteration time in MLLMs (§3.5.3).
» Workload-balanced context parallelism distributes tokens more evenly across GPUs and

within a single GPU, which improves the performance of attention execution by up to
1.18x (§3.5.4).

3.5.1 Experimental Setup

Testbed. We run our evaluation workloads in a GPU cluster with 6 nodes, each with

four NVIDIA A40-48GB GPUs and a NVIDIA Mellanox ConnectX-6 200Gbps Infiniband

adaptor (total 24 GPUs). The four GPUs in a node are connected in pairs using NVLink

and connected to the node via PCle 4.0.

Baselines. We set the baselines as follows:

1. FSDP: FSDP is widely used in distributed MLLM training thanks to its ease of use [15,
47, 87, 86]. It shards parameters and distributes them across all GPUs to reduce memory
footprint. Parameters are temporarily gathered for computation and then sharded again.

We use FSDP2, which offers higher performance [81].
2. Megatron™: Megatron-LM extends LLM pipeline parallelism to MLLMs by adding a
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Table 3.1: Modality (LLM, vision, and audio) configurations.

Model Model Hidden
Arch. Size # Layers Size # Params
Llama.3 Small 16 2048 1b
(LLM) Medium 32 4096 8b
Large 64 5120 32b
Q 9 Small 32 1280 0.6b
VZZ?ZL Medium 48 2560 3.9b
Large 64 3840 11.6b
. Small 24 1024 0.5b
;Efo Medium 32 3072 3.4b
Large 48 5120 12.4b

(a) Causal prefix.

(b) Encoder outputs embed-

ded.

(¢) Multimodal packing.

Figure 3.5: Various attention masks used in MLLM training.

vision encoder as the first pipeline stage [104]. We chose Megatron-LM as a representative

of the existing LLM-optimized 4D parallelization.

Training data. We use a synthetic dataset for evaluation. Each sample consists of 1k
text tokens, a 1280x720 image, and a 2-minute audio clip. Image tokens and audio tokens
are projected into the text embedding space after being processed by the corresponding

modality encoder. We use a global batch size of 48. FSDP uses a mini-batch size of 2, while

microbatch size 4 is used in Megatron® and Cornstarch with pipeline parallelism.

We use three different types of attention patterns in our evaluation, as illustrated in
Figure 3.5. Modality tokens can either be prepended or embedded, and several multimodal

sequences can be packed into a single long sequence. While the number of tokens for each

modality is fixed, the placement of the modality data is randomly assigned.
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Figure 3.6: End-to-end performance comparison of Cornstarch and baselines with various
model configurations.

Model configurations. We evaluate various MLLM configurations created by combining
two modality encoders (vision and audio) and an LLM, each selected from the sizes listed
in Table 3.1. The modality encoders are merged into a single module which processes both
modalities. We freeze the merged modality encoder and the LLM and only train the projector
modules. An MLLM configuration is denoted by suffixes representing the sizes (S, M, L)
of its vision encoder, audio encoder, and LLM, respectively (e.g., MLLM-SML combines a

small vision encoder, a medium audio encoder, and a large LLM).
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3.5.2 End-to-End Performance

We first evaluate Cornstarch against the baselines in terms of end-to-end training iteration
time and show the results in Figure 3.6. When models are small enough (e.g., MLLM-
SSS in Figure 3.6a), FSDP shows reasonably good performance. However, as model size
increases, FSDP’s performance drops significantly due to intensive communication overhead.
For Megatron®, its current limitations cause a large imbalance in pipeline stages due to
the lack of frozen status awareness. This is observed especially well when the modality
encoders are relatively larger than LLMs (e.g., MLLM-LLS in Figure 3.6a or MLLM-LLM
in Figure 3.6b).

Cornstarch shows the best performance across all model configurations. It chooses better
modality parallelism, allocates pipeline stages to the encoders and the LLM based on their
frozen status and their placement, and balances the attention computation on the fly. We dis-
cuss the performance of Cornstarch in detail in the subsequent sections. Overall, Cornstarch

outperforms the baselines 2.26x on average (3.36x vs FSDP and 1.62x vs Megatron™).

3.5.3 Impact of Frozen Status-Aware Pipeline Parallelism

We parallelize the models with frozen status-aware pipeline parallelism and compare the per-
formance with the same models but parallelized without frozen status awareness. Table 3.2
presents the results. For brevity, we only show a few model configurations with encoders
being colocated.

Without frozen status-awareness, partitioning is done based on the assumption of all pa-
rameters being trainable, which tries to minimize variance of forward time across pipeline
stages. For example, MLLM-LLL, the frozen status-unaware partitioning partitions the
modality encoders and the LLM to have similar forward execution time (~ 1600ms). How-
ever, gradient computations for the frozen encoders and the LLM are skipped, their backward
execution time is significantly different (3.06ms and 15878.58ms), breaking the balance be-
tween pipeline stages.

With frozen status-awareness, the partitioning is balanced based on the forward execution
time plus the backward execution time (5320.08ms and 7051.51ms, respectively), decreasing
pipeline bubbles. We also observe a few exceptions: MLLM-LLS and MLLM-SSL. These are
the most extreme cases in model size distinction, thus even assigning maximum number of
pipeline stages to the large module is not enough to balance the pipeline stages. In other
cases, frozen status-aware pipeline parallelism assigns workloads more evenly across pipeline

stages, which improves the overall performance by up to 2.46x.
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Table 3.2: Model forward and backward execution time breakdown parallelized with and
without frozen status awareness.

Per-Stage Per-Stage

Frozen Iter.  Impr.
Model Asware Fwd (ms) Bwd (ms) Time  (x)
‘ Enc LLM ‘ Enc LLM ‘ (s)

39S v 301.61  149.40 | 1.04 518.43 | 21.81 1.18x
X 207.13  296.25 | 0.86 1032.63 | 25.67 -

MMS Vv 903.86  102.61 | 2.72 346.54 | 40.34 1.02x
X 635.56  297.62 | 1.19 1032.12 | 41.21 -

1S V 1240.50  298.37 | 1.41  1029.98 | 66.14 1.00x
X 1259.13  297.92 | 1.15 1030.14 | 66.20 -

SSM v/ 464.98  331.43 | 3.53 3017.01 | 66.56 1.11x
X 388.33  388.73 | 2.30  4030.74 | 73.94 -

MMM Vv 2330.90  273.89 | 2.09 2418.27 | 70.37 2.46x
X 712.72 1159.76 | 1.60 12113.67 | 173.01 -

LLM vV 219991  376.11 | 4.15 4023.22 | 8743 2.03x
X 1403.97 1161.76 | 1.56 12109.73 | 177.39 -

53 vV 773.10 74117 | 3.55  6309.11 | 138.45 1.00x
X 774.19  708.62 | 3.84 6306.18 | 137.62 -

MML Vv 2280.58  705.73 | 3.11  6311.23 | 138.97 1.30x
X 1015.60 1154.85 | 2.78 10546.34 | 180.28 -

1L vV 5316.08  736.05 | 4.00 6315.46 | 143.76 1.72x
X 1597.36  1686.28 | 3.06 15878.58 | 247.79 -

3.5.4 Impact of Workload-Balanced Context Parallelism

This section evaluates how effectively Cornstarch’s workload-balanced context parallelism
(§3.3.2) distributes non-causal attention execution. We run LLMs with a 64k sequence
length and simulate attention masks that represent mixtures of multiple modalities. Fig-
ure 3.5 illustrates the attention masks. Early vision language models [87] use a causal prefix
(Figure 3.5a), which simply prepends the encoder outputs to the input tokens. Subsequent
models embed the encoder outputs in the middle of the input tokens (Figure 3.5b), with
their locations specified by special tokens, e.g., [IMG] and [AUD] [86, 83, 149]. Multimodal
packing (Figure 3.5¢) is a more complex mask that packs multiple sequences with different
masks into a single sequence. See Appendix B.3 for results with different sequence lengths.

Table 3.3 shows the results of a single attention layer and the entire LLM with various
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Table 3.3: Execution time of a single attention layer and entire LLM with 64k sequence
length using various context parallelization policies.

Inter-GPU Intra-GPU

(;Fr;r;i (Er;s))) Caéu;al Balance Balance  Cornstarch
' Only Only
Attn 243.44 255.59 225.73 204.95
LLM-S (-) (0.95x) (1.08x) (1.19x%)
Model 5541.25 5665.77 5250.40 4856.60
(-) (0.98x) (1.06x) (1.14x)
Attn 460.13 487.44 440.86 417.31
LLM-M (-) (0.94x) (1.04x) (1.10x)
Model 24534.50 25389.74 23712.89 22815.79
(-) (0.97x) (1.03x) (1.08x)
Attn 568.18 610.67 558.56 551.60
LLM-L ) (0.93x) (1.02x) (1.03x)
Model 77378.44 79671.34 75055.69 74864.71
(-) (0.97x) (1.03x) (1.03x)

context parallelization policies. The numbers in the table are the average of 50 times of the
attention execution time with the attention masks in Figure 3.5. We only show the results of
LLM-L, as the same patterns are observed in other model sizes. Cornstarch shows the best
performance, outperforming the existing causal context parallelism optimized for LLMs by
up to 1.18x. Intra-GPU workload balancing also shows improvement. Even with additional
overheads from aggregation, parallelizing attention subblocks within a single GPU effectively
removes tail latency caused by stragglers.

Surprisingly, however, balancing workload distribution only at a token level (inter-GPU
balancing only) does not provide performance improvement. To understand this, we further
perform CU activity analysis of a single attention layer, depicted in Figure 3.7. Severe down-
ward spikes are observed in both causal context parallelism (Figure 3.7a) in inter-GPU only
balance context parallelism (Figure 3.7b). The spikes happen at the end of every attention
head computation. This is because attention kernel for the next head cannot be launched un-
til the in-flight attention kernel for the current head is entirely finished, leaving CUs inactive.
Intra-GPU balancing fundamentally solves this problem by distributing workloads of atten-
tion computation of each single block in finer granularity across CUs, showing higher CU
activity (Figure 3.7c). Still, only balancing Intra-GPU workloads does not balance the total
amount of workloads across GPUs; some GPUs become idle much earlier while others are

busy, reducing overall utilization. Combining inter- and intra-GPU balancing, Cornstarch
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Figure 3.7: CU activity analysis with various context parallelization policies running a single
attention layer of LLM-L. Each line represents one GPU.

achieves the best performance (Figure 3.7d).

3.5.5 Comparison with DCP

While DCP [63] is not designed for MLLMs, its capabilities can be adapted to MLLMs,
representing MLLM-specific attention patterns. We compare Cornstarch with DCP in terms
of single attention layer performance and end-to-end training time on 16 GPUs. We use 4
attention patterns demonstrated in the DCP paper for comparison [63].

Table 3.4 shows the result of a single attention layer with various attention patterns. With

shorter sequence length, DCP shows better performance than Cornstarch. This is because
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Table 3.4: Performance comparison between Cornstarch and DCP for a single attention layer
with various attention masks. Time is in ms.

(a) Lambda. (b) Causal.
Seq length | 32k 64k 128k 256k Seq length | 32k 64k 128k 256k
Cornstarch | 177.41 143.56 375.49 1193.32 Cornstarch | 211.51 158.15 380.88 1189.57
DCP 46.36  124.72 417.07 1545.83 DCP 54.63 149.18 503.56 1861.39
(c) Causal blockwise. (d) Shared questions.
Seq length | 32k 64k 128k 256k Seq length | 32k 64k 128k 256k
Cornstarch | 228.36 124.72 333.91 1002.70 Cornstarch | 199.99 179.59 351.41 1190.41
DCP 41.13 104.87 316.93 1083.57 DCP 39.79  120.74 374.99 1358.43

Table 3.5: End-to-end training time on Cornstarch and DCP.

Seq . Causal Shared
Length Time (s) | Causal - Lambda Blockwise Questions
239k Cornstarch 5.7 5.8 10.5 5.7
DCP 26.5 49.0 42.0 46.5
128k Cornstarch 37.2 374 29.0 33.9
DCP 46.5 107.1 100.8 102.4

Cornstarch requires enough sequence length to fully hide the communication overhead. With
longer sequence length, however, DCP rather struggles to hide the communication overhead,
since it relies on ring context parallelism, which is inefficient in training with long sequence
lengths or large number of context parallel degrees, while Cornstarch all-gather based context
parallelism gets more benefits from longer sequences.

Table 3.5 shows a full iteration time of Llama3-1b model (planning + 1 forward + 1
backward). DCP suffers from significant planning overhead to find the optimal computation
schedule. Cornstarch’s heuristic token assignment is efficient, finishing planning in less than

1 second in all cases, outperforming DCP.

3.6 Related Work

4D parallelism. Large-scale LLM training combines four parallelism dimensions—tensor,
pipeline, data, and context parallelism (TP, PP, DP, and CP)—to scale both model size
and sequence length [102, 4, 64, 81]. TP and PP partition the model within and across
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layers, respectively, while DP and CP partition training data at the batch and sequence
granularity. Balancing the workload across GPUs is critical in every dimension. For model
partitioning, pipeline stage balancing has been extensively studied to minimize the bottleneck
stage cost [101, 93, 136, 177]. For data partitioning, context parallelism has been developed
to distribute long input sequences across GPUs, with several works specifically exploiting the
causal attention pattern of LLMs to guarantee balanced computation [85, 54, 43, 164, 151,
72, 10]. However, all of these techniques assume homogeneous transformer stacks and fixed
causal attention, and do not address the unique characteristics of MLLMs: heterogeneous
modality encoders, variable frozen status across components, and non-causal cross-modality
attention patterns (§3.2).

Distributed multimodal training. Most MLLM practitioners today rely on FSDP [? 122]
for its simplicity—sharding parameters across GPUs and gathering them on demand—but
FSDP’s all-reduce-heavy communication pattern limits scalability as model size grows be-
yond a single node [81]. To overcome this, recent works address first-order model and data
heterogeneity in MLLM training. DistMM [49] applies independent parallelism strategies
to heterogeneous modality modules, but is limited to contrastive learning where modalities
interact only through the loss function, not mid-iteration as in LLM-backbone MLLMs. Dist-
Train [173] and Optimus [34] disaggregate encoder and LLM parallelism and exploit pipeline
bubbles to overlap their execution. DIP [163] interleaves encoder and LLM pipeline stages to
further improve utilization. GraphPipe [58] generalizes pipeline parallelism to DAG-shaped
execution flows, accommodating the graph-like structure of MLLMs with multiple encoders.
Despite these advances, none of these works model how frozen versus trainable components
alter backward-pass computation cost, which invalidates standard pipeline stage balancing
heuristics [101]. Nor do they address context parallelism under the dynamic non-causal at-
tention patterns introduced by cross-modality interactions [28, 148]. DCP [63] is the first
to handle dynamic non-causal context parallelism, but its ring-based communication is inef-
ficient at large scale and is superseded by All-Gather-based approaches [43, 4]. Cornstarch
builds on multimodality-aware 4D parallelism to address frozen status-aware pipeline parti-

tioning and workload-balanced context parallelism for non-causal MLLM attention (§3.3).

3.7 Conclusion

In this paper, we presented Cornstarch, a multimodality-aware distributed MLLM training
framework. Cornstarch addresses higher-order challenges arising from model and data het-
erogeneity in MLLM training. We introduce frozen status-aware pipeline parallelism that

balances the computational cost of MLLM pipeline stages. We also introduce workload bal-
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anced context parallelism which computes the amount of workloads both in intra-GPU and
inter-GPU. Cornstarch provides 2.26 x speedup over the state-of-the-art distributed MLLM

training frameworks on average.
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CHAPTER 4

Entrain: Addressing Variable Heterogeneity in Multimodal
Training Workloads

The previous chapter addressed workload variance within a training iteration: the hetero-
geneity arising from the diverse architectures and frozen statuses of multimodal components.
Yet an equally significant source of inefficiency operates across iterations; the ratio of compu-
tation between modalities shifts from batch to batch as the composition of training samples
varies, rendering any parallel configuration derived from a single batch or small microbatch
potentially suboptimal for the rest of training. Counter-intuitively, a single static paral-
lel configuration does suffice, but only when it is anchored to the macroscopic workload
distribution of the full global batch, where variability converges by the Law of Large Num-
bers. Pipeline parallelism, however, partitions each global batch into microbatches that are
too small for this convergence to hold, and variability re-emerges at that finer granularity.
This chapter introduces Entrain, which addresses cross-batch workload variability through
macroscopic profiling that locks in the optimal configuration, combined with a deferral-based

microbatch assignment strategy that resolves the residual intra-iteration imbalance.

4.1 Introduction

The rapid evolution of Large Language Models (LLMs) into Multimodal LLMs
(MLLMs) [107, 108, 39, 149, 162, 86, 71, 89, 157] has made efficient distributed training
critical, yet balanced workload distribution remains particularly challenging due to the in-
herent heterogeneity and variability of multimodal datasets. Heterogeneity stems from the
distinct computational requirements and arithmetic intensities of different modalities. Vari-
ability arises because modality workload proportions fluctuate drastically across samples,
with each modality following an independent distribution. In text-only LLM training, re-

cent works address sequence length variability by dynamically adapting the model-parallel
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configuration on the fly [37, 35]. A natural intuition would be to extend this dynamic
reconfiguration to MLLMs.

Unfortunately, because each modality exhibits independent variability yet remains tightly
entangled within a single sample, per-sample dynamic reconfiguration is prohibitively ex-
pensive. Our analysis reveals that dynamic adaptation is fundamentally unnecessary. While
multimodal workloads are highly chaotic at the microscopic (sample or microbatch) level,
the aggregate workload ratio between modalities reliably converges to a stable constant
at the macroscopic scale of a global batch. This convergence implies that a single, static
model-parallel configuration suffices for optimal load balancing, provided it is anchored to
the global distribution. This exposes a critical shortcoming in existing MLLM training sys-
tems [49, 173, 34, 163], which derive their static model-parallel configurations by profiling
a non-representative slice (e.g., a single sample or a small microbatch). Profiling at a mi-
croscopic scale dominated by extreme sample-level variance captures a distorted snapshot of
the dataset. Consequently, these configurations inevitably suffer from severe load imbalances
and pipeline bubbles when processing the full, highly variable dataset.

To exploit this macro-level stability while managing the unavoidable micro-level pipeline
execution imbalance, we propose Entrain, a distributed MLLM training system that ad-
dresses multimodal variability at both macroscopic and microscopic scales. At the macro
level, Entrain shifts the profiling paradigm from isolated single samples or microbatches to
the entire global batch. Such macro-level profiling accurately captures the converged com-
putational ratio between the various modalities and the core LLM. Unlike prior works that
blindly extrapolate brittle configurations from arbitrary, high-variance snapshots, Entrain
mathematically anchors its parallel configuration to the globally converged workload distri-
bution. Using the Law of Large Numbers, we prove that a single, static configuration derived
from this macroscopic ratio suffices to guarantee optimal load balance throughout training.
This sidesteps both the brittle configurations of micro-level profiling and the prohibitive
overheads of dynamic reconfiguration.

While the macro level profiling establishes a stable global baseline, partitioning the global
batch into discrete microbatches for execution inevitably re-exposes localized variability. Be-
cause each microbatch is much smaller than the global batch, the Law of Large Numbers
no longer holds at this granularity, and workload variability across microbatches persists.
Entrain addresses this through a decoupled microbatch assignment strategy: it treats the
MLLM data flow as a producer-consumer pipeline and decouples the scheduling constraints
of each modality to resolve imbalance. With encoders as producers and the LLM as the con-
sumer, Entrain ensures constant production and consumption rates independently, balancing

the execution time of modality pipeline stages while avoiding buffer stalls. Our hierarchical
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Figure 4.1: Multimodal LLM architecture.

microbatch assignment algorithm first achieves a constant production rate by distributing
encoder workloads evenly across microbatches, then balances the LLM workload by deferring
excess workload from highly variable samples.

We have implemented Entrain on top of PyTorch and Cornstarch [56]. We evaluate
Entrain on vision-language models (based on Qwen2.5Vision with Llama3-1b and 3b models)
across four multimodal datasets with distinct distributions. Compared to DistTrain [173]
and DIP [163], Entrain reduces workload variability across microbatches by up to 10.6x,
improving end-to-end training throughput by up to 1.40x.

In summary, we make the following contributions:

o We propose Entrain, the first distributed training framework to address both hetero-
geneity and variability in multimodal training workloads via batch-level profiling and
decoupled microbatch-level workload balancing.

o We introduce a profiling approach that targets the global batch instead of micro-level

samples to derive the optimal model-parallel configuration.

o We design a hierarchical microbatch assignment algorithm that defers excess workload

within each iteration to stabilize workload variability across microbatches.

4.2 Background and Motivation

We first introduce MLLM architecture and parallelism (§4.2.1), then describe the dataset
characteristics that make balanced workload distribution challenging (§4.2.2), and finally

discuss the limitations of existing approaches (§4.2.3).

4.2.1 MLLM Architecture and Parallelism

To efficiently train massive MLLMs, modern distributed systems employ 4D parallelism,
combining data (DP), tensor (TP), context (CP), and pipeline parallelism (PP) [77, 17].

While these dimensions effectively scale the model across devices, the inherently hetero-
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Figure 4.2: Visualization of different pipeline parallel schedules using 8 microbatches for a
vision language model (VLM).

geneous architecture of MLLMs requires careful parallelization to balance computational
workloads across the cluster.

MLLMs enforce a strict structural dependency: raw multimodal inputs must first be
processed by modality-specific encoders (e.g., Vision Transformers for images, Whisper for
audio), whose outputs are then projected into a unified embedding space for the core LLM
backbone, as shown in Figure 4.1. Under PP, this architectural separation places encoders
on earlier pipeline stages and the LLM on subsequent stages. To maintain high throughput,
the global batch is partitioned into microbatches that are injected sequentially.

This pipeline design requires strict temporal and spatial balance: execution times must
remain consistent across consecutive microbatches, and all stages must have roughly equal
execution times for a given microbatch. Violations in either dimension immediately produce
pipeline bubbles and stragglers. Figure 4.2a shows the standard 1F1B schedule for a vision-
language model (VLM), where vision encoder stages precede the LLM stages. DistTrain [173]
(Figure 4.2b) uses the same schedule but reorders microbatches to reduce pipeline bubbles.
DIP [163] (Figure 4.2¢) parallelizes modalities independently and colocates their pipeline

stages.
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4.2.2 MLLM Dataset Characteristics

While a carefully tuned parallel configuration can theoretically balance the heterogeneous
architecture of an MLLM, maintaining this balance at runtime requires perfectly balanced
data partitions. However, two inherent dataset characteristics severely disrupt this: workload
heterogeneity and variability.

Workload heterogeneity refers to the systematic difference in computational characteris-
tics across modalities. Modality-specific encoders and the LLM have fundamentally differ-
ent structures; processing a high-resolution image through a vision encoder exhibits drasti-
cally different arithmetic intensity and memory access behavior from processing text tokens
through the LLM. Workload variability refers to the sample-to-sample fluctuation in how
much of each modality appears. Unlike unimodal text datasets, where sequence length
is the dominant source of variation, each modality in an MLLM dataset follows its own
workload distribution. Figure 4.3 plots the CDFs of text and vision tokens across several
vision-language datasets, confirming that each modality varies independently.

The challenge is further compounded by an intrinsic coupling constraint: modalities are
bound within each sample and must be processed together. The inter-modality workload
ratio is therefore determined jointly per sample rather than controlled independently. Fig-
ure 4.4 shows that this per-sample ratio between the vision encoder and the LLM fluctuates
drastically, spanning a wide range with no stable central tendency, making any fixed GPU

partition inherently mismatched for the vast majority of samples it encounters.
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Figure 4.5: Workload ratio variability with different sample sizes in LLaVA-150K dataset.
The mean ratio of vision-to-text workload of the entire dataset is 2.43. With larger sample
size N, the ratio between batches becomes more stable and converges to the dataset mean.

4.2.3 Limitations of Existing Works

Existing MLLM training systems [34, 173, 163] recognize that workload imbalances arise at
two granularities — profiling and execution — but no single system addresses both.
Profiling granularity. DistTrain [173] and DIP [163] derive parallel configurations by pro-
filing a single sample or a small microbatch, which may not represent the entire dataset. The
high per-sample variance suggests that dynamic reconfiguration — as applied to sequence-
length variability in LLM training [37, 35] — is the right approach. Counterintuitively, how-
ever, Figure 4.5 shows that the workload ratio converges to a stable dataset mean as batch
size increases, justifying a static configuration — but only when derived from this macroscopic
ratio rather than an unrepresentative micro-sample.

Execution granularity. Even with a correct parallel configuration, the workload ratio con-
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tinues to fluctuate across microbatches. Optimus [34] and DistTrain strictly couple modali-
ties within the microbatch boundary, forcing the encoder and LLM to process an identical set
of samples per microbatch. Optimus schedules encoder stages into LLM pipeline bubbles, but
with more microbatches or techniques such as zero-bubble pipeline parallelism (ZBPP) [115],
few bubbles remain to exploit, and fragmented bubbles from imbalance are not exploitable.
DistTrain relies on data reordering, which mitigates but cannot resolve workload variabil-
ity across microbatches. DIP [163] partitions microbatches into sub-microbatches but still
confines these partitions within the rigid boundaries of the parent microbatch. Figure 4.6
shows pipeline bubbles across four datasets (100 iterations, 4-stage PP, 16 microbatches);

imbalance-driven bubbles compound the irreducible data-dependency bubbles.

4.3 Entrain Overview

Entrain is a distributed MLLM training framework that addresses workload heterogene-
ity and variability in multimodal datasets. Entrain maximizes training throughput by co-
designing static hardware resource allocation and dynamic data scheduling for distributed
multimodal training:
« Macroscopic profiling-based parallelization (§4.4):
Entrain profiles large batch to derive a parallel configuration that provides optimal load
balance across modalities throughout training.
» Microscopic workload balancing via deferral (§4.5): Inspired by the producer-
consumer model, Entrain decouples microbatch partitioning across modalities and bal-

ances workload by deferring excess LLM computation across microbatch boundaries.

Figure 4.7 shows the architecture of Entrain, which consists of two components: the
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Figure 4.7: Entrain design overview.

planner and the training runtime.

Planner. The planner runs before training begins, analyzing the model and dataset to derive
the parallel configuration to allocate hardware resources to each modality. Instead of profiling
with a single sample or a small microbatch, the planner profiles the large batch, capturing the
converged workload ratio between modalities rather than a noisy, unrepresentative snapshot.
The derived parallel configuration assigns hardware resources to each modality in proportion
to its computational demand.

Since profiling the full large batch before evaluating parallelization is infeasible, the plan-
ner first builds an analytical cost model by profiling with synthetic samples and fitting a
polynomial equation via linear regression (§4.4.1). Using this cost model, the planner then
derives the minimum profiling batch size (b,,;,) that guarantees statistical convergence of the
workload ratio (§4.4.2). The user must set the global batch size to b,,;, or larger; otherwise,
Entrain does not guarantee optimal load balance across iterations. Finally, the cost model
and b,,;, together enable Entrain to find the optimal parallel configuration that maximizes
training throughput (§4.4.3).

Training runtime. At each iteration, the runtime fetches a global batch and distributes
it evenly across data-parallel replicas, each receiving a minibatch of size Bgyopa/DP. To

distribute samples, the runtime sorts them by encoder workload in descending order and
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greedily assigns each to the replica with the minimum current LLM workload. Sorting by
encoder workload descending spreads the heaviest encoder samples across replicas before
smaller ones fill the gaps, balancing encoder workload. For LLM workload, each sample is
assigned to the replica that has accumulated the least LLM workload so far, preventing any
single replica from accumulating disproportionately more LLM workload than the others.
Together, these heuristics balance both encoder and LLM workloads across replicas.

Each replica then partitions its minibatch into microbatches for pipeline execution. While
the planner’s configuration is macroscopically optimal, this partitioning re-exposes sample-
level workload variance. Because encoder and LLM workloads vary independently across
samples, balancing both simultaneously within each microbatch is intractable. Entrain ad-
dresses this by decoupling microbatch boundaries across modalities: the encoder and LLM
need not process the same samples in a given microbatch. Entrain first strictly balances
encoder microbatches (§4.5.1), then defers excess LLM workload from overloaded to under-
loaded microbatches, equalizing execution time across the pipeline (§4.5.2). The overhead
of deferral due to the reversed data dependency in backward pass is handled by optimizing
pipeline schedule (§4.5.3).

4.4 Macroscopic Analysis-Based Model
Parallelization

The primary objective of macroscopic analysis is to derive a single, static parallel config-
uration that optimally balances the heterogeneous MLLM architecture. As established in
Section 4.2.3, deriving this configuration via microscopic profiling fails due to the extreme
sample-level variance inherent in multimodal datasets. Entrain instead anchors its resource
allocation to a macroscopic view of the dataset.

This section proceeds in three stages. We first build a hardware-calibrated analytical cost
model 77 ; that estimates per-layer workloads without exhaustive profiling (§4.4.1). We then
use it to determine a profiling batch size b,,;, large enough to yield a stable macro-level
allocation (§4.4.2). Finally, we derive the static parallel configuration through hierarchical
pipeline balancing that first optimizes each modality component locally and then aligns them

under a shared pipeline schedule (§4.4.3).

4.4.1 Hardware-Calibrated Analytical Cost Model

Determining b,,;, and searching over configurations both require repeated workload estimates

across many batches and candidate partitions. Exhaustive profiling is prohibitively expensive
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in both cases, and pure FLOP counting is insufficient because it misses hardware-specific
effects such as memory-bandwidth saturation and kernel-launch overhead.

Entrain therefore pre-builds a hardware-calibrated analytical cost model before any pro-
filing or parallel configuration search begins. It profiles every layer separately over the valid
(TP, C'P) configurations using synthetic inputs at representative sizes (e.g., number of tokens
x € {64,256, 1k, 4k, 16k}), then fits the measurements to a configuration-aware quadratic
model T} ;(z, TP,CP) = az? + bx + ¢ [102, 145] via linear regression. We fit a model per
layer because different layer types scale differently with sequence length — e.g., attention is
O(2?) while MLPs and embeddings are O(x) — and it enables estimating any pipeline stage

cost by summing the costs of the individual layers it contains.

4.4.2 Deriving Minimum Stable Profiling Batch Size

Before beginning parallel configuration search, Entrain must determine a minimum profiling
batch size b,,;, large enough that random batches of b,,;, samples consistently yield the same
discrete GPU allocation under the chosen data-parallel degree DP. Entrain establishes this
guarantee in two steps. First, it repeatedly samples batches of size b,,;, and uses Bernoulli
trials to test whether the resulting allocation is stable. Second, it uses the Law of Large
Numbers to show that stability at batch size b,,;, implies stability for any larger global batch

size Bglobal Z bmzn

Algorithm 2 Probabilistic Macroscopic Profiling Strategy

Input: Confidence level 1 — «, Target error limit peyror, Initial sample size ng, GPUs Nioiqr, Data
Parallel degree DP, Cost Models T ;
Output: Stable profiling batch size b1,

1: k< [In(a)/1In(1 = perror)] # Compute required validation trials via Binomial bounds
2: n 4Ny

3: loop

4: B.. ¢ < EstimateMacroscopicProportions(n, 7 ;)

5: Mref + Proportional Allocation(Nyytq1, DP, ﬁref)

6: IsStable < True

T: for t =1to k do

8: Prost EstimateMacroscopicProportions(n, 17 ;)

9: Myest Proportional Allocation(Nyptqr, D P, ]%est)

10: if Mtest ;é Mref then

11: IsStable + False

12: break

13: if IsStable then

14: return n # Minimum stable profiling batch size b,
15: n<nx2 # Increase batch size if variance is too high
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Algorithm 2 describes the probabilistic procedure for determining the minimum stable
profiling batch size b,,;,. For a candidate n, Entrain first draws a reference batch and
estimates the workload proportions across modality components ﬁref (Line 4). These pro-
portions are continuous floating-point values, but GPU assignment must be discrete; thus,
Entrain converts them into M, #, a vector of per-modality per-replica GPU counts, by dis-
tributing the per-replica budget of Nyue/DP GPUs proportionally across modality com-
ponents and rounding to the nearest feasible integers (Line 5). It then draws k additional
independent validation batches (Line 7), and for each one, treats the event “the resulting
discrete GPU allocation differs from the reference allocation” as a Bernoulli failure (Line 12).
Because the continuous ratio is rounded to integer counts, small fluctuations between batches
often fall into the same allocation (e.g., 1:0.98 and 1:1.12 both round to 1:1 when only 2
GPUs are available).

If all £ trials return the same allocation, standard binomial bounds imply that, with
confidence 1 — «, a fresh batch of size b,,;, will yield a different allocation with probability
at most perror (Line 14). At batch size by, the Bernoulli test thus establishes that sampling
noise is small enough that repeated random draws induce the same discrete allocation with
high probability. If the test fails, Entrain doubles the batch size and repeats. The loop is
guaranteed to terminate: by the Strong Law of Large Numbers, the sample mean converges
almost surely to the population mean, so the test must eventually pass (Appendix C.1).
In our experiments, convergence occurs by batch size 256 across all evaluated datasets and
GPU configurations (Appendix C.5).

The Bernoulli test certifies stability only at the profiled size b,,;,; the Law of Large
Numbers extends the guarantee to all larger batches. ﬁref and ]3test are sample means over
per-sample workloads. By the Law of Large Numbers, they converge to the population mean
as the batch size grows; so the estimator at any Bgiopar > bmin is at least as concentrated as
the one at size b,,;,. Hence, if random size-b,,;,, batches already induce the same allocation
with high probability, any global batch of size Bgopar > bmin does so with at least as high
probability. Appendix C.2 provides the full derivation. Overall, this probabilistic procedure
allows Entrain to use a small profiling batch while still recovering the correct macro-level

hardware allocation.

4.4.3 Heterogeneous Pipeline Balancing

Given a stable profiling size b,,;, and calibrated layer costs 7} ;, the remaining task is to derive
a static parallel configuration. An MLLM forms a heterogeneous pipeline: modality-specific

encoders feed the LLM, and end-to-end throughput is bounded by .., the slowest stage
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across all modality components. Rather than searching over all parallel dimensions of the
full model, Entrain exploits the modularity of MLLMs — each modality encoder and the LLM
are individual components — and decomposes the search into two tiers: it first optimizes each
modality component locally, then evaluates the resulting per-component bottlenecks under

a shared pipeline schedule. Algorithm 3 summarizes this search.

Algorithm 3 Heterogeneous Model Parallel Configuration Search

Input: Stable profiling batch size by, Global Batch Bgjopqi, Microbatch size j1, GPUs Nyotqr, Modality
components C, Cost Models T; ;
Output: Optimal static parallel configuration C*

ﬁpop + EstimateMacroscopicProportions(b,in, 17 ;)
MazxThroughput < 0
for each valid hardware topology C},., = {DP, TP,CP, P_P} do
M « Proportional Allocation(Nyotar, D P, ﬁpop)
if Chy violates VRAM limits or Bgopar Z 0 (mod DP - p1) then
continue
K+ Bglobal/(DP : :u)

# Tier 1: Intra-module balancing via Dynamic Programming

8: for each modality component ¢ € C do
9: {7iph<p<pp, < IntraModuleBalance(i, PP;, TP;, CP;, T} ;)
10: Bi maxi<p<PP; Tip

# Tier 2: Inter-module balancing via Slowest-Stage Fvaluation
11: Brmaz < max;ec(5;) o
12: Preshard < ComputeReshardCost(T'P,CP, K, Bgopal, DP)
13: Tliter — 7:9([(’ {Ti,p}> Bmax) + P’r’eshard
14: Throughput <— (DP - K)/Tjer
15: if Throughput > MaxThroughput then
16: MaxThroughput < Throughput
17: C* < Chy

18: return C*

Intra-Module Balancing. Intra-module balancing balances the workload of pipeline stages
within a modality component. Each modality encoder and the LLM backbone are internally
homogeneous, consisting of repeated layers with similar structure. Entrain therefore treats
each modality component ¢ € C as an independent unimodal partitioning problem, which is
well-studied [177, 57, 144]. A 1D dynamic program uses the layer-wise costs evaluated under
the chosen T'P; and C'P; to partition the modality component into PP; stages, minimizing
the maximum stage latency [177].

Let F;(¢,p) denote the minimum bottleneck latency when the first ¢ layers of modality
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component ¢ are partitioned into p stages. The recurrence is:

F;(¢,p) = Orgne;gemax (F ,p—1), Z sz) , (4.1)
j=0'+1
with base case F;(¢,1) = §:1 T;;. Let 7,, denote the latency of stage p in the optimal

partition of modality component i; the per-component bottleneck is 3; = maxi<,<pp, i =
F,(L;, PP,;). Backtracking recovers both the stage latencies 7;, and the layer-to-stage map-
ping for execution.

Inter-Module Balancing. These per-component optima are only local. When indepen-
dently optimized modality components are combined into a heterogeneous pipeline, discrep-
ancies in latency of pipeline stages across components directly translate to pipeline bubbles.
Given the shared microbatch count K = Byopa/(DP - 1), where p is the microbatch size,
Entrain evaluates each valid factorization using the stage-latency set {7;,} and the the slow-
est stage latency across all components S,,., = max;c¢ ;. Here, Ts denotes the analytical

iteration time of pipeline schedule S [177]:

PP;
Ts(K A7} Brar) = 300 7ip + (K — 1)Bonaa (4.2)

ieC p=1
When adjacent modality components use different tensor- or context-parallel degrees, En-
train models the resulting communication overhead at their boundaries as a resharding cost
Preshara- The total iteration time thus includes Presnarg- The selected configuration maxi-

mizes the resulting end-to-end training throughput.

This decomposition keeps the search tractable. For each component ¢, the search enu-
merates only valid spatial factorizations satisfying T'P; x CP; x PP, = M;, where M, is
the per-replica GPU budget for component i, rather than brute-forcing arbitrary parallel

dimensions.

4.5 Hierarchical Microbatch Assignment

Section 4.3 described how Entrain distributes the global batch across replicas. However,
the harder challenge arises when each replica’s minibatch is partitioned into microbatches
for pipeline parallelism. The small number of samples per microbatch amplifies individual
workload variance, and encoder and LLM stages exhibit independent workload distributions
that cannot be balanced simultaneously. Figure 4.8 shows that encoder and LLM work-

loads are highly variable between microbatches and how hierarchical microbatch assignment
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(a) An example of a minibatch after the global batch is partitioned.
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(b) Stratified sample assignment to microbatches focusing on balanc-
ing encoder workload (§4.5.1).
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(c) Pairwise deferral optimization to balance LLM workload (§4.5.2).
Execution is done in order from left to right, not in the number order.

Figure 4.8: The hierarchical microbatch assignment algorithm. The number of boxes repre-
sents the amount of workload of each sample, where green boxes are for encoder workload
and orange boxes are for LLM workload.

balances the workload. Considering the total workload ratio of vision and LLM is 1:2, a
3-stage pipeline schedule with one stage for vision and two stages for LLM is supposed to be
balanced, however, such variability introduces a lot of internal fragmentation as depicted in
Figure 4.9a. With pairwise deferral optimization, all microbatches across all pipeline stages
are well balanced, as in Figure 4.9b.

Entrain resolves this by adopting a producer-consumer strategy: it exploits the pipeline
buffer between the encoders (producers) and the LLM (consumer) as a workload variability
absorber. Instead of always enforcing equal sample counts per microbatch across both stages,
Entrain decouples their schedules through a two-step hierarchical assignment, as depicted in
Figure 4.8. In the first step, stratified sample assignment balances encoder execution time
while laying the groundwork for the subsequent deferral (§4.5.1). In the second step, pairwise
deferral optimization shifts residual LLM workload across microbatches to balance the LLM
execution time without disturbing the encoder schedule (§4.5.2). Algorithm 4 summarizes

the hierarchical microbatch assignment algorithm.
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(a) Pipeline schedule before pairwise deferral optimization.
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(b) Pipeline schedule after pairwise deferral optimization.

Figure 4.9: Comparison of 3-stage pipeline parallel schedule before and after pairwise deferral
optimization.

The backward pass, however, inherently reverses the data dependency; the encoder back-
ward pass requires gradients from the LLM, thus deferral widens this latency gap for deferred
samples. Entrain handles this through split-backward processing and eager forward schedul-
ing (§4.5.3).

If the model has multiple modality encoders (e.g., Omni-modal models [162, 3, 88]), merg-
ing the modality encoders into a single unified encoder module allows hierarchical microbatch

assignment to be applied.

4.5.1 Stratified Sample Assignment to Microbatches

Entrain assigns samples to microbatches using a stratified strategy that balances encoder
execution time while ensuring each microbatch retains sufficient fine-grained samples for the
subsequent deferral phase.

Before assignment, Entrain determines the effective number of microbatches Ko to use

(line 3). As each sample’s computation is indivisible across microbatches, a single sample
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Algorithm 4 Hierarchical microbatch assignment.

Input: Global batch Bgepe, Data Parallel degree D P, number of microbatches K
Output: Encoder microbatches M®°, LLM microbatches MMM

# Section 4.3: DP-level sample assignment to replicas
1: Sort Bgiobai Y Wencoder,i in descending order
Assign samples to each replica; let S denote samples assigned to this replica
# Section 4.5.1: stratified sample assignment to microbatches
Ko < min(K, LZZ wencoder,i/wencoder,maXJ)
Partition S into S, and St by LLM workload
Sort Sc and St by Wencoder,i in descending order
Assign Wencoder Of Sc then St to M*¢ via Min-Max greedy
# Section 4.5.2: pairwise deferral optimization
Sort microbatches in M*®*¢ by wrm in descending order
Partition into Sg (top K/2) and Sy (bottom K/2)
for each pair (i,7) where ¢ € Sy and j € Sy do
10: Sdeferred < SUBSETSUMDYNAMICPROGRAMMING (%, j)
11: Vij < CALCBOTTLENECK (S4deferred, %, J) # Equation 4.3

B

12: L + [wLLMﬂ; for i € Sol]

13: T, P < BOTTLENECKMATCH(V, L, So1, Su1)

14: Reorder microbatches in M into interleaved pairs (oly, ulp, oly, uly,...) per P

15: Assign LLM workload of corresponding samples in M to MMM deferring samples specified
by P

16: return M, MM

with the maximum encoder workload wWencoder,max S€ts a lower bound on any microbatch’s
encoder workload. If K is too large, this microbatch is dominated by wencoder,max While the
remaining K — 1 microbatches would be significantly lighter. In this case, even though K is
given by the user, Entrain reduces K to K. so that each microbatch has workload close to
Wencoder,max- 1f other samples’ workload sum is large enough to create K — 1 microbatches
with similar or larger workload, Entrain uses the user’s K as Kg.

After determining the effective number of microbatches, Entrain assigns samples to K.g
microbatches. Samples are first partitioned into a coarse-grained set S. with high LLM
workload and a fine-grained set S; with low LLM workload (line 4), then assigned to micro-
batches sequentially. Within each set, samples are sorted by wWencoder,i in descending order
(line 5) and assigned to microbatches via a Min-Max greedy heuristic on encoder workload
(line 6). Figure 4.8b illustrates the result of assigning samples in Figure 4.8a to microbatches
by applying the stratified sample assignment. The total encoder workload is 18 units, almost
evenly distributed across 6 microbatches with 3 units each on average. We do not consider
the LLM workload balancing in this phase, so the microbatches are balanced only on the

encoder workload. Unlike traditional pipeline parallelism, Entrain allows microbatch sample
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(a) Dividing a set of microbatches to an overloaded set (S,;) and an
underloaded set (Sy;).
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(b) Computed deferral set Sgeferreq for microbatch (c¢) A bipartite graph G(So1, Su, V). Edges
¢ and j and LLM workload wrpm,; and wipm ; after with V; ; > T are represented as grey dotted
deferral. lines. Bold lines represent the matching P.

Figure 4.10: A visualization of pairwise deferral optimization with microbatches in Fig-
ure 4.8b.

counts to vary, prioritizing encoder balance over count uniformity:.

The partition into S, and Sy is to facilitate the deferral phase. Without this partition,
the greedy — which is blind to LLM workload — may leave some microbatches with only high-
LLM-workload samples, starving them of the low-LLM-workload units needed for deferral
and preventing deferral from balancing LLM workload. By separating samples into S. and
Sy upfront, every microbatch is guaranteed to receive Sy samples, ensuring pairwise deferral
always has units available to shift and balance LLM workload delicately. This sequential
two-subset assignment does not break the encoder balancing guarantee. The greedy always
assigns to the least-loaded microbatch and each subset is independently sorted in decreasing
order of encoder workload, thus the combined assignment is a valid longest processing time
(LPT) list scheduling run, which by Graham’s theorem yields a makespan within (2 —1/K)
times optimal, where K is the number of microbatches Byopqi/(DP - 1) [42].
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4.5.2 Pairwise Deferral Optimization

After stratified sample assignment, Entrain balances LLM execution time across micro-
batches by deferring selected sample’s LLM computation from overloaded microbatches to
underloaded ones, leaving the encoder schedule intact. After deferral, microbatches are
paired and reordered so that each overloaded microbatch is immediately followed by its un-
derloaded partner, and selected samples’ LLM workload is shifted between each pair. This
pairwise reordering minimizes peak activation buffer memory. Deferred samples must retain
their encoder activations until the LLM processes them, and placing the underloaded part-
ner immediately after its overloaded counterpart bounds the buffering duration to a single
microbatch interval. Figure 4.8c demonstrates the result of applying the pairwise deferral
optimization to the microbatches in Figure 4.8b. The encoder workload is not affected by
the deferral, while the LLM workload is evenly distributed across microbatches with 6 units
each.

The core challenge is that the two decisions required for deferral are tightly coupled:
which microbatches to pair, and which specific samples to transfer within each pair. A naive
approach that optimizes them independently — e.g., greedily pairing the most overloaded
microbatch with the most underloaded one — is suboptimal, because the achievable transfer
amount depends on the discrete sample composition of the pair and is therefore pair-specific.
Entrain therefore formulates deferral as a bottleneck assignment problem that co-optimizes
both decisions to minimize the maximum LLM execution time across all microbatches. The
solution proceeds in three steps: finding the optimal subset of samples to defer for every
candidate pair (Optimal deferral set calculation), aggregating these into a bottleneck cost
matrix (Bottleneck cost formulation), and determining the globally optimal pairing (Bottle-
neck matching optimization). Figure 4.10 visualizes how the pairwise deferral optimization
works.

Optimal deferral set calculation. Entrain sorts the K microbatches by LLM workload
and partitions them into an overloaded set S, (top K /2) and an underloaded set Sy; (bottom
K/2), as shown in Figure 4.10a (line 8). For each candidate pair (i,j) where ¢ € S, and
j € Su, Entrain identifies the subset Sqeferreq 0f Samples in microbatch i as an optimal deferral
set between the two microbatches (line 10). The total LLM workload of Sgeferrea 18 closest
to the target transfer amount § = (wyrm,; — wrim,j)/2. Figure 4.10b tabulates the resulting
Sdeferreas and post-deferral LLM workloads. Finding this subset is an instance of the subset
sum problem, which Entrain solves with a discretized dynamic programming: a table D of
size w’ (the total rounded LLM workload of the overloaded microbatch) is queried for the

sum k* that minimizes the residual |§ — k*|, identifying the optimal Sgeferreq- This runs in
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pseudo-polynomial time O(N, x w'), where N, is the number of samples in the overloaded
microbatch.

Bottleneck cost formulation. With Sgeerreq determined for every candidate pair, Entrain
builds a bottleneck cost matrix V' and a standalone cost vector L. V; ; is the minimum bottle-
neck LLM execution time achievable when microbatch ¢ € S, defers Sqeferreq t0 microbatch
J € Su (line 11):

Vij = max (WLLM,i — Wdeferred,is WLLM,j T Wdeferred,i) (4.3)

L; is the cost of microbatch ¢ € Sy if it remains unpaired, i.e., L; = wrpm, (line 12). L is
used in the bottleneck matching to determine whether a microbatch’s LLM workload is high
enough to require deferral, or it if can execute within budget on its own.

Bottleneck matching optimization. Given V and L, Entrain finds the minimum feasible
threshold 7™ via BOTTLENECKMATCH (line 13). 7% is the smallest value in V' U L such
that every microbatch can complete LLM execution within 7™ either by deferring LLM
workload to an underloaded partner, or by executing alone without deferral. Since feasibility
is monotone (if 7' is feasible, any larger T is also feasible), binary search over the at most
O(K?) candidates in V' U L efficiently finds T*. For each candidate T, Entrain constructs a
restricted bipartite graph G(So1, Su, V') with edges only where V; ; < T', and verifies feasibility
via DFS-based bipartite matching on critical microbatches. Non-critical microbatches (L; <
T*) are arbitrarily assigned to remaining Sy members with no deferral. Each feasibility
check costs O(F VK ) where F is the edge count of G; given the small K, the total overhead
is negligible. The algorithm returns 7™ and the complete matching P. Microbatches are
then arranged into an interleaved execution sequence (oly, uly,oly,uly,...) per P (line 15),
with matched pairs transferring selected samples’ LLM workload from the overloaded to the

immediately following underloaded microbatch.

4.5.3 Optimizing Backward Pass Dependency

Our scheduling strategy focuses on optimizing the forward pass. However, in pipeline parallel
training, the backward pass introduces strict reverse dependencies: the gradients for the
encoder cannot be computed until the corresponding gradients from the LLM are available.
Deferring the LLM workload inherently delays the completion of their forward pass, and as
a result, the generation of gradients for these deferred samples is also delayed. This creates
a latency gap for the encoder backward pass, as shown in Figure 4.11a. After completing its
forward pass for microbatch ¢, the encoder stage expects gradients for a whole microbatch

1 to return. If some LLM workload in the microbatch is deferred to microbatch ¢ + 1, the
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(b) Split-backward processing allows the encoder backward pass to be executed
immediately after getting the gradients from the LLM backward pass. n’ refers
to deferred samples in backward pass.

Figure 4.11: Visualization of pipeline parallelism schedule of microbatches in Figure 4.8c
with and without backward dependency optimization.

encoder faces a potential pipeline stall waiting for the delayed gradients to arrive.

The split-backward processing. To prevent this delay from stalling the encoder backward
pass, we modify the execution logic to support split-backward processing. Since the scheduler
is deterministic, the encoder is aware of which specific samples within the microbatch ¢
will be deferred during the LLM forward pass. When the backward pass for microbatch
1 is scheduled, the encoder does not wait for the complete set of gradients. Instead, it
immediately executes the backward pass for the non-deferred samples. The backward pass
for the deferred samples is also deferred until their gradients arrive from the LLM backward
pass. Figure 4.11b shows the pipeline parallelism schedule with split-backward processing.
Eager forward pass execution. Even with split-backward processing, the backward pass
workload increases later in the iteration because of the deferred samples. To accommodate
this back-loaded computation, we must reserve compute capacity in the later microbatches.
We achieve this by scheduling forward passes as eagerly as possible. While the standard
1F1B schedule executes only s —i 4 1 forward passes in the initial warm-up phase (where s
is the number of stages and i is the stage index starting from 1) as in Figure 4.11a before
entering the steady phase of interleaving one forward and one backward pass, we execute
as many forward passes as memory constraints allow before switching to the steady phase.
This eager execution reduces the number of forward passes required in the middle of the

iteration, effectively yielding time slots that compute nodes can use to process the backward
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pass of deferred samples.

This makes Entrain more friendly to more advanced pipeline parallelism techniques, such
as zero-bubble pipeline parallelism (ZBPP) [115], which recommends executing the forward
passes as eagerly as possible.

Numerical correctness. With the split-backward processing, the number of backward
passes — and naturally the number of gradient accumulations — increases. In low-precision
training (e.g., BF16, FP8, or NVFP4 [135, 16, 113]), such an increased number of gradient
accumulations theoretically heightens the risk of numerical instability and swamping. How-
ever, this amplified accumulation depth is structurally unavoidable in large-scale distributed
training. Many research papers have proposed algorithmic safeguards to solve this issue
and thus it is no longer a destabilizing factor. The proposed algorithms, such as stochastic
rounding (SR) [19], Kahan Summation [170], or mixed precision with higher precision for
gradients [113], effectively neutralize the negative impact of increased number of gradient

accumulations, ensuring convergence.

4.6 Implementation

Entrain is implemented on top of PyTorch, Cornstarch [56], and HuggingFace Transform-
ers [155] in Python. Entrain adds batch sizer and macroscopic profiler to derive the static
model-parallel configuration and uses Cornstarch’s multimodal 4D parallelization capability
to partition the model and distribute it to GPUs accordingly. Entrain exploits Cornstarch’s
multimodal 4D parallel execution capability to run distributed training, with the following
modifications.

Microbatch scheduler. We replace DistributedSampler with Entrain sampler that sorts
samples and assigns them to the microbatches. Deferral optimization is also executed at
this point with estimated workload cost. Executing deferral optimization at the scheduler
level allows Entrain to be compatible with sequence packing. Sequence packing is effective
to reduce padding overhead, thus widely used [67, 175, 7, 151, 167]. By running deferral
optimization before packing sequences and sending deferral information together with the
packed microbatches, the pipeline execution engine can track the deferred samples within
the packed microbatches.

Pipeline execution engine. We modified the existing 1F1B [100] and Zero-Bubble Pipeline
Parallelism [115] pipeline schedule to support deferral optimization. The execution engine
receives deferral information from the scheduler along with the microbatches before execut-
ing each iteration, and executes the pipeline schedule. During the execution, the engine

temporarily stores deferred activations and tracks the deferred sub-microbatches to ensure
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Table 4.1: Parallel configuration of Entrain and the baselines and execution setup. For all
frameworks, TP=2, CP=1, and DP=4. E.PP and L.PP represent encoder pipeline parallel
degree and LLM pipeline parallel degree, respectively. * indicates DIP colocates vision and
LLM stages to the same pipeline stage.

SynthChartNet ‘ ‘ DistTrain DIP Entrain
Profiling
Execution Size 4 256
Setup
Global 519 519
Batch
Qwen2Vision | EPP | 4 8* 5
Llama3-1b ‘ L.PP ‘ 4 ]* 3
Qwen2Vision | EPP | 5 8* 4
Llama3-3b ‘ L.PP ‘ 3 Q% 4

all deferred samples are properly processed in the backward pass.

4.7 FEvaluation

We evaluate Entrain on a variety of datasets and models and compare it against DistTrain

and DIP. We summarize the results as follows:

o FEntrain outperforms the baselines in end-to-end training throughput by up to 1.40x
(§4.7.2).

« Entrain’s proposed macroscopic profiling paradigm effectively estimates the workload
ratio between modalities and provides a stable parallel configuration (§4.7.3).

o Entrain’s hierarchical microbatch assignment and deferral optimization stabilize the

workload variability across microbatches by up to 10.6x (§4.7.4).

4.7.1 Experimental Setup

Cluster setup. We evaluate Entrain using 16 NVIDIA A40-48GB GPUs on 4 nodes. Each
node has 4 NVIDIA A40 GPUs and a NVIDIA Mellanox ConnectX-6 200Gbps Infiniband
adaptor. The four GPUs in a node are connected in pairs using NVLink and connected to
the node via PCle 4.0.

To emulate a larger cluster, we exploit the fact that data-parallel replicas synchronize only
at the end of each iteration. We execute one DP replica at a time using TP, PP, and CP

on real hardware (16 GPUs) and execute 4 replicas sequentially. The iteration time is taken
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as the maximum across the 4 executions, mirroring the all-reduce barrier to synchronize
gradients. All experiments use this emulated 64-GPU setup.
Datasets and models. We evaluate Entrain using HuggingFace FineVision dataset [154].
It is a multimodal dataset that contains more than 20 million samples of image and text
pairs, where samples are collected from over 200 datasets. We pick 4 subdatasets from
the FineVision dataset — SynthChartNet [103], ChartQA [91], CocoQA [128], and LLaVA-
150k [87] — that have distinct data distributions. We show SynthChartNet data in the main
text because it is the most variable, and other datasets are shown in Appendices.

For models, we run various sizes of vision-language models (VLMs) using Qwen2.5Vision
vision transformer [149] to process various resolutions of images natively and Llama3 [4] (1b
and 3b parameters) for text processing.

Baselines. We compare Entrain to the following baselines:
1. DistTrain [173]: DistTrain reorders samples to mitigate the data heterogeneity problem.
2. DIP [163]: DIP introduces decoupled modality scheduling to address heterogeneity and

variability in multimodal training workloads.
We run 4D parallelism with different parallel configurations between Entrain and the base-
lines. Table 4.1 shows the parallel configurations (See Appendix C.3 for parallel configura-
tions on other datasets). DistTrain profiles 1 sample to derive a parallel configuration, while
DIP profiles 1 microbatch (4 samples) to derive its parallel configuration. We use microbatch
size 4 and global batch size 512. Although Entrain supports both 1F1B and ZBPP schedules,

we use 1F'1B for Entrain in evaluation.

4.7.2 End-to-End Training Performance

Training throughput. Figure 4.12 shows end-to-end training performance of Entrain and
the baselines using various datasets and models. The main performance improvement of En-
train over the baselines comes from two factors. First, Entrain’s macroscopic profiling based
parallel configuration is close to the optimal parallel, removing fragmented pipeline bub-
bles across modality pipeline stages. Second, Entrain’s hierarchical microbatch assignment
balances the workload between microbatches, which is not possible with static microbatch
partitioning. Combined, Entrain achieves up to 1.40x faster end-to-end training through-
put. We also visualize one iteration of the pipeline schedule of Entrain and the baselines in
Figure 4.13. Entrain shows balanced workload distribution between modalities and micro-
batches.

Memory consumption. Figure 4.14 shows the memory consumption of the baselines and
Entrain for SynthChartNet dataset on Qwen2.5Vision+Llama3-3b VLM. Entrain’s deferral
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Figure 4.12: End-to-end training performance of Entrain and the baselines.

optimization temporarily stores encoder activations in the pipeline buffer and thus requires
more memory than non-deferral pipeline schedules. However, increased memory consump-
tion is minuscule because pairwise schedule only holds encoder activations for up to a single
microbatch interval, and activation memory is very small compared to the total memory
consumption. Rather, more balanced workload distribution between modalities and micro-
batches makes Entrain’s memory consumption more stable than the baselines, as shown in
Figure 4.14c. DistTrain (Figure 4.14a), even though it follows 1F1B as Entrain, shows much
more memory variability than Entrain due to imbalanced workload distribution, ending up
with much higher peak memory consumption. Meanwhile, DIP’s scheduling processes all
modality encoder forward passes before executing the LLM, and starts modality encoder
backward pass after all LLM execution is done, as shown in Figure 4.2c¢. This requires much
more memory (~12GB in rank 7) than DistTrain and Entrain to maintain encoder acti-
vations until they are freed during encoder backward pass, as shown in Figure 4.14b. See

Appendix C.4 for memory consumption of other configurations.
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(c) Entrain pipeline schedule visualization.

Figure 4.13: Pipeline schedule visualization of Entrain and the baselines on SynthChartNet
dataset on Qwen2.5Vision+Llama3-3b VLM.

4.7.3 Analysis of Macroscopic Profiling

We analyze how the macroscopic profiling affects derivation of the workload ratio and paral-
lel configuration. We draw k = 59 batches — providing 95% confidence level with pe,ror = 5%
— with different batch sizes from the datasets and compute the workload ratio between
modalities for each batch using the cost model and the metadata of the samples. Ta-
ble 4.2 shows the workload ratios shown in Bernoulli trials for SynthChartNet dataset on
Qwen2.5Vision+Llama3-3b VLM. Across all datasets, smaller batch sizes show more vari-
ability in the workload ratio, which leads to more variability in GPU allocation to the
modalities. Depending on which samples are drawn, smaller batch sizes may allocate GPUs
to the encoder and the LLM in different proportions (e.g., 10:6 or 6:10), while the true

dataset workload ratio mean is 1.27:1. Different trial data are shown in Appendix C.5.
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Figure 4.14: Memory consumption of different schedules for SynthChartNet dataset on
Qwen2.5Vision+Llama3-3b VLM.

Sensitivity analysis to macroscopic profiling quality. To demonstrate the impact
of parallel configuration quality on performance, we profile Entrain under varying parallel
configurations, with results shown in Figure 4.15 (Appendix C.6 for other datasets). The
throughput of Entrain drops significantly by 85% if a bad parallel configuration is used, while
the parallel configuration derived from the macroscopic profiling with profiling size 256 — the
black bars — is the best.

4.7.4 Effect of Hierarchical Microbatch Assignment to Variability

We evaluate how modality workload fluctuates across microbatches due to data variabil-

ity, and how much the deferral optimization mitigates the imbalance. Figure 4.16 shows
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Table 4.2: Workload ratios in Bernoulli trials of SynthChartNet dataset in
Qwen2.5Vision+Llama3-3b VLM using 16 GPUs.

Batch Size Trial Pass | Ratios Shown (Vision:LLM)

1 X 10:6, 9:7, 8:8, 7:9, 6:10

4 X 9:7, 8:8, 7:9

16 X 9:7, 88, 7:9

64 v 8:8

256 v 8:8

1.85X
g 30000 -
-~ 1.66x
o 1.26x 1.16%
'E 20000 1 |.16x 1.18x 1.07
- ' 1.04%
iel
© 10000 -
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Figure 4.15: Sensitivity analysis on SynthChartNet dataset. Ratios are encoder-to-LLM
workload ratios.

the variability of forward time of each modality in VLMs (Qwen2.5Vision, LLama3-1b,
and LLama3-3b) across microbatches in SynthChartNet dataset (Appendix C.7 for other
datasets). Each microbatch’s forward time is computed as the sum of forward time of all
corresponding pipeline stages. DistTrain’s heuristic microbatch reordering algorithm focuses
on mitigating pipeline bubbles from the holistic view, hence it fails to address the data
variability between microbatches and shows high variability in both vision and LLM forward
time. Entrain shows both vision and LLM forward time much more stable than the baselines.
More details in numerical values are shown in Table 4.3. Low variability in vision forward
time is due to the stratified sample assignment in the first phase of deferral optimization. We
do not statically assign samples to have homogeneous number of samples per microbatch,
but assign different number of samples to each microbatch to balance the encoder workload.
Encoder workload-focused assignment breaks the balance of LLM workload, but the deferral
optimization mitigates the imbalance. Because Entrain defers LLM workload as atomically —
not partitioning a sample into multiple chunks and deferring only a part of the sample — the

deferral does not fully address the imbalance. Yet, the deferral optimization still mitigates
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Table 4.3: Standard deviation (std) of forward time of modalities in different pipeline sched-
ules and datasets.

Synth
ChartNet ChartQA  CocoQA Llava-150k
DistTrain 208.07 61.34 22.82 17.98
Vision DIP 102.13 73.42 28.79 14.82
Entrain 19.60 15.23 22.11 8.11
DistTrain 77.92 61.34 22.82 17.98
Llama 1b DIP 37.45 73.42 28.79 14.82
Entrain 18.79 15.23 22.11 8.11
DistTrain 164.55 35.44 5.37 32.92
LLama 3b DIP 84.36 40.56 7.7 33.27
Entrain 40.24 25.72 5.52 31.66

the imbalance significantly.

4.8 Related Work

Large-scale distributed training. Driven by the scaling law [65], distributed training
frameworks such as Megatron-LM [102], DeepSpeed [125], Colossal-Al [76], and TorchTi-
tan [81] have enabled 1T+-parameter model training [165, 5]. As the focus shifts toward
larger datasets and longer contexts [46], context parallelism has been proposed to distribute
long sequences across GPUs [77, 43, 150, 4, 151].

Distributed multimodal LLM training. DistMM [49] is among the earliest works on
distributed multimodal training, targeting CLIP-like models without LLM backbones. Dist-
Train [173], Optimus [34], Cornstarch [56], and DIP [163] tackle the heterogeneity between
modality encoders and the LLM backbone; Cornstarch additionally handles structural char-
acteristics such as frozen parameters and non-causal attention. None of these systems,
however, fully addresses dataset variability at both the profiling and execution granularities.
Dataset heterogeneity and variability. HotSPa [37] and ByteScale [35] address se-
quence length variability in unimodal LLM training via dynamic parallelism reconfiguration,
but assume a single axis of variability. In MLLM training, each modality follows its own
independent distribution yet is coupled within each sample, making the inter-modality work-
load ratio chaotic at fine granularities. DistTrain [173] reorders samples to reduce pipeline
bubbles but remains oblivious to intra-sample modality coupling; DIP [163] interleaves en-
coder and LLM pipeline stages but incurs high memory overhead from retained activations.
These works overlook that the modality workload ratio converges to a stable mean at global

batch scale, a property that neither demands dynamic reconfiguration nor can be captured

82



—— DistTrain — DIP —— Entrain

T T T T T T
5 10 15 20 25 30
Microbatch index Microbatch index

N
o
o

=
o
o

Forward time (ms)

Forward time (ms)

L

(a) Qwen2.5Vision (left) and Llama3-1b (right) forward time variability across microbatches.

400 4 )
( A.%—/ 4

VA
5 10 15 20

T T
25 30

1000 A

Forward time (ms)

Forward time (ms)

Microbatch index Microbatch index

(b) Qwen2.5Vision (left) and Llama3-3b (right) forward time variability across microbatches.

Figure 4.16: Variability of modality forward time across microbatches in SynthChartNet
dataset on VLMs. Each line represents a DP replica.

by micro-level profiling.

4.9 Conclusion

In this paper, we presented Entrain, a distributed MLLM training framework that addresses
both heterogeneity and variability in multimodal training workloads. Entrain counters the
intuition that dynamic model-parallel configuration is necessary for MLLMs with data vari-
ability by demonstrating that at the macroscopic scale, the aggregate workload ratio between
modalities reliably converges to a stable constant. Entrain also addresses the fundamental
limitation of variability at the microscopic scale by proposing a hierarchical microbatch as-
signment algorithm that defers excess workload within each iteration, stabilizing execution
time across microbatches. Entrain outperforms the baselines in end-to-end training through-

put by up to 1.40x, reducing workload variability across microbatches by up to 10.6x.
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CHAPTER 5

Conclusion

The explosive growth of large-scale multimodal foundation models has made distributed
training across thousands of GPUs not merely advantageous but strictly necessary. Yet the
very scale that makes such training possible also makes it fragile. The aggregate probability
of hardware failure grows with cluster size, and the heterogeneous computational footprints
of diverse modalities create persistent workload imbalance. Because all devices in a hybrid-
parallel training job are bound by collective synchronization barriers, both forms of variance
directly translate into systemic idle time: resource variability — the constantly shifting pool
of available GPUs as hardware fails and recovers — can bring the entire cluster to a halt,
while workload heterogeneity and variability — the heterogeneous and fluctuating compu-
tational footprints imposed by diverse modalities — creates persistent straggler effects that
degrade end-to-end throughput. This dissertation presents three complementary systems
that together neutralize this intertwined heterogeneity and variability to achieve efficient
and robust distributed multimodal training.

Oobleck (Chapter 2) addresses resource variability by composing heterogeneous pipeline
templates that always map all surviving GPUs onto a valid hybrid-parallel layout; upon
failure, missing model states are copied from surviving replicas and the batch is rebalanced
proportionally, providing continuous fault-tolerance without checkpointing or idle backup
GPUs. Cornstarch (Chapter 3) introduces higher-order heterogeneity and variability in mul-
timodal training by considering the frozen status of model components to balance the pipeline
stages in pipeline parallelism, and by proposing a workload-aware context parallelism algo-
rithm that evenly distributes dynamic non-causal attention patterns across GPUs. Entrain
(Chapter 4) observes multimodal workload heterogeneity is variable across iterations, and
addresses it in two ways. Across iterations, counterintuitively, variability of workload ratio
between modalities converges to a stable constant at the macroscopic scale, which allows a
single static parallel configuration derived from macroscopic batch-level profiling to suffice

for optimal load balancing. Within an iteration, variability is re-exposed at the microscopic
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scale, which is exposed when a batch is split into microbatches in pipeline parallelism. En-
train addresses this with a hierarchical microbatch assignment and deferral optimization to
stabilize variability across microbatches.

The remainder of this chapter reflects on lessons learned from building these three systems

(§5.1) and discusses promising directions for future work (§5.2).

5.1 Lessons Learned from Building Adaptive Multimodal
Training Systems

5.1.1 Neither Offline Nor Online Planning Alone Is Enough

A first lesson is that large-scale multimodal training cannot rely exclusively on either offline
planning or online adaptation. We initially expected that profiling a model and its work-
load before training would yield a parallel configuration that remains effective throughout
execution. In practice, every system in this dissertation encountered a form of variability
that invalidated that expectation. Node failures change the GPU pool in Oobleck, input-
dependent attention patterns shift the per-token workload in Cornstarch, and the modality
ratio within microbatches fluctuates in Entrain. The natural alternative — recomputing the
parallel configuration online whenever conditions change — proved equally impractical. Solv-
ing the partitioning, scheduling, or assignment problem from scratch at every batch is too
expensive to keep off the critical path of training.

What we learned is that the key design decision is not whether to be static or adaptive,
but where to draw the boundary between the two. In Oobleck, offline-generated pipeline tem-
plates reduce the runtime search to a composition problem over pre-validated layouts; online
adaptation then only selects among those compositions when the resource pool changes. In
Cornstarch, an offline frozen-status-aware pipeline partition eliminates the most expensive
balancing decisions; online adaptation handles only the residual, input-dependent attention
imbalance through a lightweight heuristic that can be prefetched. In Entrain, macroscopic
profiling shows that the workload ratio converges at the batch level, making a single static
parallel configuration sufficient across iterations; online adaptation is needed only within an
iteration, where microbatch-level variability is resolved through a deferral plan.

Looking back, the shared insight is that the offline step should absorb as much of the
problem as the stable structure of the workload allows, leaving the online step with a small,
well-bounded residual. When the online part is small enough, it can be made infrequent,

overlapped with computation, or prefetched, thus keeping it off the critical path entirely.
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5.1.2 Multimodal Workloads Expose Assumptions Worth Revis-
iting

A second lesson is that the largest gains in each system came not from optimizing within
the boundaries of existing distributed training abstractions, but from discovering that mul-
timodal workloads violate assumptions those abstractions silently encode. In each case, we
began with a standard abstraction, found that it produced unexpected inefficiency under
multimodal training, and traced the inefficiency back to an assumption that had been invis-
ible under unimodal workloads.

Three assumptions turned out to be wrong. First, we assumed that fault tolerance requires
explicitly added redundancy, whether through periodic checkpointing or redundant compu-
tations. Building Oobleck revealed that data-parallel training already maintains redundant
model states across replicas during normal execution; once we recognized this, recovery could
reconstruct missing states from surviving replicas without any added redundancy. Second,
we assumed that pipeline balance depends primarily on the FLOP count of each stage, and
that distributing tokens uniformly across GPUs is sufficient for context parallelism. Build-
ing Cornstarch showed that frozen components eliminate backward computation for certain
stages and that non-causal attention makes per-token work highly irregular — two properties
that are invisible when all components are trainable and attention is causal, but that create
severe imbalance in multimodal model training. Third, we assumed that a microbatch is an
indivisible unit: every modality processes the same set of data elements together. Building
Entrain showed that decoupling microbatch boundaries across modalities and deferring ele-
ments between microbatches can substantially improve load balance, turning the microbatch
from a fixed constraint into a degree of freedom.

The broader lesson for future multimodal systems is to audit the assumptions inher-
ited from any distributed training abstraction. Multimodal workloads introduce structure
— frozen components, non-causal attention, or variable modality ratios — that standard ab-
stractions were not designed to exploit, and redesigning around that structure is often where

the largest efficiency gains are found.

5.2 Future Directions

5.2.1 Extending Adaptation to Inference and Serving

This dissertation focuses on distributed “training”, where heterogeneity and variability arise

from changing hardware availability and fluctuating multimodal workloads. However, as
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foundation models are increasingly used through test-time scaling, tool use, and agentic
workflows, inference and serving are becoming equally important targets for systems opti-
mization and ML performance improvement. In these settings, variability is not limited to
the input batch. The system often does not know in advance how many output tokens a
request will generate, how many reasoning steps will be taken, which tools will be invoked, or
how many agents will participate in solving a task. As a result, the amount of work created
by each request can evolve dynamically during execution.

This form of unpredictability makes inference scheduling fundamentally different from
training scheduling. Training repeatedly executes a mostly fixed computation graph, allowing
systems to exploit repetition, amortize profiling costs, and plan around stable aggregate be-
havior. Inference and serving workloads, by contrast, are often interactive, latency-sensitive,
and shaped by decisions made during generation. Optimizing such systems therefore requires
scheduling mechanisms that can react to newly revealed work while still maintaining high
accelerator utilization and meeting service-level objectives. The principles explored in this
dissertation, especially the separation between what can be planned offline and what must
be adapted online, suggest a promising starting point. Future systems can extend these ideas
to design serving schedulers that reason about uncertainty in token generation, agent coordi-
nation, and tool execution, opening a new direction for adaptive systems beyond distributed

training.

5.2.2 Adaptive Compilation for Variable Workloads

Another important direction is to reconcile adaptive execution with machine learning compi-
lation. The systems in this dissertation rely on adaptation to address resource and workload
variability, but this style of adaptation is not naturally compatible with current compilation
techniques. Modern ML compilers and megakernel approaches can significantly improve per-
formance by fusing operations, reducing memory traffic, and avoiding hardware bottlenecks.
To generate the most efficient code, however, compilation often benefits from knowing shapes,
schedules, communication patterns, and execution structure in advance. This assumption
conflicts with the adaptive strategies in this dissertation, where the best execution plan may
depend on conditions revealed only at runtime, such as failures, input-dependent attention
patterns, or microbatch-level workload variation.

Both sides of this tension are essential for future high-throughput systems. Adaptation is
needed because large-scale ML workloads are increasingly variable and unpredictable, while
compilation is needed because accelerator performance increasingly depends on carefully op-

timized kernels and data movement. A promising research direction is therefore adaptive

87



compilation, where compilation and runtime scheduling are designed together. Such sys-
tems could compile families of execution plans, generate kernels parameterized by workload
structure, or trigger lightweight recompilation when runtime behavior moves outside the
planned regime. By combining the robustness of adaptation with the efficiency of compila-
tion, adaptive compilation can help future distributed ML systems sustain high throughput

under real-world variability.
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APPENDIX A

Oobleck Appendix

A.1 Proof of Nodes Specification Covering All Nodes

We prove the following theorem which shows a finite set of p number of pipeline templates,
where the number of nodes is (ng, nq,...,ny_1) (n; < n;41), can fully cover the node cluster
with feasible number of nodes N’ any time irrespective of how many failures happen on the

cluster as long as its feasibility holds.

Theorem 1. N’ nodes ((f + 1)ng < N' < N) can always be represented as a linear com-
bination of the p pipeline templates with (ng,ny,...,n,—1) number of nodes, respectively, if

the following two conditions are satisfied:
1. p>mng—1.

2. n; are consecutive integers (n; + 1 =mn;.1) .

Proof. We first formulate an integer linear combination to represent N':

N/ =xoNg +T N1+ ... y Tp—1Mp—1 (Al)

where x; is the number of pipelines to be instantiated from the pipeline template with n;
number of nodes.
The Frobenius number g(ng, ny, ..., n,-1), the largest number that cannot be represented

as a linear combination of Equation A.1, has proven to be:

o= (|55 ) et "

if the integer set (ng, ni1,...,np_1) is an arithmetic sequence, i.e., n; = ng + d(i — 1) [124].

When we apply both Requirements 1 and 2, g = ng — 1. Fault tolerance threshold

f is a non-negative integer; the minimum feasible number of nodes N’ = (f + 1)ng is no.
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Therefore, any feasible N’ that is larger than ¢ and can be represented as a linear combination
of Equation A.1. n

A.2 Proof of Guarantee for Pipeline Template Availability
When Merging Pipelines

We first show this when failures happen in a single pipeline. When we lose k& nodes (k > 0)
from a pipeline, where all pipelines have ng nodes and are not able to yield any node, Oobleck
instantiates a new pipeline with 2ny — k£ nodes by merging it with another ng-node pipeline.

We prove that a pipeline template with 2ny — k nodes is always available.

Theorem 2. A set of pipeline templates always includes a pipeline template with 2ng — k
nodes (2ng — k > ng).

Proof. A set of pipeline templates has pipeline templates with up to N — fng nodes (§2.4.1.1).
Assume that we do not have a pipeline template with 2ny — k& number of nodes specification,
then N — fng < 2ny —k and N < (f +2)ng — k are assumed to be true. To not break the
fault tolerance threshold that we maintain at least f + 1 model replicas after merging two
pipelines, we must have at least f + 2 replicas, i.e., we should have had at least (f + 2)ng
nodes before failures. Since the initial number of nodes N is always larger than the number
of currently remaining nodes, N > (f + 2)ng inequality holds and it contradicts our initial

assumption. Therefore, we have a pipeline template with 2ny — k£ number of nodes. O

When failures happen across several pipelines, multiple pipelines can have less than ng
nodes. Oobleck repeatedly merges two pipelines until a new pipeline has enough number of
nodes. Assume we merged m pipelines to get enough number of nodes, i.e., 327" n, > ng.
It means merging m — 1 pipelines was not enough to get ng nodes, i.e., > n,. < no. With
Ny, < ng, we have an inequality ng < 370" n,, +n,, < 2ng. It has already been proved by

Theorem 2 that we have a pipeline template for all numbers in the range.

A.3 Throughput of All Models in Spot Instances

Figure A.1 shows throughput of unpresented models in the paper due to lack of space, running
on Amazon EC2 P3 spot instances and Google a2-highgpu-1g spot instances. Varuna could
avoid fallback overhead by successfully checkpointing ahead of preemption in small models,
(e.g., BERT-large, GPT-2, and GPT-3 medium), thus Varuna throughput matches Oobleck

on average. However, in large models, Oobleck outperforms it. Note that lines are smoothed

90



-=-=- Bamboo —— Varuna == Qobleck

B
o N
S v
w &
= =)

Throughput (sample / second)
N
o

Throughput (sample / second)
<
&

Throughput (sample / second)

Throughput (sample / second)

50
10
OB IAMRASE Mg oo " 2512 ORI tvrrs oo W
0 - 0 0 0
0 6 12 0 6 12 0 2 4 6 8 10 11 0 2 4 6 8 10 11
Time (hours) Time (hours) Time (hours) Time (hours)
(a) GPT-2in P3.  (b) GPT-3 Medium in(c) GPT-2 in(d) GPT-3 Medium in
P3. a2-highgpu-ig. a2-highgpu-1ig.

Figure A.1: GPT-2 and GPT-3 medium throughput changes in Amazon EC2 P3 and Google
a2-highgpu-1g instances.

for visibility and do not precisely represent throughput. Varuna has more spikes down to 0
throughput in reality thus has less throughput.
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APPENDIX B

Cornstarch Appendix

B.1 Cornstarch Programming Interface

Listing B.1 shows the programming interface of Cornstarch. MultimodalModule is a wrap-
per class that contains the modality encoders and the LLM that can be executed standalone
without parallelization specifications (line 7). Cornstarch accepts parallelization specifica-
tions for each modality encoder and the LLM (line 18 to line 20). The parallelization spec-
ifications are passed to MultimodalParallelModule, which is a wrapper class that contains
the specification and more hyperparameters required for distributed training (line 24). After

creating a distributed MLLM, users can call execute method to run the training (line 39).

B.2 Supported Models

Table B.1 lists the supported models in Cornstarch at the time of writing. However, Corn-

starch is not limited to these models; those in the table are just the ones we have tested.

B.3 Workload-Balanced Context Parallelism

Figure B.1 shows context parallelism results with smaller sequence lengths than 64k. Sim-
ilar patterns as in Table 3.3 are observed. Intra-GPU balance balances workloads of long
sequences across SMs within each GPU. While inter-GPU balance, if applied alone, is worse
than context parallelism optimized for causal attention, it provides further optimized per-

formance when combined with intra-GPU balance.

B.4 Context Parallelism Using Multiple Streams

Using multiple streams in CUDA can improve performance by allowing concurrent execu-

tion of multiple attention head computations. It does improve performance by overlapping
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Listing B.1: Cornstarch APIs for distributed MLLM training.

1 # Load unimodal models

2 vis = SiglipVisionModel.from_pretrained("...")

3 aud = WhisperEncoder.from pretrained("...")

4 1lm = LlamaForCausallM.from_pretrained("...")

)

6 # Create an MLLM with modularity information

7 mllm = MultimodalModule(

8 encoders = {

9 "vision": EncoderModule(vis, proj="mlp"),
10 "audio": EncoderModule(aud, proj="linear"),
11 # ... more encoders
12 ¥,

13 language_model = 1lm,
14 )
15

16 # Define parallel spec per modality
17 # either by manually or by automatically
18 vis_spec = ParallelSpec(...)

19 aud_spec = ParallelSpec(...)
20 1lm_spec = ParallelSpec(...)
21

22 # Parallelize the MLLM
23 torch.distributed.init_process_group(...)
24 dist_mllm = MultimodalParallelModule(

25 mllm,

26 modality_parallelism="parallel",
27 encoder_specs={

28 "vision": vis_spec,

29 "audio": aud_spec,

30 # ... more encoders

31 3,

32 language_model_spec=11lm_spec,
33 num_microbatches=...,

34 microbatch_size=...,

35 )

36

37 # Run distributed training of MLLM
38 for batch in dataloader:

39 output = dist_mllm.execute(batch)
40 optimizer.step()

41 optimizer.zero_grad()
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Table B.1: Supported models in Cornstarch.

Modality Model Names
LLM  Llama (3, 4) [4], Mistral [61], Mixtral [62], Gemma (1, 2) [24, 23, 25], Qwen
(2, 2.5, 3) [166], Phi (3, 4) [95], InternLM2 [13]
Vision , - .
Encoder CLIP [118], Dinov2 [109], Siglip [168], EvaCLIP [134], Pixtral [2],
Qwen2Vision [149]
Audio : . . .
Encoder Whisper [119], Qwen2Audio [18], Phi4Audio [1]

Table B.2: Model execution time with inter-GPU balancing + using multiple CUDA streams.

Causal Inter-GPU
Time (ms) Balance +  Cornstarch
CP .
Multistreams
LLM-S | 5541.25 5294.12 4856.60
LLM-M \ 24534.50 23794.29 22815.79
LLM-L | 77378.44 76457.72 74864.71

attention head computations in the middle of each attention layer as presented in Table B.2.

However, in Figure B.2, spikes are still observed at the end of every attention iteration, as

the last attention head computation cannot be overlapped with the next head.
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(a) Workload-balanced context parallelism with 32k sequence

Causal

Inter-GPU Intra-GPU

Time (ms) Balance Balance Cornstarch
CP
Only Only

LLM-S Attn 66.00 74.44 57.65 57.32
) Model 1858.73 1976.68 1731.12 1705.38
LLM-M Attn 113.37 127.46 111.17 105.16
) Model 8345.84 8789.94 8213.21 8029.79
LLM-L Attn 148.75 159.39 141.85 143.28
} Model | 29372.62 30234.54 28767.26 28518.80

(b) Workload-balanced context parallelism with 16k sequence

Causal

Inter-GPU Intra-GPU

Time (ms) Balance Balance  Cornstarch
CP
Only Only

LLM-S Attn 23.54 24.26 17.61 18.23
i Model 800.29 802.07 691.22 705.14
LLM.M Attn 40.01 40.72 35.35 34.47
" Model | 3682.71 3700.22 3467.52 3491.53
LLM.L Attn 48.02 50.77 44.74 41.41
" Model | 13089.76  13184.58 12677.96 12628.59

Figure B.1: Workload-balanced context parallelism with different sequence lengths.
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Figure B.2: CU activity analysis with inter-GPU balancing + multiple CUDA streams.
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APPENDIX C

Entrain Appendix

C.1 Termination Proof for the Loop

This appendix proves that the loop in Algorithm 2 terminates in finitely many iterations.
Setup. Let each training sample ¢ contribute a workload vector w; = (Wencoderi, WLLM.i);
where Wencoder,i and wrm,; are the workloads of the vision encoder and LLM for that sample

(following the notation of Section 4.5). Project w; onto the scalar workload ratio:

r; = Wencoder e [0,1] (C.1)
Wencoder,i T WLLM,i
which governs the proportional GPU allocation. Let vy = E[r;] denote the population mean.
Each iteration of the algorithm draws n independent and identically distributed samples and
computes the sample mean 7,,.
Termination proof. Since r; € [0,1] are i.i.d. bounded random variables, the Strong
Law of Large Numbers guarantees that the sample mean converges to the true mean with
probability 1:
Tn — Uy asn — oo. (C.2)

The proportional GPU allocation function ((-) is piecewise constant: it rounds the continu-
ous ratio to the nearest integer split, producing a finite number of breakpoints in [0, 1]. Let
d > 0 denote the distance from vy to the nearest breakpoint. This is positive as long as
vy does not fall exactly on a breakpoint, which holds for any continuously-valued workload
distribution.

By Equation C.2, there exists a finite threshold n* such that for all n > n*, every in-
dependently drawn batch of size n satisfies |r,, — vy| < d, and hence produces the same
allocation Q(7,) = Q(vw). Therefore, once n reaches n*, all k& Bernoulli validation draws
agree with the reference batch, IsStable = True, and the loop returns. The loop terminates

in finitely many doublings.
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Convergence rate. The above argument does not specify the value of n*. Under the
Central Limit Theorem approximation, one can show n* < (6 0,,,/d)?, at which point the
probability of any single batch producing a different allocation falls to ~ 0.0000002%. In
practice, the Bernoulli test passes at batch sizes far smaller than this bound, as shown

empirically in Appendix C.5.

C.2 Probabilistic Proof of Configuration Stability

This appendix formalizes the guarantee used in Section 4.4.2. The argument has two steps.
Section C.2.1 bounds the probability that a random profiling batch of size n yields a config-
uration different from the observed reference allocation. Section C.2.2 then shows that the
same decision remains valid for any larger batch size b > n, in particular the runtime global

batch size By, because the workload-ratio estimator concentrates as batch size grows.

C.2.1 Bounding the Error Rate at Batch Size n

Let C,cr denote the discrete allocation returned by the first reference batch of size n under
the chosen data-parallel degree DP. For each subsequent independent validation batch of
size n, let C), denote the allocation returned by the same procedure. Define the failure event
as Cp, # Crey, and let

Perror = P1(Chy # Crey | Crey) (C.3)

be the probability that a fresh size-n batch yields a different allocation than the observed
reference allocation.
After fixing the reference batch, running the procedure on k additional independent vali-

dation batches gives k£ Bernoulli trials. The probability of observing zero failures is:
Pr(0 errors in k trials) = (1 — perror )" (C.4)

For observing zero failures to constitute significant evidence against an error rate of peyror,

we require (1 — Perror)® < . Solving the boundary case for the minimum number of trials:

k= Ln(lln(a)l (C.5)

— Perror )

Therefore, observing identical configurations across k£ independent validation trials allows
the system to state with confidence 1 — a that a random batch of size n will differ from
the observed reference allocation C,.y with probability at most peror. For example, with

a = 0.05 and perror = 0.05, the required number of trials is k£ & 59.
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C.2.2 Lifting the Guarantee from n to Larger Batch Sizes

Section C.2.1 only certifies stability for random profiling batches of size n relative to the
observed reference allocation C,.;. However, the configuration is used at training time for
larger global batches, so we must show that the same decision remains valid at those larger
scales.

Let each sample i contribute a workload vector w; = (Wencoder.i» WrLms). Let p = E[wy]
and ¥ = Cov(w;). For any batch size b > n, the estimated macroscopic workload ratio is

derived from the sample mean
1 b
i=1

Assuming independent and identically distributed sampling, its covariance scales as
_ 1
Cov(wy) = EZ. (C.7)

Thus, the estimator becomes more concentrated as b grows.

Now consider the mapping from the continuous workload ratio to a discrete configuration.
Because GPUs are indivisible, this mapping partitions the workload space into piecewise-
constant decision regions. Let V(C,.s) denote the region that maps to the observed reference
allocation Cj.;.

From the binomial argument in Section C.2.1, the estimator at batch size n already lands

in this region with high probability:
Pr(w, € V(Cref) | Cref) > 1 = Perror- (C.8)

Because proportional allocation maps continuous workload ratios to integer GPU counts
via rounding, each decision region V(C,.y) is a convex polytope. Moreover, the high success
rate established above implies that the population mean p lies in the interior of V(Cyep): if
p were outside or near the boundary of V(C,.y), the size-n estimator would frequently land
outside the region, contradicting the Bernoulli test.

For any b > n, the estimator w;, shares the same mean p but has strictly smaller covariance
X/b < ¥ /n. Because p lies in the interior of the convex region V(C,.y), concentrating more
tightly around p can only increase the probability of remaining in V(C,.s). The allocation
selected from profiling batches of size n therefore remains valid for any larger batch size,
including the runtime global batch size By and, as a limiting case, the full dataset size
N.

Once a modest profiling batch size n is large enough that repeated random draws agree
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Table C.1: Parallel configurations of Entrain and the baselines on various datasets.

| | DistTrain/DIP /Entrain
‘ ‘ LLaVA-150k ‘ ChartQA ‘ CocoQA

Qwen2Vision | E.PP 5/8/4 5/8/5 4/8/5
Llama3-1b | LPP |  3/8/4 3/8/3 | 4/8/3
Qwen2Vision | E.PP 4/8/3 4/8/4 4/8/3
Llama3-3b | L.PP |  4/8/5 4/8/4 | 4/8/5

on the same discrete allocation, averaging over any larger batch only reinforces that decision.

C.3 Parallel Configurations

Table 4.1 shows the parallel configuration of Entrain and the baselines on Qwen2.5Vision +
Llama3-1b VLM and Qwen2.5Vision + Llama3-3b VLM. Note that for DIP, vision stages
and LLM stages are colocated.

C.4 Pipeline Schedule Memory Consumption

C.4.1 Qwen2.5Vision 4+ Llama3-1b

Figure C.1, Figure C.2, Figure C.3, and Figure C.4 show the pipeline schedule mem-
ory consumption of SynthChartNet, LLaVA-150k, ChartQA, and CocoQA datasets on
Qwen2.5Vision + Llama3-1b VLM.

C.4.2 Qwen2.5Vision + Llama3-3b

Figure C.5, Figure C.6, Figure C.7 show the pipeline schedule memory consumption of
LLaVA-150k, ChartQA, and CocoQA datasets on Qwen2.5Vision + Llama3-3b VLM.

C.5 Workload Ratios in Bernoulli Trials

C.5.1 Qwen2.5Vision + Llama3-1b

Table C.2, Table C.3, Table C.4, and Table C.5 show the workload ratios in Bernoulli trials
of SynthChartNet, LLaVA-150k, ChartQA, and CocoQA datasets using Qwen2.5Vision +
Llama3-1b.
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Figure C.1: SynthChartNet on Qwen2.5Vision+Llama3-1b VLM.

Table C.2: Workload ratios in Bernoulli trials of SynthChartNet dataset using Qwen2.5Vision
+ Llama3-1b.

Ba‘tch Lrial Ratios Shown (Vision:LLM)
Size  Pass
1 X 11:5, 10:6, 9:7
4 X 11:5, 10:6, 9:7
16 X 11:5, 10:6
64 v 10:6
256 v 10:6
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Figure C.2: LLaVA-150k on Qwen2.5Vision+Llama3-1b VLM.

Table C.3: Workload ratios in Bernoulli trials of LLaVA-150k dataset using Qwen2.5Vision
+ Llama3-1b.

Ba‘tch Lrial Ratios Shown (Vision:LLM)
Size  Pass
1 X 10:6, 9:7, 8:8
4 X 10:6, 9:7, 8:8
16 X 9:7, 8:8
64 v 9:7
256 v 9:7
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Figure C.3: ChartQA on Qwen2.5Vision+Llama3-1b VLM.

Table C.4: Workload ratios in Bernoulli trials of ChartQA dataset using Qwen2.5Vision +
Llama3-1b.

Ba‘tch Lrial Ratios Shown (Vision:LLM)
Size  Pass
1 X 10:6, 9:7
4 X 10:6, 9:7
16 v 10:6
64 v 10:6
256 v 10:6
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Figure C.4: CocoQA on Qwen2.5Vision+Llama3-1b VLM.

Table C.5: Workload ratios in Bernoulli trials of CocoQA dataset using Qwen2.5Vision +
Llama3-1b.

Ba‘tch Lrial Ratios Shown (Vision:LLM)
Size  Pass
1 X 10:6, 9:7
4 X 10:6, 9:7
16 v 10:6
64 v 10:6
256 v 10:6

104



—— Rank0 —— Rank2 —— Rank4 —— Rank6
—— Rankl —— Rank3 —— Rank5 —— Rank7

Allocated Memory (MB)

Iteration 0 Iteration 1 Iteration 2 Iteration 3 Iteration 4

(a) Memory consumption of 1F1B pipeline schedule.

8.0
8 6.0
fal
S 4.0
€
()
= 2.0 A
Iteration O Iteration 1 Iteration 2 Iteration 3 Iteration 4
(b) Memory consumption of DIP pipeline schedule.
8.0 1
8 6.0
)
O 4.0
€
()
= 50

Iteration 0 Iteration 1 Iteration 2 Iteration 3 Iteration 4

(¢) Memory consumption of Entrain pipeline schedule.

Figure C.5: LLaVA-150k on Qwen2.5Vision+Llama3-1b VLM.

C.5.2 Qwen2.5Vision + Llama3-3b

Table C.6, Table C.7, and Table C.8 show the workload ratios in Bernoulli trials of LLaVA-
150k, ChartQA, and CocoQA datasets using Qwen2.5Vision + Llama3-3b.
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Figure C.6: ChartQA on Qwen2.5Vision+Llama3-1b VLM.

Table C.6: Workload ratios in Bernoulli trials of LLaVA-150k dataset using Qwen2.5Vision

+ Llama3-3b.

Ba‘tch Lrial Ratios Shown (Vision:LLM)
Size  Pass
1 X 7:9, 6:10, 5:11
4 X 7:9, 6:10
16 X 7:9, 6:10
64 X 7:9, 6:10
256 v 79
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Figure C.7: CocoQA on Qwen2.5Vision+Llama3-1b VLM.

Table C.7: Workload ratios in Bernoulli trials of ChartQA dataset using Qwen2.5Vision +
Llama3-3b.

Ba‘tch Lrial Ratios Shown (Vision:LLM)
Size  Pass
1 X 8:8, 7:9
4 v 8:8
16 v 8:8
64 v 8:8
256 v 8:8
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Table C.8: Workload ratios in Bernoulli trials of CocoQA dataset using Qwen2.5Vision +
Llama3-3b.

Ba‘tch Irial Ratios Shown (Vision:LLM)
Size  Pass
1 X 8:8, 7:9
4 v 8:8
16 v 8:8
64 v 8:8
256 v 8:8

C.6 Sensitivity Analysis

Figure C.8, Figure C.9, and Figure C.10 show the sensitivity analysis of the profiling batch
size on LLaVA-150k, ChartQA, and CocoQA datasets.
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Figure C.8: Sensitivity analysis of the profiling batch size on LLaVA-150k dataset.
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Figure C.9: Sensitivity analysis of the profiling batch size on ChartQA dataset.
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Figure C.10: Sensitivity analysis of the profiling batch size on CocoQA dataset.

C.7 Variability of Modality Forward Time Across Micro-
batches

Figure C.11, Figure C.12, and Figure C.13 show the variability of modality forward time
across microbatches in LLaVA-150k, ChartQA, and CocoQA datasets.
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(c) Llama3-3b on LLaVA-150k dataset.

Figure C.11: Variability of modality forward time across microbatches in LLaVA-150k
dataset.
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Figure C.12: Variability of modality forward time across microbatches in ChartQA dataset.
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Figure C.13: Variability of modality forward time across microbatches in CocoQA dataset.
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