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Abstract

Efficient distributed training with subnetworks

Zafir Khalid

Pre-training large neural networks at scale places significant memory and
communication demands on modern accelerators. As model sizes continue to grow
faster than available device memory, efficiently distributing training across multiple
hardware devices has become increasingly challenging. In practice, this challenge is
shaped not only by theoretical scaling limits but also by system-level constraints such

as network bandwidth, parameter redundancy, and computational overhead.

This thesis investigates a novel distributed training approach termed Model
Parallelism with Subnetwork Data Parallelism, which introduces Subnetwork Data
Parallelism (SDP) as a memory-efficient alternative to classical distributed data
parallel (DDP) training. SDP partitions a model into structured, end-to-end
subnetworks that are trained independently across workers without exchanging

activations, thereby reducing per-device memory usage and communication costs.

The work examines two complementary masking regimes within the SDP
framework. Backward masking applies sparsity exclusively during gradient
computation, preserving unbiased gradient estimates and providing a theoretically
grounded baseline, while forward masking extends sparsity to the forward
pass, enabling further reductions in memory and computational cost while
introducing additional regularization. In addition, two structured subnetwork
construction strategies, neuron-level and block-level masking are explored across both

convolutional neural networks and transformer-based architectures.

The proposed approach is evaluated through extensive experiments on image
classification benchmarks, including CIFAR-10 and CIFAR-100, as well as large-scale
language model pre-training on the FineWeb dataset. The results demonstrate that
Subnetwork Data Parallelism achieves substantial memory savings while maintaining,

and in some cases improving, performance relative to standard data-parallel training.
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These findings highlight its practicality for training large models under constrained

memory budgets.
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Chapter 1

Introduction

1.1 Overview

Large-scale neural networks have become a central component of modern machine
learning systems, driving progress across domains such as computer vision, natural
language processing, speech recognition, and scientific computing. Models ranging
from hundreds of millions or even up to trillions of parameters now routinely achieve
state of the art performance on complex tasks (Team et al., 2026; Kaplan et al.,
2020; Brown et al., 2020). However, this progress has come at the cost of rapidly
increasing computational and memory requirements, placing significant strain on
modern accelerator hardware. As a result, the ability to efficiently train large neural
networks has become a critical challenge in both academic research and industrial
practice.

To address these demands, distributed training techniques have become the
standard approach for scaling neural network training across multiple hardware
devices. Methods such as Distributed Data Parallelism (DDP) (Li et al., 2020)
replicate models across workers and synchronize gradients during training, enabling
faster convergence through increased batch sizes. While effective, these approaches
incur substantial memory overhead due to full model replication and additional
storage for gradients, optimizer states, and activations. As model sizes continue to
grow faster than accelerator memory, such redundancy increasingly limits scalability,
even in environments with abundant computational resources.

Beyond theoretical considerations, practical distributed training is further
constrained by system-level factors including interconnect bandwidth, communication
latency, and synchronization overhead. Techniques such as model parallelism and

pipeline parallelism (Huang et al., 2019; Harlap et al., 2018) attempt to alleviate



memory bottlenecks by partitioning models across devices, but often require frequent
activation exchanges and high-bandwidth interconnects to remain efficient. These
requirements introduce additional complexity and can reduce training efficiency,
particularly in settings where communication is a bottleneck or hardware resources
are heterogeneous.

Recent research has therefore explored alternative strategies that trade full model
replication for structured sparsity or partial model execution. Approaches based on
subnetworks, masking, or selective parameter updates suggest that it may be possible
to reduce memory usage and communication costs without significantly degrading
training performance. However, many existing methods focus primarily on reducing
communication or computation, rather than addressing the dominant memory costs
associated with optimizer states and gradient storage during large-scale training.

This thesis builds upon these ideas by investigating a hybrid distributed training
paradigm — Model Parallelism with Subnetwork Data Parallelism — that introduces
Subnetwork Data Parallelism (SDP) as a memory-efficient alternative to classical
data-parallel training. Rather than replicating the full model on each worker, SDP
assigns structured, end-to-end subnetworks to different devices, allowing each worker
to train only a subset of model parameters while avoiding activation exchange
between devices. Through carefully designed masking strategies and parameter
synchronization, the approach enables substantial reductions in per-device memory
usage while preserving effective optimization behavior.

The work explores multiple instantiations of this framework, including forward
and backward masking regimes, as well as neuron-level and block-level subnetwork
construction strategies. These methods are evaluated across convolutional
neural networks and transformer architectures, with experiments spanning image
classification benchmarks and large-scale language model pre-training. By combining
theoretical analysis with empirical evaluation, this thesis aims to demonstrate that
Subnetwork Data Parallelism provides a practical and scalable pathway for training

increasingly large models under constrained memory budgets.

1.2 Contributions

This thesis investigates Subnetwork Data Parallelism (SDP) as a memory-efficient
paradigm and also introduces the idea of "Model Parallelism with Subnetwork
Data Parallelism" for distributed training of deep neural networks. The work

explores both algorithmic and practical aspects, including masking strategies,



subnetwork construction, theoretical properties, and empirical evaluation across
vision and language modeling tasks. The primary goal is to attempt to reduce
memory requirements while maintaining competitive optimization and generalization

performance. The main contributions of this work are as follows:

o We provide a systematic investigation of a distributed training strategy that
reduces memory usage by assigning structured subnetworks of a model to
different devices. This approach enables large-scale training without requiring
full model replication or inter-device activation exchange. More on this can be

seen in chapter 4.

e In section 5.2 we show a comparative study of forward-masked and backward-
masked training regimes, analyzing their impact on optimization dynamics,

memory consumption, and overall training efficiency.

e We design and evaluate structured subnetwork construction strategies at
both the neuron and block levels. Through extensive experimentation,
we demonstrate that carefully structured subnetworks can maintain strong
performance while significantly reducing per-device memory requirements.

Work around this is covered in chapter 4.5.

o We provide extensive empirical validation across multiple vision tasks using
ResNet and Swin Transformer architectures on CIFAR-10 and CIFAR-
100 datasets. These experiments quantify the trade-offs between memory
savings and model performance under different masking strategies. The

experimentation is covered in chapter 5.

« We also evaluate SDP in the context of language modeling experiments,
examining how subnetwork masking strategies affect training behavior and

performance in transformer-based models. This work is covered in section 5.5.

o We analyze the theoretical properties of backward-masked SDP and characterize
its convergence behavior, highlighting how mask structure and parameter
overlap influence optimization quality. The theoretical analysis is covered in

the Appendix.

1.2.1 Personal Contributions

During the course of my Master’s program, I was mainly involved in the work done in

this research project. In particular I was responsible for the development, empirical
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evaluation of the vision components of our proposed framework, and the quantitative

analysis.

o Implemented and evaluated many initial versions of the algorithm.

o The implementation and refinement of the codebase for the various masking

strategies was carried out jointly with Vaibhav Singh.

o [ conducted all experiments involving Swin Transformer architectures on the
CIFAR-10 and CIFAR-100 datasets. Experiments with ResNet models were
conducted together with Vaibhav Singh.

o I performed the bulk of the work around the quantitative analysis presented in
Section 5.3.

o I wrote the experiments and results sections of the workshop paper that was

later published at ES-FoMo at ICML 2025.

1.2.2 Collaborator Contributions

o Eugene Belilovsky provided the research roadmap and overall guidance that

shaped the direction of the project.
e Vaibhav Singh individually conducted the language modeling experiments.

e Edouard Oyallon developed the theoretical analysis and mathematical proof
characterizing the convergence behavior of backward-masked SDP. Which is

given in the Appendix.

1.3 Thesis Outline

Chapter 2 presents the prerequisite concepts and background material required to
understand the methodology developed in this thesis. Chapter 3 reviews existing
research in distributed and large-scale deep learning, situating the proposed approach
within the broader literature and highlighting its relation to prior work. Chapter
4 introduces the core methodology of Model Parallelism with Subnetwork Data
Parallelism, detailing the proposed framework and its key components. Chapter
5 presents experimental results evaluating the proposed approach and examines its

behavior across different architectures, datasets, and training configurations. Chapter



6 concludes the thesis with a discussion of the main findings, limitations, and

directions for future research.



Chapter 2
Background

In this chapter, we explain briefly the background materials related to the works

presented in this manuscript.

2.1 Distributed Training of Neural Networks

The continued growth in model size and dataset scale has made distributed training
a fundamental component of modern deep learning systems. State-of-the-art neural
networks in domains such as computer vision and natural language processing often
contain hundreds of millions or billions of parameters, exceeding the memory and
compute capacity of a single accelerator. Distributed training enables such models to
be trained by coordinating computation across multiple workers, typically GPUs or
accelerator nodes, allowing learning to scale beyond single-device limits.

At a high level, distributed training aims to minimize a global objective function by
decomposing the optimization process across n workers. Let § € R? denote the model
parameters and let £(f) represent the expected loss. Each worker independently
samples mini-batches from the dataset and computes stochastic gradient estimates
with respect to the current parameters. These local updates are then combined
through a synchronization mechanism to form a global update. The design of this
synchronization step plays a crucial role in determining both the efficiency and
convergence behavior of the distributed algorithm.

While distributed training is often motivated by the desire for increased
computational throughput, memory constraints are an equally important driving
factor. Training time memory usage extends beyond model parameters to include
intermediate activations, gradient buffers, and optimizer state. As architectures

become deeper and training regimes involve longer sequences or larger batch sizes,



memory consumption can grow rapidly. In many practical settings, memory becomes
the dominant bottleneck even when sufficient compute resources are available.
Consequently, distributed training strategies must carefully manage how memory is
allocated and replicated across workers.

In summary, distributed training provides the essential infrastructure for scaling
deep neural networks to modern problem sizes. However, it introduces inherent trade-
offs between memory usage, communication cost, and optimization efficiency. These
trade-offs strongly influence the design of parallelism strategies for deep learning,
which are discussed in the following section and form the basis for the memory efficient

training approach developed in this thesis.

2.2 Parallelism Strategies for Deep Learning

Distributed training frameworks rely on different forms of parallelism to scale
neural network optimization across multiple devices. These strategies differ in how
model parameters, data, and computation are partitioned, and they exhibit distinct
trade-offs in terms of memory usage, communication overhead, and implementation
complexity. This section reviews the principal parallelism paradigms used in modern

deep learning systems.

2.2.1 Distributed Data Parallelism

Distributed data parallelism (DDP) is the most widely adopted approach for
distributed training. In this setting, each worker maintains a full replica of the model
parameters § € R? and processes a different mini-batch of data. Let B; denote the
mini-batch sampled by worker ¢ at a given iteration. Each worker computes a local

stochastic gradient
9i = VoL(0;B;),

which is then aggregated across workers, typically via an all-reduce operation, to form

the global gradient

The parameters are updated synchronously using g.
DDP is attractive due to its conceptual simplicity and strong convergence

properties (Goyal et al., 2018), as it closely approximates training with a larger



effective batch size. However, it requires each worker to store a complete copy of the
model parameters, gradients, and optimizer state, resulting in substantial memory
redundancy. Furthermore, frequent gradient synchronization can incur significant

communication costs, particularly as model size grows.

2.2.2 Model Parallelism

Model parallelism addresses memory limitations by partitioning the model itself
across workers. Instead of replicating the full parameter vector 6, different subsets of
parameters are assigned to different devices. A common form of model parallelism
is pipeline parallelism, where consecutive layers or blocks of the network are placed
on different workers. During training, activations are passed forward through the
pipeline, and gradients are propagated backward in reverse order.

While model parallelism reduces per-worker parameter memory, it introduces
new challenges. Forward and backward passes require exchanging activations and
gradients between workers, leading to communication overhead that scales with
activation size rather than parameter count. Pipeline parallelism can also suffer from
inefficiencies such as idle time, commonly referred to as pipeline bubbles, especially
when the number of micro-batches is limited.

Another class of model parallelism techniques partitions individual layers across
workers, often referred to as tensor parallelism. These methods split large matrix
multiplications along specific dimensions and require fine-grained synchronization
during both forward and backward passes. Although effective for very large models,

they typically demand high-bandwidth interconnects to achieve good performance.

2.2.2.1 Pipeline Parallelism

Pipeline parallelism partitions the network into K stages:

f(x) = frofxk—10...0 fi(x),

where stage k resides on worker k. Instead of processing a single batch sequentially
across stages, the batch is divided into M micro-batches. At steady state, multiple
micro-batches occupy different pipeline stages simultaneously. (Harlap et al., 2018;
Huang et al., 2019; DeepSeek-Al et al., 2025)

If each stage requires time 7T, total iteration time becomes approximately

Tpipeline ~ (K + M — 1) T7



where the term K — 1 reflects pipeline warm-up and drain phases. When M is
small relative to K, devices remain idle during these phases, creating pipeline bubbles.
Increasing M improves utilization but increases activation memory, since multiple
micro-batches must be stored concurrently.

Pipeline parallelism reduces parameter memory per device to roughly N/K,
but introduces activation communication: each forward pass requires transmitting
intermediate activations of size proportional to hidden dimension and sequence length.
In large transformers, activation tensors may exceed parameter size, especially for long

contexts.

2.2.2.2 Tensor Parallelism

Tensor parallelism partitions individual layers across devices (Shoeybi et al., 2019;

Shazeer et al., 2018). Consider a linear layer

y=Waz, W g Rdouwxdin

Column-wise partitioning splits W along d:

Wi
W = Wz

W

Each worker computes a partial output y; = Wz, followed by an all-gather.
Alternatively, row-wise partitioning requires partial reductions during the forward
pass.

Tensor parallelism reduces parameter memory by a factor of n, but requires fine-
grained synchronization during both forward and backward passes. Communication

occurs at every layer, making high-bandwidth interconnects essential for efficiency.

2.2.3 Sharding and Fully Sharded Data Parallelism

Sharding-based approaches seek to reduce memory redundancy in data parallel
training by distributing different components of the training state across workers.
In Fully Sharded Data Parallel (FSDP), model parameters, gradients, and optimizer
states are partitioned across workers, such that no single worker stores the full training
state at once (Rajbhandari et al., 2020; Zhao et al., 2023). At a given step, each worker

materializes only the parameter shards required for its local computation.

10



Formally, if = [0, ..., 0] denotes a partition of the parameter vector across
n workers, then worker ¢ stores only ) at rest, gathering other shards on demand
for computation and releasing them afterward. This design substantially reduces per-
worker memory usage while preserving the semantics of data-parallel optimization.

Despite these benefits, sharding approaches still rely on frequent communication to
assemble parameters and synchronize gradients. Moreover, the dynamic movement
of parameters and optimizer state increases system complexity and can introduce

additional latency if communication protocols are not overlapped with computation.

2.2.4 Summary

Each parallelism strategy offers a different balance between memory efficiency,
communication cost, and implementation complexity. Data parallelism prioritizes
simplicity but incurs high memory redundancy, while model parallelism reduces
parameter storage at the expense of activation communication. Sharding-
based methods such as FSDP mitigate memory overhead but retain significant
communication requirements. These limitations motivate alternative approaches that

rethink how model components are distributed and synchronized during training.

2.3 Memory Bottlenecks in Large-Scale Training

Memory consumption is a primary constraint in large-scale neural network training
and often determines the maximum feasible model size, batch size, and sequence
length.  Unlike inference, where memory is dominated by model parameters,
training requires additional storage for gradients, optimizer state, and intermediate
activations. The relative importance of these components depends strongly on both

architectural design (e.g., CNN vs Transformer) and training configuration.

2.3.1 Parameter, Gradient, and Optimizer Memory

Let § € R? denote the parameter vector. During training, multiple tensors associated
with 6 coexist in memory.

In mixed precision training, parameters are commonly stored in FP16 or bfloat16
(2 bytes per parameter) for forward and backward passes, while a master copy may be
maintained in FP32 for numerical stability (Micikevicius et al., 2018). Gradients are
typically accumulated in FP32 (4 bytes per parameter). For Adam, two additional
FP32 buffers are stored for the first and second moments (Kingma and Ba, 2014).

11



Under this standard configuration, the per-parameter memory cost is approxi-

mately

2d (FP16 weights) + 4d (FP32 gradients) + 8d (Adam states) = 14d bytes.

If parameters are stored directly in FP32, the cost increases further. In standard
data-parallel training, this entire footprint is replicated on every worker, making
memory scale linearly with model size and independent of the number of workers.

For very large language models, this term typically dominates the memory

footprint.

2.3.1.1 Activation Memory: CNNs versus Transformers

Activation memory behaves very differently across architectures.

Convolutional Neural Networks (CNNs). For a convolutional layer [,

activations take the form
a(l) 6 :|]£B><C’l><lt[l><vvl7

where B is batch size, C} channels, and H;, W; spatial resolution.

Activation memory scales as

L
ZB'CZ'HI‘VVI‘Sa

=1

where s is bytes per element.

In early CNN layers, spatial dimensions (H;, W;) are large. Even when C is
moderate, the H;W, term can dominate. Consequently, for high-resolution vision
models, activation memory may exceed parameter memory, especially when batch
size is large.

Thus, CNN training is often activation-bound in memory.

Transformer Architectures. For transformers, activations at layer [ typically

have shape

l BXxTxdp,
a() E R odel’

12



where T is sequence length and d,oq¢ hidden dimension.

Activation memory across layers scales as

L
S BT dioaa - 5.

=1
Unlike CNNs, there is no spatial H x W expansion. Instead, memory grows
linearly in sequence length T

Additionally, self-attention introduces temporary tensors of size

RBxthxT

bl

for h attention heads. These tensors scale quadratically in 7', but are typically
not stored persistently across layers (depending on implementation).

For LLM pre-training regimes, dy.qe and L are large, but batch size B is often
constrained by memory. In practice, for billion-scale transformers, optimizer state
and parameter storage dominate activation memory unless sequence length is very
large.

Therefore:

e (CNNs are often activation-dominated.

» Large transformers are typically parameter/optimizer-dominated.

This distinction is important when evaluating memory reduction strategies, as
reducing parameters and optimizer state has greater impact for transformers, whereas

reducing activations can be more critical for CNNs or long-context transformers.

Communication Buffers and Transient Memory

Distributed training introduces additional transient memory overhead. During
gradient synchronization (e.g., all-reduce), communication buffers are typically
allocated in FP32. These buffers may temporarily double gradient memory during
synchronization. In sharded approaches, parameter all-gather operations similarly
require temporary buffers proportional to shard size.

Although transient, these buffers must fit within device memory and therefore

affect practical scalability.
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Overall Scaling Behavior

Combining the above components, total per-device memory during training can be

approximated as

Memory ~ O(d) +0 (Z B - activation sizel> :
!

parameters + optimizer

activations

For CNNs with large spatial maps, the second term may dominate. For large
transformers and LLMs, the first term typically dominates.

As models scale in depth and width, and as sequence lengths increase, these
components quickly exhaust accelerator memory even under reduced precision
arithmetic. This motivates training strategies that reduce parameter replication, limit
optimizer and gradient storage, or avoid materializing inactive components during

training.
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Chapter 3

Related Work

The following section covers closely related concepts that are in the same domain as

the main work presented in this thesis.

3.1 Pipeline Parallelism

Pipeline parallelism has been extensively studied as a mechanism for scaling deep
neural network training beyond the memory capacity of a single accelerator. Prior
work has demonstrated that partitioning models into sequential stages enables
training of larger architectures by distributing parameters across devices. As
discussed in section 2.2.2, this strategy fundamentally trades parameter replication
for inter-device activation communication.

A significant body of work has focused on improving the efficiency of pipelined
execution. Methods such as GPipe (Huang et al., 2019) introduce micro-batching to
overlap computation across pipeline stages and reduce idle time. Other approaches
extend this idea by combining pipeline parallelism with intra-layer partitioning, as
seen in systems that shard large matrix operations within individual layers. These
techniques have proven effective in practice, particularly for large transformer-based
models.

Despite these advances, prior work consistently identifies communication of
intermediate activations as a central bottleneck in pipeline-parallel training. Unlike
gradient synchronization in data-parallel settings, which has been the subject
of extensive optimization through compression and delayed updates, activation
communication remains difficult to reduce without altering model semantics. This
limitation becomes especially pronounced for long-sequence models, where activation

sizes scale linearly with sequence length.
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Another commonly reported challenge is pipeline inefficiency arising from stage
imbalance and pipeline bubbles. FEven with careful partitioning and scheduling,
hardware utilization can degrade when pipeline stages differ in computational cost or
when the number of micro-batches is insufficient. Several works, one such being
DualPipe (DeepSeek-Al et al., 2025), attempt to mitigate these effects through
improved scheduling or architectural modifications, but such solutions often increase
system complexity and impose additional constraints on model design.

More recently, alternative formulations of parallel training have been proposed
that seek to reduce reliance on activation exchange altogether. These approaches
are motivated by the observation that, while pipeline parallelism alleviates memory
pressure, its communication pattern can limit scalability in bandwidth-constrained
environments. As a result, there is growing interest in distributed training strategies
that preserve end-to-end model structure on each worker while avoiding activation-

level communication.

3.2 Fully Sharded and Zero-Redundancy Data

Parallelism

Fully sharded and zero-redundancy approaches have emerged as a prominent line of
work aimed at alleviating the memory inefficiencies of standard data-parallel training.
Building on the core idea of distributing model states across workers, these methods
have enabled the training of increasingly large models within fixed hardware budgets
and are now widely adopted in large-scale systems.

A number of practical frameworks have operationalized these ideas by aggressively
sharding parameters, gradients, and optimizer states, materializing only the subsets
required for local computation. Such systems demonstrate that substantial reductions
in per-device memory usage can be achieved without modifying the underlying
optimization objective, making them attractive for scaling existing training pipelines.

However, prior work also highlights several limitations inherent to fully sharded
training. Because model states are partitioned across workers, parameters must
be gathered before computation and redistributed afterward, resulting in frequent
communication during both forward and backward passes. While overlapping
communication with computation can partially mask this cost, synchronization
overhead remains a dominant factor, particularly for large models or when operating

under limited network bandwidth.
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In addition to communication overhead, sharded approaches introduce increased
system complexity. Managing dynamic parameter movement, coordinating collective
operations, and ensuring efficient memory reuse require sophisticated runtime
support. These factors can complicate deployment and tuning, especially when
combined with other parallelism strategies such as pipeline or tensor parallelism.

As a result, while fully sharded and zero-redundancy methods significantly reduce
memory redundancy, they do not eliminate the fundamental reliance on parameter-
level synchronization. This observation has motivated complementary approaches
that seek to lower memory usage while reducing the frequency or volume of inter-

device communication required during training.

3.3 Ensemble Learning and Related Parallel
Training Methods

Ensemble learning constitutes a broad class of methods that improve model
performance by training multiple models in parallel and combining their predictions
or parameters. By encouraging diversity among individual learners, ensemble-based
approaches often achieve better generalization and robustness than single-model
training. In recent work, ensemble ideas have also been explored in distributed
optimization settings, where parallelism is leveraged not only for scalability but also
as a source of regularization.

Several studies investigate training multiple related models concurrently with
periodic coordination mechanisms such as parameter averaging or alignment. These
methods allow individual replicas to follow distinct optimization trajectories while
maintaining a degree of coherence across the population. Such approaches have been
shown to be effective in large-scale training regimes, where communication-efficient
coordination is critical to overall system performance.

From a conceptual standpoint, training subnetworks on different workers bears
resemblance to ensemble learning. Each worker optimizes a structurally valid but
reduced model, resulting in a collection of correlated learners that jointly influence the
optimization process. In particular, forward subnetwork masking can be interpreted
as training an ensemble of overlapping models whose parameters are periodically
synchronized. This perspective provides useful intuition for understanding the
regularization effects observed in subnetwork-based training.

Despite these similarities, traditional ensemble methods are typically not designed
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with memory efficiency as a primary objective. Most ensemble-based systems rely
on maintaining multiple full model replicas, which can be prohibitively expensive
when training large neural networks. In contrast, subnetwork-based approaches aim
to reduce per-worker memory and computation by explicitly restricting the set of
parameters and activations materialized on each device.

Overall, ensemble learning and related parallel training methods highlight the
benefits of training multiple interacting models in parallel. While their primary goal
differs from memory-efficient distributed training, the connections between ensemble
behavior and subnetwork optimization offer valuable insight into how reduced models

can be coordinated effectively at scale.

3.4 SWARM and Hybrid Parallelism Approaches

Hybrid parallelism strategies aim to combine the strengths of data parallelism and
model parallelism in order to improve scalability and resource utilization. Among
these, SWARM-style approaches have been proposed to address limitations of pipeline
parallelism by altering how computation and communication are organized across
devices.

SWARM parallelism (Ryabinin et al., 2023) assigns multiple devices to each
pipeline stage and dynamically routes samples through the network. By replicating
stages across workers, these methods seek to reduce idle time and mitigate pipeline
bubbles while retaining the ability to scale to large models. This design allows
SWARM to exploit both intra-stage data parallelism and inter-stage pipelining,
offering improved throughput compared to conventional pipeline-parallel execution.

Despite these advantages, SWARM-based methods retain a key characteristic of
pipeline parallelism: the need to exchange activations between stages. Although
routing and replication strategies can reduce inefficiencies, intermediate activations
must still be communicated across devices, which can become a performance
bottleneck in bandwidth-constrained environments. As with traditional pipeline
parallelism, the cost of activation communication grows with sequence length and
feature dimensionality.

In addition, hybrid approaches such as SWARM introduce increased system
complexity.  Coordinating routing decisions, managing replicated stages, and
balancing workloads across devices require sophisticated runtime support. These
design choices can complicate deployment and tuning, particularly when scaling to

large numbers of workers or heterogeneous hardware.
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Figure 1: A schematic of FedDrop from (Wen et al., 2022)

Overall, SWARM and related hybrid parallelism methods represent an important
step toward improving the efficiency of pipeline-based training. However, their
continued reliance on activation-level communication highlights the broader challenge
of scaling large models under memory and bandwidth constraints, motivating
alternative distributed training strategies that minimize inter-device communication

while preserving end-to-end model structure.

3.5 Federated Learning and Dropout-Based Sub-

network Training

Federated learning provides a distributed optimization framework in which training
is performed across decentralized data sources, typically under constraints such
as privacy, limited connectivity, and statistically heterogeneous (non-iid) data
distributions (Koneény et al., 2016). Within this setting, a recurring theme is
to reduce the per-client burden both in communication and in local computation
to enable participation from resource constrained devices. Motivated by these
constraints, multiple works investigate training only a subnetwork of a larger global
model on each device (Caldas et al., 2018; Horvath et al., 2021; Guliani et al.,
2022; Wen et al., 2022; Alam et al., 2022). In these approaches, subnetwork
assignment (often realized through dropout-style masking) reduces the number of
active parameters on each client, which can lower on-device compute and shrink the
transmitted update size.

Importantly, the primary objective in this line of work is typically communication
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and device-compute efficiency in heterogeneous and privacy-constrained environments,
rather than minimizing memory usage for large-model training on homogeneous
accelerators. Communication load in federated optimization has been studied
extensively and can be mitigated by multi-step local training and communication-
efficient update schemes, including compression and low-communication optimization
variants (Reddi et al., 2021; Douillard et al., 2023; Wang et al., 2023). Consequently,
federated subnetwork methods are often designed around communication bottlenecks
and client limitations, whereas our focus is on reducing memory requirements that
arise when training large models on memory-limited GPUs.

A closely related subset of federated subnetwork methods explicitly addresses
device heterogeneity by varying model capacity across clients. FedRolex (Alam et al.,
2022) and HeteroFL (Diao et al., 2021) assign models of different sizes to different
clients, commonly via channel-level dropout or width-based scaling in convolutional
networks, so that smaller devices train thinner subnetworks while more capable
devices train larger ones. This design is well suited to federated scenarios where
clients differ widely in compute and memory, but it is grounded in assumptions that
differ from centralized distributed training. In particular, these methods operate
under privacy and partial-participation constraints and often assume clients have
access only to small local datasets, which introduces additional concerns such as non-
iid effects and overfitting. In contrast, our setting assumes homogeneous workers
and access to the full dataset per worker, which avoids client heterogeneity and local
data scarcity effects and allows the training objective to emphasize per-node memory
reduction.

Another practical distinction is that many federated subnetwork approaches
employ dynamic subnetwork assignments over training. While dynamic masking can
improve fairness or utilization across heterogeneous clients, it introduces additional
coordination and communication overhead, which can be undesirable in non-federated
environments where wall-clock time and systems simplicity are critical. Yuan et al.
(2019) studied training with dynamic, non-overlapping subnetworks combined with
local SGD, illustrating that subnetwork scheduling policies can strongly influence
optimization behavior. However, such dynamic schemes can require additional
synchronization to maintain consistency across workers.

Beyond federated learning, related work also explores selectively skipping gradient
computation for certain components of a network to accelerate training. For example,
Fagnou et al. (2025) examine skipping backward computation along residual paths,

but this line of work does not directly address distributed settings nor does it
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target memory reduction under FLOP-matched comparisons. In comparison, our
approach emphasizes fixed, structured subnetwork assignments and considers both
neuron-level and block-level masking, including in transformer-based architectures
and large language model training. Moreover, unlike the above federated and
dynamic-subnetwork approaches, our method includes a backward-masking regime,
and to the best of our knowledge prior work in these federated subnetwork lines does
not consider masking only the backward pass.

Overall, federated learning and dropout-based subnetwork training provide
important insights into how reduced models can be assigned and aggregated in
distributed systems (Koneény et al., 2016; Caldas et al., 2019; Horvath et al.,
2021; Guliani et al., 2022; Wen et al., 2022; Alam et al., 2022). Nonetheless,
their goals and assumptions, privacy constraints, non-iid data, client heterogeneity,
and communication efficiency differ from the homogeneous, centralized training
regime considered in this thesis. These differences motivate alternative approaches
that target per-worker memory reduction while limiting coordination overhead and

preserving scalable training dynamics.
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Chapter 4

Model Parallelism with

Subnetwork Data Parallelism

This chapter presents Model Parallelism with Subnetwork Data Parallelism, the
central methodology developed in this thesis.

4.1 From Replicated Training to Subnetwork
Model Parallelism

Section 2.3 established that, in conventional data-parallel training, the dominant
memory cost arises from full parameter replication and associated optimizer state
on every worker. While memory capacity is the primary bottleneck, large-scale
distributed training also faces a second constraint: inter-device communication
bandwidth.

In standard Distributed Data Parallel (DDP), each of the n workers maintains an
identical copy of parameters § € RY. After computing local gradients g; = VoL;(6),

workers synchronize via an all-reduce operation,
1 n

g = - Zgw
Nz

which requires exchanging d-dimensional tensors across devices at every optimization
step. Under ring-based all-reduce, this corresponds to communication proportional
to 2d scalars per worker per iteration (Patarasuk and Yuan, 2009; Tang et al., 2023).
As d grows into the billions, this synchronization becomes a dominant cost even when

memory is sufficient.
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Figure 2: Data Parallelism (DDP) vs. Subnetwork Data Parallelism (SDP).
Left: In data parallelism each GPU hosts a full replica, computes all layer gradients
{VL,VLy, VL3, VLs}, and all-reduces all parameters each step; per-GPU memory is
approximately the full model (parameters + gradients + optimizer state + activations).
Right: In SDP each GPU trains an end-to-end subnetwork (a subset of layers/neurons)
with a local loss Lk (0); only gradients of shared parameters are synchronized via masked
averaging (dashed arcs). For a parameter density per GPU C € (0,1], both memory
and communication per GPU scale as =~ C' x DP, with no cross-GPU activation exchange.
This enables fitting larger models or longer sequences under the same hardware budget
and improves scalability when bandwidth or memory are bottlenecks; when C' = 1 (all
parameters on all GPUs), SDP reduces to standard DDP.

Model-parallel techniques address replication by partitioning 6 across workers.
Let 6 = (61, ...,0™) denote a disjoint partition, where worker i stores only ().
While this removes parameter replication, it introduces a different scaling bottleneck:
activations must be exchanged between workers during the forward and backward
passes. If al® denotes the activation at layer ¢, then model-parallel execution requires
transmitting tensors of size proportional to |a)| across devices at layer boundaries.
For transformer architectures with large hidden dimension h and sequence length T,
these activation tensors can be substantially larger than individual parameter shards,
leading to bandwidth-bound training.

This chapter introduces Model Parallelism with Subnetwork Data Parallelism
(SDP), which occupies a distinct point in the design space. Instead of replicating the
full model (as in DDP) or partitioning layers with activation exchange (as in tensor
or pipeline parallelism), each worker trains an end-to-end subnetwork - a structured
subset of the global parameters. Let m; € {0,1}¢ denote a binary mask defining the

parameters active on worker i. Worker i trains the masked model

9@' — mz®87
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where ® denotes elementwise multiplication. Crucially, the forward and backward
passes are executed locally without exchanging activations across devices.
Communication occurs only at synchronization points, where overlapping
parameters across workers are averaged. Denoting c¢; = 1" m, ; as the number of
workers containing parameter coordinate j, the aggregated parameter update takes

the form

1
07- Zi:mm-:l ei,jv Cj > 07

6)]‘ Cj =0.

9j<_

Thus, unlike classical model parallelism, SDP avoids cross-device activation
communication, and unlike DDP, it avoids full parameter replication.

This perspective can be interpreted as a structured, overlapping form of model
parallelism: workers store different but partially intersecting parameter subsets, yet
each subnetwork remains functionally complete from input to loss. The degree of
overlap controls both memory usage and communication volume. If the average
parameter density per worker is C' € (0, 1], then both memory footprint and gradient
communication scale proportionally to C'd, rather than d.

The remainder of this chapter formalizes this framework, introduces structured
masking strategies, derives convergence guarantees under backward masking, and

analyzes the resulting memory and communication trade-offs.

4.2 Subnetwork Data Parallelism: Core Idea and

Training Procedure

Section 4.1 positioned Subnetwork Data Parallelism (SDP) as an alternative to both
fully replicated data parallelism and activation-communicating model parallelism. We

now describe the core idea and the resulting training loop at a conceptual level.

4.2.1 Core Idea

In standard data parallel training, each of the n workers maintains a complete copy
of the model parameters € R?. In contrast, SDP assigns each worker a structured
subnetwork - a subset of parameters that defines a functionally complete path from

input to loss.
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Let #® denote the global parameters at iteration t. Each worker ¢ trains a masked
version of the model,
0" = m; © 00,
where m; € {0, 1} specifies which parameters are active on that worker.
Crucially:

o Each worker executes a full forward and backward pass locally.
» No intermediate activations are exchanged across devices.

 Only overlapping parameters (or gradients) are synchronized.

Thus, every worker trains an end-to-end model, but different workers operate on
partially overlapping subnetworks. The overlap ensures that information propagates

globally through parameter averaging.

4.2.2 Training Loop
At each iteration t, the distributed training procedure consists of four steps:

1. Broadcast. Workers start from a common parameter vector ). In practice,

this is already synchronized from the previous step.

2. Local Forward and Backward Pass. Worker i samples a minibatch fi(t) and

computes the stochastic gradient of its masked model:
o0 = Vo050
Only parameters active under m; are materialized and updated.

3. Local Parameter Update. FEach worker performs a local optimizer step (e.g.,
SGD or Adam) restricted to its active coordinates:
o = 90— g,

4. Masked Synchronization. For parameters that appear on multiple workers,

values are averaged:
@ry _ 1 (t+3)
0 == 2 0yt

CJ i:miyj:I
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where ¢; denotes the number of workers containing coordinate j.

Parameters present on only one worker remain unchanged by averaging.

4.2.3 Interpretation

This procedure can be interpreted as training a collection of overlapping subnetworks
whose parameters are periodically aligned. Unlike classical model parallelism, no
layer-wise activation communication is required. Unlike standard data parallelism,
parameters and optimizer state are not fully replicated.

If the average parameter density per worker is C' € (0, 1], then:
o Memory footprint scales as O(Cd) per worker.
« Communication volume per iteration scales as O(Cd).

The choice of masking strategy - how subnetworks are constructed and how overlap
is controlled, determines the trade-off between efficiency, convergence behavior, and
representational capacity. These design choices are formalized in the following

section.

4.3 Generic Masking Framework

We now formalize Subnetwork Data Parallelism (SDP) using a masking abstraction.

4.3.1 Masking Matrix

Let # € R? denote the global parameter vector and let n be the number of workers.

SDP is defined through a binary masking matrix
m € {0, 1}n><d’

where m; ; = 1 indicates that worker ¢ contains parameter coordinate j.

The mask for worker 7 is the row vector
mj € {0,1}7,

and the number of workers containing coordinate j is given by the column load



Each worker stores and updates only its masked parameters:
where ® denotes elementwise multiplication.

The masking matrix is constructed such that each worker is assigned a fixed
number of components. In particular, for a given per-worker budget p, the mask

satisfies

S

Zl m;,j =D,
j=

so that every worker trains a subnetwork of identical size.
Let m denote the total number of parameter coordinates. We define the parameter
density
C =

P
m7

which represents the fraction of the global parameters assigned to each worker. When
C =1, the masking matrix reduces to the all-ones matrix and the method recovers
standard data-parallel training. As C' decreases, each worker stores and updates a
smaller subset of parameters, reducing memory usage and synchronization volume

proportionally.

4.3.2 Forward and Backward Masking

The framework distinguishes between forward masking and backward masking. Let
med, mbwd c {07 1}n><d

denote the masks used during forward /backward computation and during gradient

aggregation, respectively.
Forward-masked SDP. In this setting,
mfwd bwd

=1m =1m.

Workers compute and update only the parameters specified by their mask.
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Backward-masked SDP. Here,

fwd -1 bwd

m , m>"e =m,

where 1 denotes the all-ones mask. The full model participates in the forward pass,

but only masked parameters are updated and synchronized.

4.3.3 Masked Aggregation

After local optimization steps, parameters are synchronized only across workers that

share them. The aggregation operator is defined coordinatewise as

6]' — l Z Gm.

J i:m}?‘}’dzl

p

Coordinates assigned to multiple workers are averaged; coordinates assigned to a
single worker remain unchanged.

When m is the all-ones matrix, this reduces to standard data-parallel averaging.
When masks are disjoint (i.e., ¢; = 1 for all j), synchronization has no effect and

training becomes fully partitioned.

4.3.4 Communication Scaling

The total number of parameter coordinates participating in synchronization per

iteration is

d
Z c; = np = nCd.
j=1

Thus, per worker, communication scales proportionally to Cd rather than d,
recovering classical data parallelism when C' = 1 and reducing communication linearly
with sparsity.

This masking abstraction provides the foundation for the structured subnetwork

constructions introduced in the following section.
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4.4 Subnetwork Data Parallelism with Structured

Mask Construction

We instantiate Subnetwork Data Parallelism (SDP) by employing structured masks,
which remove entire parameter groups including parameters, gradients, accumulators,
and activations from each worker. We consider two strategies for instantiating
subnetworks: Neuron-Level SDP (N-SDP) and Block-Level SDP (B-SDP), and
also the backward-masked block variant B,-SDP.

4.4.1 Neuron Level SDP

Neuron-Level SDP (IN-SDP) instantiates subnetworks by selectively removing
neurons in fully connected layers (or channels in convolutional layers). Consider

two successive layers (W' W) with
Wh R4 — R

Dropping outputs of layer [ naturally removes the corresponding inputs of layer [41.
For simplicity, we restrict to forward masking, where the same mask is applied in
both directions:

Mfyq = Mpwq = M.

Applying a mask m' to layer [ induces a consistent mask m!*! on layer [+1. As a

result,

(ml ® Wl7 Wl+1) and (ml ® Wl, ml+1 ® Wl+1)

produce identical outputs.
For example, if W! Wl € R4 and we mask a subset Jyasx C {1,...,d} of

output neurons, then setting

mék:07 jeJmask, kE{l,...,d},
mif—;1:07 jGJmaska kE{l,...,d},

(1)
ensures that both layers remain consistent under the masking operation.

4.4.2 Block Level SDP

Block-Level SDP (B-SDP) forms subnetworks by removing entire blocks, particularly

in architectures with skip connections. Let the model have L blocks {B!,..., B}
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with parameters ). Each block has a binary mask m® € {0,1} denoting whether
it is active. When m® = 0, the block is skipped and its parameters excluded.

In residual architectures, this reduces to the identity mapping via the skip path,
ensuring valid representations even when blocks are dropped. Formally, for a residual

connection of the form
BY(x) +x,

the masked computation at block [ is

A

BY(x) = mYBY(x) +x. (2)

4.4.3 Block Backwards SDP

We also consider the more general case of backward masking, where

Myeyq = muni and mMypywq — M.
In this instantiation, the block may be active during the forward pass but omitted
during the backward pass. We refer to this block-level backward-masked setting as
B,-SDP.

4.4.4 Memory, compute, and communication cost

Let N be the total parameter count and C' € (0, 1] the per-worker density (fraction of
coordinates selected by the mask). Consider bf16 parameters (2 bytes), fp32 gradients
(4 bytes), and Adam accumulators in fp32 (8 bytes). Standard data parallel training
requires approximately 14N bytes per worker (Rajbhandari et al., 2020; Micikevicius
et al., 2018).

In forward masking, only the C'N coordinates materialize parameters, gradients,
and accumulators, using approximately 14C'N bytes; for structured masks
(channel/block level), activations and compute also scale approximately with C'.

In backward masking, the full forward is computed, but gradients and

accumulators are stored only for the C'N active coordinates, giving
(24 12C)N

bytes. Activations scale approximately with C.

Communication cost is also reduced under SDP. In ring all-reduce, each worker
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with N parameters sends and receives about 2N scalars per step, whereas SDP
synchronizes only the C'N active coordinates, reducing the cost to approximately
2CN (Patarasuk and Yuan, 2009; Tang et al., 2023). When masks differ across
workers, each parameter block is reduced only within its subset of workers; this holds

for both forward and backward masking.

4.5 Balanced Mask Construction for SDP

Let n be the number of workers, m the number of components (can be either a layer

or a neuron), and p € {0,...,m} the per-worker budget. We construct a binary mask
M e {0, 1}, M, ; =1 < worker 7 is assigned component j.

Define the column loads ¢; = Y77 M; ; and the target load

n
"= [pw )
m
The mask is constructed by a (probabilistic) procedure that enforces the exact per-

worker budget
Z Mi,j =p for all i,
j=1

and heuristically balances column loads by biasing assignments toward under-covered

components, with the goal of approximately minimizing the imbalance

. np
min max Cj ——|-
]e{lzzm} m

Algorithm 1 describes the structured mask construction.
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Algorithm 1: Structured Mask Construction

Input: n, m, p

Output: M € {0, 1}™*™

Initialize M < 0,,5m

Initialize ¢; <= 0 forall j =1,...,m

[

Phase 1: Probabilistic balanced assignment
for : =1 ton do

wj < max(t — c;,€) for all j

Normalize {w;} to probabilities

H
e

Sample p distinct columns S;
for j € S, do

M;; <1

cj ¢ +1

—_ = =
P S

14: Phase 2: Column coverage repair
15: for j =1 tom do

16: A—t—g

17: if A >0 then

18: for r=1to A do

19: Select row ¢ such that M; ; =0 and >°, M;, <p
20: Mi’j +~—1

21: cj<cj+1

22: if >°). M, > p then

23: Select k with M, =1 and ¢ >t

24: M, <0

25: cp —cp — 1

26: return M

4.6 Practical Training Considerations

This section discusses practical aspects of training with Subnetwork Data Parallelism
(SDP), including compute scaling, fairness in comparison with standard data

parallelism, and compatibility with other distributed training techniques.
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4.6.1 Compute Scaling and FLOP Matching

Let N denote the total number of parameters and C' € (0, 1] the per-worker parameter
density.

Under structured forward masking (e.g., N-SDPor B-SDP), only the CN active
coordinates are materialized during the forward and backward passes. For structured
masks applied at the neuron or block level, both activations and arithmetic operations
scale approximately proportionally to C'. Thus, the per-iteration computational cost

satisfies

FLOPSSDP ~(C- FLOPSDP.

In backward masking (By,-SDP), the full forward pass is computed, while
gradients and optimizer updates are restricted to the C'N active coordinates. In
this case, forward computation remains unchanged, while backward and optimizer
costs scale approximately with C'.

When comparing SDP against standard data parallelism, it is therefore important
to account for total computational budget. To ensure fair comparisons, one may
scale the number of training iterations so that the total floating-point operations are
matched across methods. This isolates the effect of masking on optimization behavior

from differences in raw compute usage.

4.6.2 Effect of Mask Structure on Stability

The choice of masking granularity influences training stability.

Neuron-Level Masking. In N-SDP, masking must be applied consistently across
consecutive layers. Removing outputs of layer [ induces removal of corresponding
inputs in layer [ 4+ 1. This structural consistency ensures that the masked network

defines a valid end-to-end mapping.

Block-Level Masking. In B-SDP, entire residual blocks are removed. Because
residual architectures preserve identity mappings via skip connections, masking a
block does not disrupt dimensional compatibility. This property makes residual

networks particularly well-suited for structured block masking.

Backward Masking. Backward masking preserves the full forward representation

while reducing gradient storage and synchronization. As shown in the appendix,
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backward masking maintains unbiased gradients while introducing a variance inflation
term governed by p2. In practice, this variant often exhibits improved stability relative

to forward masking at low densities.

4.6.3 Compatibility with Other Parallelisms

SDP operates at the replica level and does not require cross-device activation
exchange. Consequently, it is orthogonal to existing model-parallel techniques.

In particular, tensor parallelism, pipeline parallelism, and parameter sharding can
be applied within each SDP replica to further reduce memory usage for large models.
Conversely, SDP reduces inter-replica communication by restricting synchronization
to active coordinates.

This composability allows SDP to be deployed in bandwidth-constrained settings
where activation exchange would otherwise dominate communication cost, while still

benefiting from intra-replica parallelism for scaling large architectures.

4.6.4 Limiting Cases

Two limiting regimes provide additional intuition:

e When C' = 1, the masking matrix reduces to the all-ones matrix, and SDP

recovers standard Distributed Data Parallel training.

o When masks are disjoint across workers (each coordinate assigned to exactly one

worker), synchronization has no effect and training becomes fully partitioned.

These extremes illustrate that SDP interpolates smoothly between full replication
and full partitioning, with the overlap structure controlling the trade-off between

memory efficiency, communication cost, and statistical efficiency.
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Chapter 5
Experimental Evaluation

This chapter empirically evaluates Subnetwork Data Parallelism (SDP) and its
structured variants. We validate the theoretical memory and communication
reductions derived in Chapter 4, analyze the alignment of masked gradients with full-
model updates, and compare optimization performance and efficiency across different

masking strategies and parameter densities.

5.1 Experimental Setup

We evaluate Subnetwork Data Parallelism (SDP) across image classification and large
language modeling tasks. Experiments are conducted on CIFAR-10 / CIFAR-100 and
on large-scale language modeling using the FineWeb dataset.

We define the parameter density per worker C as

where m is the total number of components in the model and p is the number of
active components assigned to each of the n workers. Components correspond to
computational units such as residual blocks in ResNets or transformer blocks and
attention heads in transformer architectures. The density C' therefore quantifies the
fraction of the model trained on each worker. The case C' = 1 corresponds to standard
data-parallel training.

Structured masks are generated using the balanced construction procedure
described in Section 4.5. Unless otherwise stated, hyperparameters are either adopted
from prior literature or tuned for the DDP baseline and reused across all SDP variants.

This isolates the effect of masking from hyperparameter differences.
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5.1.1 ResNet-18 Architecture

We evaluate SDP on ResNet-18 and its wider variant (He et al., 2015; Zagoruyko and
Komodakis, 2017) for CIFAR-10 and CIFAR-100 classification.

Training configuration. All experiments use n = 8 GPUs with an effective batch
size of B = 512, corresponding to 64 samples per GPU. The baseline configuration
(C' = 1) is trained for 200 epochs.

We evaluate the three SDP variants introduced in Chapter 4: N-SDP, B-SDP,

and B,-SDP. The number of active blocks per worker is varied as
p E {87 7’ 67 57 47 3}7

corresponding to densities C' = p/8.

Training uses standard hyperparameters from prior literature, including cosine
annealing with linear warm-up over the first 5% of iterations (Goyal et al., 2018;
Loshchilov and Hutter, 2017). The peak learning rate is 7y.x = 0.2 and the minimum
learning rate is 7y, = 0.002. We also evaluate a multi-step schedule where the

learning rate is reduced at predefined milestones.

FLOP matching. To ensure fair comparison across densities, we match total
computational budget. For N-SDP and B-SDP, training epochs are scaled inversely
with density (e.g., C' = 4/8 doubles the number of epochs). For B,-SDP, we account
for the higher backward cost and scale training iterations accordingly (e.g., C' = 4/8

corresponds to a 1.5 increase in training iterations).

5.1.2 Swin Transformer

We evaluate SDP on Swin-T (Tiny) (Liu et al., 2021), which contains d = 12
transformer blocks and follows a hierarchical architecture with attention head counts
{3,6,12,24} across stages.

Experiments are conducted on CIFAR-10 and CIFAR-100 using n = 8 GPUs and
an effective batch size of B = 512. The baseline DDP configuration is trained for 400
epochs using the AdamW optimizer with cosine learning rate schedule and 5% warm-
up (Loshchilov and Hutter, 2018, 2019). The peak learning rate is nmax = 2 X 1074,

We vary the number of active blocks per worker as
p € {10,9,8,6,5},
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corresponding to densities C' = p/12.

For N-SDP, structured masking is applied only to attention heads in stages 2—4.
Stage 1 is excluded due to its small number of heads, which limits pruning flexibility
without significant memory benefit.

As with ResNet experiments, training duration is scaled proportionally to

maintain FLOP matching across densities.

5.1.3 Large Language Models

We evaluate SDP on a 134M parameter LLaMA-style transformer trained on the
FineWeb dataset (Touvron et al., 2023; Penedo et al., 2024).

The DDP baseline follows Chinchilla scaling laws and is trained with a 3B token
budget using 8 workers and a global batch size of 2M tokens (sequence length 1024)
(Hoffmann et al., 2022). Optimization uses AdamW with learning rate 8 x 1072,
weight decay 0.1, and cosine schedule with 10% warm-up.

We compare N-SDP, B-SDP, and B,-SDP under FLOP-matched settings. For
B-SDP and B,-SDP, block-level masking follows the same strategy as in the Swin
experiments. For N-SDP, structured masks are applied to attention heads in each
transformer block.

LLMs impose significant memory constraints in practice, making this setting
particularly relevant for evaluating the memory reduction benefits of SDP.
All hyperparameters are tuned for the DDP baseline and reused across SDP

configurations.

5.2 Empirical Memory and Communication Anal-
ysis
Section 4.4.4 derived analytical expressions for the memory footprint of SDP under

forward and backward masking. We now empirically validate these reductions using

a component-wise decomposition of training-time memory.

5.2.1 Parameter, Gradient, and Optimizer Memory

Figure 3 reports the per-GPU memory footprint for the 134M LLM model under

different SDP configurations at coverage ratios that match or outperform the DDP
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Figure 3: Stacked memory breakdown for different SDP configurations (B-SDP, B;,-SDP,
N-SDP) compared to the DDP baseline. Total training memory is decomposed into model
weights, gradients, and optimizer states. All SDP variants reduce memory usage while
achieving validation loss comparable to or lower than DDP.

baseline. Memory is decomposed into model weights, gradient buffers, and optimizer
states.

Compared to DDP, all SDP variants substantially reduce the dominant gradient
and optimizer components, while maintaining the full parameter replica on each
worker. This confirms the analytical prediction that SDP primarily targets the
memory terms that scale with the number of trainable coordinates, rather than static
parameter storage.

Under forward masking (B-SDP and N-SDP), only the active fraction C' of
coordinates materialize gradient buffers and optimizer accumulators. As derived
in Section 4.4.4, this leads to an approximately linear reduction in gradient and
optimizer-state memory with respect to C'. For example, B-SDP at C' = 6/8 reduces
per-GPU memory from 1.75 GB in DDP to 1.19 GB, corresponding to a 32% reduction
in total training memory. The majority of savings arise from eliminating inactive
optimizer states.

Backward-masked SDP (B,-SDP) exhibits an intermediate memory profile.
Although the forward pass materializes the full model, gradient and accumulator
storage are restricted to active coordinates. Consequently, optimizer memory scales
similarly to B-SDP, while gradient memory remains slightly larger due to full forward
instantiation. This results in a footprint of 1.27 GB, demonstrating that substantial
memory savings can be achieved even when forward computation is unchanged.

Importantly, these reductions are obtained without degrading validation
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performance. All SDP configurations match or improve upon the DDP baseline in
validation loss, indicating that structured backward sparsification provides a favorable

trade-off between memory efficiency and optimization quality.

5.2.2 Activation Memory
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Figure 4: Activation memory footprint for the 134M LLM model under different SDP
configurations at coverage ratios achieving validation loss comparable to or better than
DDP. Numbers inside bars denote total activation memory (GB); values above indicate
validation loss.

Figure 4 compares activation memory across configurations. Standard DDP incurs
the highest activation footprint (3.84 GB) with validation loss 3.21. All SDP variants
significantly reduce activation memory while maintaining or improving performance.

B-SDP and B;-SDP reduce activation memory by approximately 37% (2.43 GB)
while achieving lower validation losses (3.16 and 3.17, respectively). N-SDP further
reduces activation memory to 1.84 GB (a 52% reduction relative to DDP), with
validation loss comparable to the baseline.

These results demonstrate that structured masking not only reduces optimizer
and gradient storage but also decreases activation memory, enabling substantially
more memory-efficient training at comparable model quality.

Overall, these experiments confirm that the theoretical memory scaling derived
in Chapter 4 translates directly into practical memory savings across model sizes,

without compromising optimization quality.
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5.3 Gradient Alignment Analysis

To better understand the optimization behavior of SDP, we analyze the alignment
between gradients produced by SDP subnetworks and those of a full-model DDP
replica. This analysis provides empirical insight into how masking affects descent

directions relative to the true full-model gradient.

5.3.1 Alignment Metric

We measure alignment using cosine similarity. For a given layer or block, let gspp
denote the gradient computed by an SDP configuration and let gppp denote the
gradient from a full DDP replica. The alignment is defined as

COS(QSDP gDDP) — <gSDPngDP>
’ lsoe | llgooe]

For B-SDPand B,-SDP, alignment is computed over active blocks. For N-

SDP, alignment is computed over active parameters within each layer. In all cases,

comparisons are restricted to coordinates that are active under the corresponding

mask.

5.3.2 ResNet-18 Analysis

Figure 5 reports gradient alignment across convolutional layers of ResNet-18 at
density C' = 4/8.

Among all methods, B,-SDP consistently achieves the highest cosine similarity
(approximately 0.6) with the full-model gradient. This behavior aligns with the
theoretical analysis shown in the appendix. Because backward masking preserves
the full forward computation, the aggregated gradient remains an unbiased estimator
of the true gradient, with deviation controlled by the masking operator’s distance
from uniform averaging. Consequently, B,~-SDP maintains stronger alignment with
the full-model descent direction.

In contrast, B-SDP and N-SDP exhibit substantially lower alignment,
particularly in earlier layers. Under forward masking, the model itself is evaluated
on a masked parameter subset, which alters both activations and gradients. This
introduces structured deviations from the full-model gradient, leading to reduced

cosine similarity.
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Figure 5: Cosine similarity between gradients produced by SDP subnetworks and the full
ResNet-18 model across convolutional layers (C' = 4/8). By-SDP achieves the highest
alignment with the full-model gradient, while B-SDP and N-SDP exhibit lower similarity,
particularly in early layers.

5.3.3 Interpretation

Interestingly, stronger gradient alignment does not necessarily translate into superior
empirical performance. Despite B,-SDP exhibiting the highest cosine similarity, B-
SDP and N-SDP often achieve equal or better validation performance in practice.

This can be explained by two complementary factors:

o Forward-masked variants reduce per-iteration computational cost, enabling

longer training under a fixed FLOP budget.

« Even when gradients deviate from the full-model gradient, they may still define

effective descent directions for optimizing the global objective.

These observations suggest that exact gradient matching is not required for
effective optimization under structured subnetwork training. Instead, SDP trades
strict alignment for computational efficiency, while preserving sufficiently informative

descent directions to maintain or improve performance.
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Together with the convergence analysis, these results indicate that backward
masking minimizes gradient distortion, whereas forward masking may offer a favorable

efficiency—performance trade-off in practice.

5.4 Accuracy Results on Image Classification

We now evaluate the predictive performance of SDP on image classification tasks.
In addition to reducing memory footprint (Section 5.2), we examine how parameter

density affects accuracy across architectures and masking strategies.
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Figure 6: Top-1 accuracy (1) versus fraction of DDP memory for B-SDP, B,-SDP, and
N-SDP on ResNet-18 and WideResNet-18 model across CIFAR-10 and CIFAR100. Each
point corresponds to a configuration with a given number of active components determined
by coverage ratio C'. The black marker and dashed line denote the DDP baseline. Across
both architectures and datasets, SDP configurations consistently achieve competitive or
higher accuracy while using substantially less memory (60% reduction) than the DDP
baseline, demonstrating a clear efficiency-performance advantage. In particular, N-SDP
exhibits the strongest accuracy and memory trade-off, outperforming B-SDP and By-SDP
at comparable or lower memory fractions.

Figure 6 summarizes results for ResNet-18 (RN-18) and Wide-ResNet-18 (WRN-
18) on CIFAR-10 and CIFAR-100 across varying densities C.
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The primary benefit of SDP is the ability to reduce per-worker memory while
maintaining competitive accuracy. On CIFAR-10, both RN-18 and WRN-18 retain
strong performance even when operating with substantially reduced memory budgets.
For example, at approximately 40% of the DDP memory footprint, both architectures
achieve competitive accuracy relative to the full-model baseline.

At moderate sparsity levels, forward-masked variants exhibit particularly strong
behavior. Using roughly 64% of DDP memory, N-SDP surpasses the DDP baseline
on both CIFAR-10 and CIFAR-100. This suggests a regularization effect induced
by structured subnetwork training, where partial model exposure may improve
generalization. Even at approximately 56% of DDP memory, performance remains
competitive, especially for N-SDP, while offering substantial memory savings.

Across both architectures and datasets, performance degrades gracefully as density
decreases. WRN-18 demonstrates greater robustness than RN-18 at high sparsity,
indicating that wider models may better tolerate structured masking.

Under extreme sparsity (e.g., C' = 3/8), behavioral differences between masking
strategies become more pronounced. In this regime, B,-SDP clearly outperforms
N-SDP and B-SDP, achieving strong accuracy while other variants degrade
significantly. This behavior is consistent with the theoretical analysis in Chapter 4:
backward masking preserves unbiased gradient estimates and therefore maintains
more stable optimization when overlap between workers is minimal. However, this
stability comes at the cost of slower per-iteration convergence relative to forward
masking.

Two factors help explain the advantage of forward masking at moderate densities:

« Forward masking effectively trains multiple partially distinct subnetworks whose

periodic synchronization introduces diversity, which can improve generalization.

o Under FLOP matching, forward-masked variants benefit from increased training
iterations relative to backward masking, leading to improved optimization

progress.

Finally, repeating experiments with a linear learning rate scheduler yields
consistent trends, indicating that the observed behavior is not specific to a particular
schedule. Overall, these results demonstrate that SDP provides a favorable memory—

accuracy trade-off across convolutional architectures.
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Figure 7: Top-1 accuracy (1) versus fraction of DDP memory for B-SDP, B;-SDP, and
N-SDP on Swin tiny architecture across CIFAR-10 and CIFAR100. All SDP configurations
achieve competitive accuracy while using substantially less memory than the DDP baseline,
demonstrating a clear efficiency advantage over full-model training. Notably, unlike
convolutional architectures, B-SDP consistently delivers the strongest accuracy-memory
trade-off on Swin-Tiny (32% memory reduction), outperforming N-SDP and B;,-SDP
at comparable or lower memory fractions. This suggests that block-structured subnetworks
are particularly well aligned with hierarchical, windowed attention architectures such as
Swin.

5.4.2 Swin Transformer

We next evaluate SDP on the Swin-T (Tiny) transformer architecture. Results are
shown in Figure 7 for CIFAR-10 and CIFAR-100.

Consistent with the ResNet experiments, B-SDP maintains stable performance
even as the number of active blocks decreases. On CIFAR-10, accuracy remains
near 90% while using approximately 68% of DDP memory. On CIFAR-100, accuracy
improves from 64.76% (12 blocks) to 66.64% (10 blocks), representing a 2% gain over
the full-model baseline at reduced memory.

N-SDP exhibits different behavior in transformer architectures. While moderate
masking is well tolerated, aggressive masking of attention heads leads to a sharp
performance drop beyond approximately 80% of DDP memory reduction. This
suggests that excessive pruning of attention heads degrades representational capacity
in hierarchical transformer models.

As observed for ResNet, B,-SDP maintains the strongest performance under high
sparsity, reflecting the benefit of unbiased gradient aggregation in regimes of limited
parameter overlap.

Overall, results across CNN and transformer architectures demonstrate that SDP
consistently preserves or improves accuracy under substantial memory reductions.
The relative performance of masking strategies depends on architecture and sparsity

level: forward masking often provides stronger empirical performance at moderate
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densities, whereas backward masking offers improved stability under extreme

sparsity.

5.5 Large Language Model Results

We now evaluate SDP in large-scale language modeling settings, where memory

constraints are particularly acute and training efficiency is critical.

5.5.1 134M Parameter Model
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Figure 8: Validation loss (}) versus fraction of DDP memory for different SDP
configurations (B-SDP, B,-SDP, N-SDP) compared to the DDP baseline. All SDP
variants achieve lower validation loss than DDP while using substantially less memory,
demonstrating a clear efficiency-performance advantage over full DDP. In particular, B-
SDP provides the most favorable trade-off, achieving a 32% reduction in memory
footprint while reaching a validation loss of 3.16, outperforming the DDP baseline (3.21).

We consider a 134M-parameter LLaMA-style transformer trained on the FineWeb
dataset. The DDP baseline follows a compute-optimal regime derived from Chinchilla
scaling laws, with a total training budget of 3B tokens. All configurations are
evaluated under FLOP-matched settings to ensure fair comparison across masking
strategies.

We compare N-SDP, B-SDP, and B,-SDP against standard DDP. For B-
SDPand B,-SDP, block-level masking follows the same structured design used in
the Swin experiments. For N-SDP, structured masks are applied to attention heads
in each transformer block.

Language models impose substantial memory requirements due to large optimizer
states and activation footprints. As shown in Section 5.2, SDP significantly reduces
these memory components. We now examine whether these reductions compromise

model quality.
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Across configurations, SDP consistently matches or improves upon the DDP
baseline in validation loss. In particular, B-SDP is especially effective: using
approximately 68% of the DDP memory footprint, it achieves a validation loss of 3.16
compared to 3.21 for DDP. This demonstrates that structured subnetwork training
can yield both improved memory efficiency and improved optimization performance
in large-scale autoregressive models.

These results indicate that reducing backward state via structured masking
does not degrade the learned language representation. On the contrary, moderate
sparsification appears to preserve, and in some cases enhance, generalization

performance.

5.5.2 Scaling to 500M Parameters

Table 1: Validation loss (Val. Loss) for different SDP modes comparing them with DDP
for a 500M model.

Metric DDP (C' =1) N-SDP(C =8/24) B-SDP(C = 20/24)
2.73 2.69 2.73

To evaluate scalability, we extend the analysis to a 500M-parameter language
model trained with approximately 20x more tokens than the compute-optimal
Chinchilla budget for the 134M model, following the same scaling principles. Given
prior results, we focus on the most promising configurations: B-SDP and N-SDP.

We evaluate moderate density settings of C' = 20/24 for B-SDP and C' = 8/24
for N-SDP. Results are summarized in Table 1.

Both configurations match or exceed the full-model DDP baseline in validation
loss. Notably, N-SDP achieves lower validation loss than DDP despite operating
at reduced density, demonstrating that the optimization benefits observed at 134M
parameters persist at larger scale.

These findings confirm that the memory-efficiency advantages of SDP translate to
larger transformer models without sacrificing model quality. Moreover, the stability of
performance under moderate sparsification suggests that structured backward-state
reduction remains effective even as model capacity and training budgets increase.

Overall, the LLM experiments reinforce the central claim of this work: Subnetwork
Data Parallelism enables substantial reductions in per-worker memory while
maintaining, and in some regimes improving, optimization performance across both

moderate and large-scale language models.
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5.6 Discussion and Trade-offs

The experimental results across vision and language models reveal several consistent

patterns regarding the trade-offs induced by Subnetwork Data Parallelism (SDP).

5.6.1 Memory—Accuracy Trade-off

Across all architectures, SDP achieves substantial reductions in per-worker memory
while maintaining competitive or improved predictive performance. The memory
savings arise primarily from eliminating inactive gradient buffers and optimizer states,
as predicted by the analytical model in Section 4.4.4. Importantly, these reductions
do not require full parameter partitioning or activation exchange across devices.

Performance degrades gracefully as the density C decreases. At moderate
sparsity levels, forward-masked variants frequently match or exceed the full-model
DDP baseline despite operating with significantly reduced memory. This suggests
that structured subnetwork training may act as an implicit regularizer, improving
generalization while lowering resource requirements.

Under extreme sparsity, backward masking exhibits greater robustness. This is
consistent with the theoretical analysis in the appendix, where backward masking
preserves unbiased gradient estimates, with deviation controlled by the mixing
operator. As overlap between workers becomes minimal, maintaining unbiased

gradient aggregation becomes increasingly important for stability.

5.6.2 Gradient Alignment vs Optimization Quality

The gradient alignment analysis in Section 5.3 showed that B,-SDP maintains the
highest cosine similarity with the full-model gradient, reflecting its unbiased backward
aggregation. However, stronger alignment does not necessarily translate into superior
empirical performance.

Forward-masked variants often outperform backward masking at moderate

densities. Two factors help explain this observation:

o Reduced per-iteration computational cost allows forward-masked configurations

to train for more iterations under a fixed FLOP budget.

o Even when gradients deviate from the full-model gradient, they may still define

effective descent directions for optimizing the global objective.
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These results indicate that exact gradient matching is not required for
effective optimization. Instead, SDP trades strict gradient alignment for improved

computational efficiency, while preserving sufficiently informative descent directions.

5.6.3 Architectural Sensitivity

The relative effectiveness of masking strategies depends on architectural structure.
Convolutional architectures (ResNet and Wide-ResNet) exhibit strong robustness
to structured masking, particularly under neuron-level masking.  Transformer
architectures behave differently: aggressive masking of attention heads can reduce
representational capacity, leading to sharper degradation in performance.
Nevertheless, block-level masking remains stable across both CNN and
transformer models, and backward masking consistently provides improved stability

at high sparsity levels.

5.6.4 Scalability to Large Models

The large language model experiments demonstrate that SDP scales beyond small-
and medium-sized models. For both 134M and 500M parameter transformers trained
under compute-optimal regimes, SDP matches or exceeds DDP performance while
reducing memory requirements.

This confirms that the efficiency gains of SDP are not limited to small
architectures. Structured backward-state reduction remains effective even as model

size and data scale increase.

5.6.5 Practical Implications

Taken together, these results position SDP as a flexible point in the distributed
training design space. It interpolates between fully replicated data parallelism (C' = 1)
and fully partitioned training (C' — 0), allowing practitioners to control memory
footprint, communication cost, and statistical efficiency through the overlap structure.

Forward masking offers stronger performance at moderate sparsity due to
increased training iterations and implicit diversity effects. Backward masking provides
improved stability at extreme sparsity due to unbiased gradient aggregation. The
choice between variants therefore depends on hardware constraints, desired memory

reduction, and acceptable convergence speed.
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Overall, SDP enables memory-efficient large-scale training without sacrificing
optimization quality, and in several regimes improves generalization relative to

standard data parallelism.
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Chapter 6

Conclusion

6.1 Summary of Contributions

This thesis introduced Subnetwork Data Parallelism (SDP), a distributed training
framework designed to address the growing memory bottlenecks in large-scale
neural network optimization. Modern training pipelines are increasingly constrained
not only by compute but by per-device memory limits arising from parameter
replication, gradient buffers, optimizer states, and activation storage. Standard data-
parallel training fully replicates these components across workers, while classical
model-parallel approaches reduce replication at the cost of increased activation
communication. SDP occupies a distinct position in this design space by training
structured, overlapping subnetworks on each worker without requiring cross-device
activation exchange.

The core contribution of this work is the formalization and empirical validation
of this framework. First, we introduced a generic masking abstraction in which
each worker is assigned a subset of model coordinates, and synchronization occurs
only across overlapping parameters. This formulation allows interpolation between
fully replicated data parallelism and fully partitioned training through a controllable
density parameter C' € (0, 1].

Second, we proposed structured instantiations of this framework:

« Neuron-Level SDP (N-SDP), which removes neurons or channels in a

structured manner across layers;

« Block-Level SDP (B-SDP), which drops entire residual or transformer
blocks;
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« Backward-Masked SDP (B,-SDP), which preserves full forward computa-

tion while restricting gradient aggregation.

These variants enable practical memory reductions while preserving architectural
consistency and end-to-end trainability.

Third, we developed a balanced mask construction algorithm that enforces
fixed per-worker budgets while approximately equalizing parameter coverage across
workers.  This ensures stable synchronization behavior and controlled overlap
structure.

Fourth, we provided a theoretical analysis of backward masking under standard
L-smoothness assumptions. We showed that masked gradient aggregation preserves
unbiasedness while introducing a variance inflation term governed by the distance
between the masked mixing operator and uniform averaging. This result formalizes
the trade-off between sparsity and convergence rate.

Finally, extensive experiments across convolutional networks, vision transformers,
and large language models demonstrated that SDP achieves substantial per-device
memory reductions - typically in the range of 32% to 60% while maintaining or even
improving predictive performance relative to standard data parallelism. Notably,
SDP scales to language models trained under compute-optimal regimes, confirming
its practical viability beyond small-scale settings.

Together, these contributions establish Subnetwork Data Parallelism as a flexible
and scalable alternative to fully replicated training, enabling larger models and longer

sequences to be trained within fixed hardware budgets.

6.2 Empirical Insights

The empirical evaluation of SDP across convolutional networks, vision transformers,
and large language models reveals several consistent patterns that clarify the practical
behavior of structured subnetwork training.

First, memory reductions closely follow the analytical scaling derived in Chapter 4.
Across all architectures, eliminating inactive gradient buffers and optimizer states
produces near-linear reductions in per-device memory with respect to the density
parameter C'. These savings are achieved without requiring parameter partitioning
or cross-device activation communication, confirming that SDP effectively targets the
dominant memory components in modern training pipelines.

Second, predictive performance degrades gracefully as sparsity increases. At

moderate densities, forward-masked variants frequently match or exceed the accuracy
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of standard data parallel training. This behavior suggests that structured subnetwork
training may introduce an implicit regularization effect, improving generalization
while reducing resource usage. The effect is particularly pronounced in convolutional
architectures and moderate-scale transformers.

Third, backward masking provides improved stability under extreme sparsity. As
overlap between workers becomes minimal, unbiased gradient aggregation becomes
increasingly important. Empirically, backward-masked variants maintain stronger
performance in high-sparsity regimes, consistent with the theoretical variance analysis
presented in Chapter 4.

Fourth, gradient alignment analysis reveals that exact correspondence with the
full-model gradient is not required for effective optimization. Although backward
masking achieves the highest cosine similarity with the DDP gradient, forward-masked
variants often achieve stronger empirical performance under FLOP-matched settings.
This indicates that effective descent directions can be maintained even when gradients
deviate from the full-model reference, particularly when computational savings allow
additional training iterations.

Finally, the language modeling experiments demonstrate that these trends persist
at larger scale. For both 134M and 500M parameter models trained under compute-
optimal regimes, SDP matches or exceeds DDP performance while operating at
reduced memory footprints. This confirms that the observed benefits are not confined
to small-scale settings but extend to modern large-model training scenarios.

Overall, the empirical results indicate that SDP offers a controllable trade-off
between memory efficiency and optimization fidelity. By adjusting the overlap
structure through the density parameter C', practitioners can balance resource
constraints against statistical efficiency, enabling scalable training under limited

hardware budgets.

6.3 Limitations

While Subnetwork Data Parallelism demonstrates strong empirical performance and
substantial memory savings, several limitations should be acknowledged.

First, the theoretical analysis is restricted to the backward-masked setting under
standard L-smoothness assumptions. Although this framework provides insight into
variance inflation through the mixing operator, it does not capture the full dynamics
of forward masking, where gradients are computed on structurally modified models.

A complete theoretical characterization of forward-masked optimization behavior
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remains an open problem.

Second, hyperparameters were primarily tuned for the DDP baseline and reused
across SDP configurations. While this isolates the impact of masking, it may not
reflect the optimal training regime for each density level. In practice, density-
dependent tuning could further improve performance, particularly under high
sparsity.

Third, the effectiveness of structured masking depends on architectural properties.
Convolutional networks and residual architectures exhibit strong robustness to block-
level masking, whereas aggressive attention-head masking in transformers can degrade
representational capacity. The generality of SDP across diverse architectural families
therefore depends on the availability of structurally consistent masking schemes.

Fourth, as sparsity increases, the deviation between masked aggregation and
uniform averaging grows. Although backward masking preserves unbiasedness, the
variance inflation term governed by the mixing operator may slow convergence at very
low densities. This introduces a trade-off between memory efficiency and statistical
efficiency that may limit extreme sparsification.

Fifth, the communication pattern assumes efficient masked synchronization
across overlapping coordinates. While this reduces total communication volume,
implementation complexity may increase in large distributed systems where
overlapping masks differ across workers. Practical deployment in heterogeneous
clusters may require additional engineering considerations.

Finally, this work focuses on structured subnetwork training within fully shared
parameter spaces. It does not explore adaptive or learned masking strategies, dynamic
overlap schedules, or integration with sparse expert routing mechanisms. These
extensions could further improve flexibility and scalability but remain beyond the
scope of the present study.

Despite these limitations, the results demonstrate that SDP provides a practical
and scalable alternative to fully replicated data parallel training, motivating further

investigation into adaptive masking and deeper theoretical analysis.

6.4 Future Work

The results presented in this thesis open several promising directions for future
research.
A natural extension concerns adaptive masking strategies. In this work, masks

are constructed using a balanced assignment procedure and remain fixed throughout
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training. Allowing masks to evolve dynamically - either through scheduled density
annealing or learned assignment mechanisms - could enable more efficient exploration
of the parameter space. For example, early training could employ higher overlap for
stability, followed by progressive sparsification to reduce memory footprint.

Another direction involves learnable or data-dependent mask construction. Rather
than assigning components uniformly, mask selection could incorporate gradient
magnitude, activation statistics, or learned importance scores. Such approaches may
further improve the trade-off between memory efficiency and optimization quality,
particularly under extreme sparsity.

From a theoretical perspective, extending convergence analysis beyond the L-
smooth setting remains an important open problem. A deeper understanding of
forward-masked dynamics, as well as tighter bounds that characterize the dependence
on density C' and mixing structure, would strengthen the theoretical foundations of
structured subnetwork training.

There is also significant opportunity in combining SDP with other distributed
training paradigms. Because SDP operates at the replica level without requiring
activation exchange, it is naturally composable with tensor parallelism, pipeline
parallelism, and parameter sharding. Exploring joint optimization of overlap
structure and intra-replica partitioning could enable training of substantially larger
models within fixed hardware constraints.

Finally, structured subnetwork training may interact fruitfully with emerging
sparse and modular architectures, including mixture-of-experts models and sparsely
activated transformers. Integrating SDP with expert routing or conditional
computation mechanisms could further reduce memory and communication costs
while preserving expressivity.

Overall, Subnetwork Data Parallelism introduces a flexible framework for trading
memory, communication, and statistical efficiency. Continued investigation into
adaptive masking, theoretical refinement, and large-scale system integration may

further expand its applicability to next-generation large-scale learning systems.
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Appendix

A Theoretical Analysis

We now analyze the convergence behavior of Subnetwork Data Parallelism under
backward masking. In this setting, the forward pass uses the full model while masking

is applied only during gradient aggregation.

A.1 Setting and Assumptions

Let f: R/l = R denote the objective function. We assume:

e fis L-smooth, i.e.,
L 2
fy) < f2) + (V@) y —a) + Slly —z[* Vo
« Each worker computes a stochastic gradient ¢! at 6 satisfying
Elg; | 0'] = V f(8"),
E[llg — V(6] 6] < o”.

Under backward masking, gradients are aggregated via the masked averaging

operator:

g = m(gi, . :9;)-

Let the uniform averaging operator be

— uni 1 =
G = Mgt gh) = =D gt
"=

Define the masking deviation
5t — gt . gt .

The parameter update is
0t+1 — Bt _ ng\t
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A.2 Variance Under Linear Mixing

It is a well known result Bottou (2010) that if f is L-smooth and n < then for

any 1' > 1,

2L’

0)_ £*
7 Xico E[Vf(8")]P< w + Lno?p*. (3)

We also require the following variance identity for linear aggregation.
[Variance under linear mixing] Let z1,...,z, € R™ be i.i.d. with E[z;] = = and
1

Cov(x;) = 0°I,. Define the sample mean z := - 3" z; € R" and let

P:(R")"™ — R", (Px); = ZPZ] (r));, 7=1,...,n.

i=1

Then
E|Pz — |2= UQHP—;LHQH; (4)

Proof. For each coordinate j € {1,...,n},

(Po—2); = (P~ ) (@)

=1

By independence across ¢ and the assumption Var((z;);) = o2,

E||Pr 2]} = Y E(Pz - 2); :ij (f)(”—l)(a;i)j)

which concludes the proof. O

Consequence for equation 3. By Lemma A .2, the effective variance term induced
by the linear mixing operator P is 02| P — Elmlzﬂi. Therefore, replacing o2 in

equation 3 by this quantity yields the desired bound of Theorem A.3.

A.3 Application to Backward Masking

In the backward-masking setting, the masked aggregation operator induces a linear

mixing operator P over workers (take m = n in Lemma A.2). The corresponding
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deviation from uniform averaging is measured by

which is the Frobenius distance to the uniform masking.

[SGD rate under Backward-masking] Assume f is L-smooth and choose

1
< — .
n_2L(1+np2)
Then for any T' > 1,
15 2(£(6°) — f*)
— EIVF(O)|?< 2222 1 7 o Tmo?p?
7 S EIVSOOs T oy

where f* = infy f(0).

A.4 Interpretation

The bound matches classical SGD up to a multiplicative variance inflation term p?,

which quantifies how far the masked aggregation operator deviates from uniform

averaging. When the masked mixing reduces to uniform averaging, we have p = 0 and

the bound reduces to standard data-parallel SGD. As the masking deviates further

from uniform assignment, the effective variance increases proportionally to p?, slowing

convergence but preserving the same asymptotic rate structure.
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