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Abstract—The exponential growth in dataset sizes and model
complexity has made distributed training a necessity for
modern machine learning (ML) workloads. However, conven-
tional processor-centric architectures struggle with the data
movement bottleneck, leading to suboptimal performance and
energy efficiency. Processing-In-Memory (PIM) has emerged
as a promising solution, but current PIM systems face critical
scalability challenges due to mandatory host CPU mediation
for inter-DPU communication. We present DIRECT, a novel
architecture enabling CPU-free DPU-to-DPU communication
through a hierarchical crossbar network with hardware-level
synchronization primitives. Qur key innovations include: (1)
Atomic Gradient Accumulation Units (AGAUs) for efficient
local parameter updates, (2) a Distributed Synchronization
Controller (DSC) for global coordination, and (3) locality-aware
training algorithms. Comprehensive evaluations on industry-
standard ML workloads demonstrate a 2.9x speedup in training
time, 65% reduction in energy consumption, and 92% parallel
efficiency at 2048 DPUs (vs. 25% baseline), all with minimal
hardware overhead (0.51mm? area, 205SmW power in 28nm
process). DIRECT outperforms state-of-the-art PIM systems
and bridges the gap with specialized GPU accelerators for
distributed ML training, paving the way for more energy-
efficient and scalable ML infrastructures.

Index Terms—Processing-In-Memory, Data Processing Units,
Efficient ML training

I. INTRODUCTION

The relentless growth in dataset sizes and model com-
plexity has propelled distributed training to the forefront
of modern machine learning (ML) workflows [1]. This
paradigm shift has exposed critical limitations in conven-
tional processor-centric architectures, particularly the data
movement bottleneck, which significantly impedes perfor-
mance and energy efficiency [2]. Processing-In-Memory
(PIM) architectures have emerged as a promising solution
to mitigate this bottleneck by bringing computation closer
to data, thereby reducing costly data transfers [3]. Recent
work by Rhyner et al. [4] has demonstrated the viability of
general-purpose PIM systems for memory-bound ML train-
ing workloads. However, their study also revealed significant
scalability challenges, particularly for data-intensive tasks.
These limitations stem from the mandatory host CPU medi-
ation for inter-DPU (Data Processing Unit) communication,
creating a severe bottleneck in distributed training scenarios.

We model this communication overhead in current PIM
systems as shown in 1,

Teomm = 2Nppu(Lppu-cpu + ) + Qcont + Osyne (1)
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where Nppy represents the number of DPUs, Lppy.cpu
denotes the DPU-CPU latency, M is the message size,
Bppu.cpu is the available bandwidth, (.o, accounts for
queuing delays, and Oy represents synchronization over-
head. To address these limitations and unlock the full
potential of PIM architectures for distributed ML training,
we present DIRECT: a novel architecture enabling efficient,
CPU-free DPU-to-DPU communication through a hierarchi-
cal crossbar network with hardware-level synchronization
primitives. Our work makes the following key contributions:

e We introduce Atomic Gradient Accumulation Units
(AGAUSs), which enable efficient parameter synchro-
nization within local groups, leveraging insights from
recent work on in-memory atomic operations [5].

e We design a Distributed Synchronization Controller
(DSC) that manages global coordination, adapting con-
cepts from decentralized training approaches [6] to the
unique constraints of PIM architectures.

e We develop a hierarchical communication protocol that
optimizes for locality, inspired by recent advancements
in multi-level synchronization for distributed systems
[7].

e« We propose locality-aware training algorithms that
leverage the hierarchical structure of DIRECT to
minimize communication overhead while maintaining
model accuracy.

e« We conduct comprehensive evaluations on industry-
standard ML workloads, demonstrating significant im-
provements in training time, energy efficiency, and
scalability compared to state-of-the-art PIM systems
and GPU accelerators.

The rest of this paper is organized as follows: Section
IT gives a background while Section III provides a de-
tailed overview of the DIRECT architecture and its key
components. Section IV presents our locality-aware training



algorithm. Section IV describes our evaluation methodology
and experimental setup. Section IV presents and analyzes
our results. Section VII discusses the implications of our
work and potential future directions. Finally, Section VIII
concludes the paper.

II. RELATED WORK

Processing-In-Memory architectures have gained signif-
icant attention as a solution to the memory wall problem
in modern computing systems. Early PIM proposals fo-
cused on DRAM-based solutions [8], while recent work has
explored diverse memory technologies including ReRAM
[9] and 3D-stacked memories [3]. However, most existing
PIM systems rely on centralized coordination through host
CPUs, limiting their scalability for distributed workloads.
Several recent studies have investigated PIM systems for
machine learning workloads. Rhyner et al. [4] demonstrated
the potential of general-purpose PIM for memory-bound ML
training but identified significant scalability bottlenecks due
to CPU-mediated communication. UPMEM’s commercial
PIM solution [10] provides programmable DPUs but lacks
hardware support for efficient inter-DPU coordination. Our
work addresses these limitations by introducing dedicated
hardware primitives for DPU-to-DPU communication. In
the domain of distributed ML training, various approaches
have been proposed to reduce communication overhead.
Gradient compression techniques [11] and asynchronous
training methods [12] aim to minimize synchronization
frequency, while hierarchical communication patterns [7]
exploit network topology for efficient parameter updates.
DIRECT incorporates insights from these approaches while
providing hardware-level support specifically tailored for
PIM architectures.

Unlike existing solutions that treat communication as a
software-only problem, DIRECT introduces hardware accel-
eration for both local (AGAU) and global (DSC) synchro-
nization, enabling unprecedented scalability in PIM-based
distributed training systems.

III. DIRECT ARCHITECTURE

The DIRECT architecture addresses the scalability chal-
lenges of current PIM systems by enabling efficient, CPU-
free DPU-to-DPU communication. Fig. 1 illustrates the high-
level organization of DIRECT, highlighting its key compo-
nents and communication pathways.

A. Atomic Gradient Accumulation Units (AGAUs)

AGAUs are specialized hardware units designed to en-
able efficient parameter synchronization within local DPU
clusters. Key features of AGAUs include:

e 256-bit SIMD units for parallel gradient accumulation
e Hardware reduction tree for O(logn) averaging of
gradients
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Fig. 1: DIRECT architecture featuring hierarchical DPU
communication. The design showcases AGAU-to-DSC com-
munication (red), inter-cluster synchronization (blue), and
the interface with the hierarchical crossbar network (green).
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e Local parameter cache with coherence directory to
minimize redundant data transfers

e Atomic update primitives (e.g.,
COMPARE_SWAP) for consistent
multi-DPU environment

FETCH_ADD,
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The AGAU design extends the concept of in-memory
atomic operations [5] to support distributed gradient accu-
mulation across multiple DPUs. This approach significantly
reduces the communication overhead for local parameter
updates, a critical bottleneck in current PIM systems.

B. Distributed Synchronization Controller (DSC)

The DSC is a central component of DIRECT, responsible
for managing global coordination across DPU clusters. Its
key features include:

« Token-based permission system for orchestrating cross-
cluster parameter updates

« Adaptive synchronization interval mechanism based on
gradient staleness metrics

o Hardware-implemented barrier primitives with config-
urable local and global modes

o Priority-based arbitration scheme for resolving update
conflicts

Our DSC design incorporates insights from decentralized
training approaches [6], adapting them to the unique con-
straints and opportunities presented by PIM architectures.
By providing hardware-level support for efficient global
synchronization, the DSC enables DIRECT to maintain high
parallel efficiency even at large scales.



Algorithm 1 DIRECT Training Algorithm

Data: Learning rate 7, batch size B, staleness threshold 7
Result: Updated weights weq

for each epoch do

for each DPU cluster G in parallel do

if DSC.StalenessCheck() > 7 then
token < DSC.AcquireToken()
Gglobal < CrossbarReduce(giocal)
Wpew € W — 1 * Gglobal
DSC.BroadcastUpdate(wy, e )
DSC.ReleaseToken(token)

end

else

‘ Wpew < W — 1 * Glocal
end

end
end
return w,cq

C. Hierarchical Communication Protocol

DIRECT employs a locality-aware, hierarchical commu-
nication protocol that optimizes for both local and global pa-
rameter updates. The communication overhead in DIRECT
can be modeled as:

T Liocar + % if same cluster
comm_direct = Y .
B Letobal + 5~ + Ogse  otherwise
global
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where Ogs represents the DSC overhead, which is typ-
ically about one to two orders of magnitude smaller than
CPU-mediated synchronization in conventional PIM sys-
tems. This hierarchical approach, inspired by recent work
on multi-level synchronization in distributed systems [7], al-
lows DIRECT to significantly reduce global communication
overhead while maintaining the flexibility to perform fine-
grained local updates.

IV. LOCALITY-AWARE TRAINING ALGORITHM

To fully leverage the hierarchical architecture of DIRECT,
we propose a locality-aware training algorithm that balances
the trade-off between computation efficiency and model ac-
curacy. Algorithm 1 outlines the core steps of our approach.
The algorithm combines insights from asynchronous SGD
[12] with PIM-specific optimizations enabled by DIRECT’s
hardware features. Key aspects of the algorithm include:

o Local gradient accumulation within DPU clusters using
AGAUSs (line 3)

Glocal < AGAU.Reduce (Z ;e ComputeGradient, (B ))

o Adaptive global synchronization based on a staleness
threshold (lines 4-5)

« Efficient global gradient reduction using the hierarchi-
cal crossbar network (line 6)

o Token-based coordination for global updates to ensure
consistency (lines 5, 9)

This algorithm allows DIRECT to maintain high compu-
tational efficiency by favoring local updates when possible,
while still ensuring global model consistency through peri-
odic synchronization. The staleness threshold 7 provides a
tunable parameter to balance the trade-off between commu-
nication overhead and model convergence rate.

V. SIMULATION SETUP AND EVALUATION
METHODOLOGY

We make use of Gem5 simulator [13]. To assess
the effectiveness of DIRECT, we build on top of the
gem5_PIM_extension [14], [15] framework, extended
to model Processing-In-Memory (PIM) systems with CPU-
free DPU-to-DPU communication. The simulator includes
key components such as the Atomic Gradient Accumula-
tion Units (AGAUs), Distributed Synchronization Controller
(DSC), and the hierarchical crossbar network, which en-
able efficient synchronization and communication in large-
scale distributed ML training. This section details both the
simulation setup and evaluation methodology used in our
experiments.

1) Atomic Gradient Accumulation Units (AGAUs): The
AGAUE s are modeled as specialized hardware units integrated
into each DPU cluster to perform efficient gradient accumu-
lation and parameter updates. These units include a 256-bit
SIMD unit for parallel accumulation, a hardware reduction
tree for O(logn) averaging, and atomic update primitives
like FETCH_ADD. The simulator captures the latency and
power consumption of these units based on their operations,
ensuring accurate modeling of local DPU computations.

2) Distributed Synchronization Controller (DSC): The
DSC is modeled as a token-based system that manages
global synchronization across DPUs. The simulator accounts
for the delays introduced by the token-based synchronization
mechanism and the overhead of managing global updates.
This allows for realistic modeling of synchronization across
large-scale configurations of up to 2048 DPUs.

3) Hierarchical Crossbar Network: The hierarchical
crossbar network enables direct DPU-to-DPU communica-
tion without the need for CPU mediation. The network
is modeled as a multi-level structure, optimized to reduce
communication hops and maximize bandwidth usage. Com-
munication delays, queuing effects, and contention within
the network are modeled to provide a realistic representation
of the inter-DPU communication overhead.



TABLE I: Simulation Configuration Parameters

Parameter Value
DPU Count Up to 2048
Crossbar Network Levels 4

Token-based DSC

Parallel accumulation, reduction
Gem5 with PIM extensions
ResNet-18, Linear models
Cycle-accurate

Synchronization Mechanism
AGAU Operations
Simulator Framework
Workload Types

Simulation Granularity

A. Evaluation Methodology

We assess DIRECT’s performance using key metrics such
as training time, energy consumption, and parallel efficiency,
comparing it against state-of-the-art baselines like PIM-Opt
and the NVIDIA A100 GPU. The following section details
this evaluation methodology.

1) Workloads and Datasets: We evaluated DIRECT on
two representative machine learning workloads. Linear mod-
els were trained on the YFCC100M-HNfc6 dataset [16],
representing large-scale, sparse machine learning problems.
ResNet-18 was trained on the ImageNet dataset [17], rep-
resenting compute-intensive deep learning workloads. These
workloads were selected to stress both local computation
and inter-DPU communication, testing the scalability and
efficiency of the DIRECT architecture.

2) Key Simulation Parameters: Table 1 summarizes the
key parameters used in the simulation setup.

3) Baselines and Metrics: We compared DIRECT against
two state-of-the-art baselines: PIM-Opt [4], a recent PIM
system optimized for distributed ML, and the NVIDIA
A100 GPU, representing current high-performance GPU
accelerators for ML workloads. We evaluated several key
metrics including training time measured in seconds per
epoch, energy consumption measured in Joules per epoch,
parameter staleness measured in milliseconds, test accuracy
as a percentage, parallel efficiency at various scales up to
2048 DPUs/GPUs, and hardware overhead in terms of area
and power. For the software components, we modified the
PyTorch [1] distributed training framework to interface with
our custom DIRECT runtime. The simulation was run with
up to 2048 DPUs, and the evaluation captured the perfor-
mance improvements in training time, energy consumption,
and parallel efficiency across multiple scales.

VI. RESULTS AND ANALYSIS

Our comprehensive evaluation demonstrates that DIRECT
significantly outperforms both PIM-Opt and GPU baselines
across multiple metrics. In this section, we present and
analyze our key findings.

A. Performance Improvements

Table II summarizes the performance improvements
achieved by DIRECT compared to PIM-Opt and GPU base-
lines for both linear models and ResNet-18. Key findings
from Table II include:

TABLE II: Comprehensive Evaluation Results

Metric Linear Model ResNet-18
PIM-Opt | DIRECT | GPU | PIM-Opt | DIRECT | GPU
Training Time (s/epoch) 245 87.5 120 1240 428 650
Energy (J/epoch) 892 312 560 4350 1522 2740
Parameter Stal (ms) 475 128 220 685 178 380
Test Accuracy (%) 84.2 84.5 84.3 76.1 76.3 76.2
Parallel Efficiency @ 2048 DPUs/GPUs
C ion 0.82 0.95 0.88 0.78 0.93 0.85
C ication 0.25 0.92 0.72 0.22 0.89 0.68
Overall 0.31 0.93 0.76 0.28 0.91 0.73
Hardware Overhead
Area (mm?) ‘ 0.42 ‘ 0.51 ‘ - ‘ 0.42 ‘ 0.51 ‘ -
Power (mW) [ 185 | 205 | - | 18 | 205 | -

e Training Speedup: DIRECT achieves a 2.8x speedup
for linear models and a 2.9x speedup for ResNet-18
compared to PIM-Opt. When compared to the GPU
baseline, DIRECT demonstrates a 1.37x and 1.52x
speedup for linear models and ResNet-18, respectively.

o Energy Efficiency: DIRECT reduces energy consump-
tion by 65% compared to PIM-Opt and 44% compared
to the GPU baseline. This significant improvement in
energy efficiency is primarily attributed to the reduction
in data movement and the elimination of CPU-mediated
communication.

e Parameter Staleness: The hierarchical communication
protocol and adaptive synchronization mechanism in
DIRECT result in a 73% reduction in parameter stal-
eness compared to PIM-Opt and a 42% reduction
compared to the GPU baseline. This reduction in stal-
eness contributes to improved model convergence and
accuracy.

o Accuracy: Despite the reduced communication fre-
quency, DIRECT maintains or slightly improves model
accuracy. For the linear model, we observe a 0.3
percentage point improvement, while for ResNet-18,
the improvement is 0.2 percentage points. This demon-
strates that our locality-aware training algorithm effec-
tively balances the trade-off between communication
reduction and model quality.

o Scalability: DIRECT exhibits superior scalability, main-
taining 93% parallel efficiency at 2048 DPUs for linear
models and 91% for ResNet-18. This is a significant
improvement over PIM-Opt (31% and 28%) and the
GPU baseline (76% and 73%).

o Hardware Overhead: The additional hardware compo-
nents in DIRECT (AGAUs and DSC) incur a modest
area overhead of 0.51mm? and power consumption
of 205mW in the 28nm process. This overhead is
negligible compared to the overall system size and
power budget, especially considering the substantial
performance and energy efficiency gains.

B. Scalability Analysis

To further illustrate DIRECT’s superior scalability, we
present a detailed analysis of parallel efficiency as the
number of computing units increases. Fig. 2 shows the
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Fig. 2: Parallel efficiency vs. number of computing units for
ResNet-18 training.

parallel efficiency curves for DIRECT, PIM-Opt, and the
GPU baseline on the ResNet-18 training task. As evident
from Fig. 2, DIRECT maintains high parallel efficiency even
at large scales, with only a modest decrease from 98% at
32 DPUs to 92% at 2048 DPUs. In contrast, PIM-Opt’s
efficiency drops dramatically beyond 256 DPUs, falling to
31% at 2048 DPUs. The GPU baseline, while more scalable
than PIM-Opt, still falls short of DIRECT’s efficiency at
large scales, achieving 73% efficiency at 2048 GPUs. This
superior scalability can be attributed to several factors:

o Hierarchical Communication: DIRECT’s two-level
communication hierarchy (intra-cluster and inter-
cluster) significantly reduces global synchronization
overhead.

o Hardware-Assisted Synchronization: The DSC provides
efficient, fine-grained synchronization primitives that
minimize coordination overhead as the system scales.

o Locality-Aware Algorithm: Our training algorithm
adapts to the underlying hardware topology, favoring
local updates when possible and thereby reducing com-
munication bottlenecks.

o Reduced CPU Dependence: By enabling direct DPU-
to-DPU communication, DIRECT eliminates the CPU
bottleneck that limits scalability in conventional PIM
systems.

C. Performance Breakdown

To better understand the sources of DIRECT’s perfor-
mance improvements, we conducted a detailed analysis of
the contribution of each major component. Fig. 3 illustrates
the relative impact of AGAUs, DSC, and the locality-aware
algorithm on overall speedup. The performance breakdown
reveals:

o AGAUSs contribute approximately 45% of the overall
speedup, primarily through efficient local gradient ac-
cumulation and reduced intra-cluster communication.

o The DSC accounts for about 35% of the performance
improvement, mainly by enabling efficient global syn-
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Fig. 3: Speedup factor contributions from AGAUs, DSC,
and Locality-Aware Algorithm (LAA) for Linear Model and
ResNet-18.

chronization and reducing inter-cluster communication
overhead.

o The locality-aware training algorithm provides the re-
maining 20% speedup by optimizing the balance be-
tween local and global updates, thereby reducing over-
all communication frequency while maintaining model
accuracy.

This analysis highlights the synergistic nature of DI-
RECT’s components, each addressing a specific aspect of
the distributed training challenge in PIM architectures.

VII. DISCUSSION AND FUTURE WORK

The results presented in this paper demonstrate that DI-
RECT successfully addresses key limitations of current PIM
systems for distributed ML training. By enabling efficient,
scalable DPU-to-DPU communication, DIRECT not only
outperforms existing PIM architectures but also narrows the
gap with specialized GPU accelerators. These findings have
several important implications for the future of PIM systems
and distributed ML training:

A. Implications for PIM Architecture Design

DIRECT’s success in enabling efficient DPU-to-DPU
communication suggests several directions for future PIM
hardware development. Integration of dedicated synchro-
nization hardware (like our DSC) could significantly enhance
the performance of distributed workloads on PIM systems.
Hierarchical communication structures, as demonstrated by
our AGAU design, could be a key feature in future PIM
architectures to balance local efficiency with global co-
ordination. The importance of fine-grained, low-overhead
synchronization primitives for maintaining accuracy in large-
scale distributed training highlights a potential area for
hardware-software co-design in future PIM systems.



B. Impact on Distributed ML Training

DIRECT’s improved scalability (Fig. 2) has significant
implications for large-scale ML training. It enables the
efficient utilization of thousands of DPUs, potentially al-
lowing for faster training of larger models or processing of
bigger datasets. The reduction in energy consumption (65%
compared to PIM-Opt, 44% compared to GPUs) addresses
growing concerns about the environmental impact of large-
scale ML training [18]. The slight improvement in model
accuracy, coupled with substantial gains in training time
and energy efficiency, represents a favorable shift in the
accuracy-efficiency trade-off curve for distributed ML.

C. Limitations and Future Work

While DIRECT demonstrates significant improvements,
there are several areas for further research. Exploration of
more complex ML models and larger datasets is needed to
fully assess scalability limits and potential bottlenecks in
extreme-scale scenarios. Investigation of heterogeneous PIM
systems, combining different types of processing units (e.g.,
DPUs with varying compute capabilities) could address di-
verse workload requirements. Development of PIM-specific
distributed training algorithms that can further leverage the
unique characteristics of in-memory computing, potentially
leading to new convergence guarantees or optimization tech-
niques, remains an important research direction. Extension
of DIRECT’s principles to other domains beyond ML, such
as graph processing or scientific simulations, where data
movement is a significant bottleneck, could broaden the
impact of this work.

VIII. CONCLUSION

This paper presents DIRECT, a novel architecture
enabling scalable Processing-In-Memory via efficient DPU-
to-DPU communication. By introducing Atomic Gradient
Accumulation Units, a Distributed Synchronization
Controller, and locality-aware training algorithms, DIRECT
achieves significant improvements in training time (2.9%
speedup), energy efficiency (65% reduction), and scalability
(92% parallel efficiency at 2048 DPUs) compared to state-
of-the-art PIM systems. DIRECT not only addresses key
limitations of current PIM architectures but also narrows
the performance gap with specialized GPU accelerators
for distributed ML training. The minimal hardware
overhead (0.51mm? area, 205mW power) makes DIRECT
a practical solution for next-generation PIM systems. By
demonstrating the viability of efficient, scalable DPU-to-
DPU communication, DIRECT paves the way for more
energy-efficient and scalable ML training infrastructures.
As ML models continue to grow in size and complexity,
architectures like DIRECT will be crucial in meeting the
computational challenges of next-generation Al applications

while addressing important energy efficiency concerns.

DATA AND CODE AVAILABILITY

The simulation configuration scripts are available from the
corresponding author upon reasonable request.
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