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 A B S T R A C T

Distributed deep learning faces a persistent communication bottleneck as models scale exponentially. Standard 
software-based compression efforts often fail to exploit specialized GPU units, resulting in a computational lag 
that offsets intended bandwidth gains. This paper introduces Hardware-Aware Gradient Compression (HAGC), 
a framework that offloads the entire compression workload to hardware-native operations. Restructuring the 
Bilateral Hadamard Transform from memory-bound recursion into dense matrix operations allows HAGC to 
execute directly on Tensor Core mixed-precision units. This structural synchronization masks compression 
latency, while an integrated error feedback mechanism ensures convergence stability. The framework supports 
a systematic co-design strategy that calibrates training parameters to align processor capacity with training 
stability. Empirical evaluations on NVIDIA A100 GPUs demonstrate substantial performance gains, achieving 
up to a 3.15× end-to-end speedup for data-intensive models such as VGG-19. The resulting framework reduces 
energy consumption by 2.9× and memory footprint by nearly 4× , while maintaining model fidelity comparable 
to full-precision baselines. Such findings validate that bridging algorithmic design with physical hardware 
capabilities is essential for building sustainable, high-performance distributed systems.
1. Introduction

Deep learning models have achieved significant breakthroughs in 
natural language processing and computer vision. As model parameters 
grow exponentially, distributed learning across multiple nodes becomes 
essential to efficiently leverage computing resources. A primary bot-
tleneck in this paradigm is the significant communication overhead 
caused by transmitting massive gradients and parameters [1]. While 
various Gradient Compression (GC) techniques have been proposed to 
mitigate this—ranging from sparsification (e.g., Deep Gradient Com-
pression [2]) to low-rank approximation (e.g., PowerSGD [3]) and 
quantization (e.g., QSGD [4])—they often introduce a new challenge: 
the computational overhead of the compression and decompression 
steps themselves [5].

Existing fixed quantization methods effectively reduce communica-
tion volume but frequently suffer from gradient overflow and precision 
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loss, leading to degraded model accuracy [6]. More importantly, many 
state-of-the-art (SOTA) compression algorithms are implemented purely 
in software, failing to exploit the specialized acceleration units avail-
able in modern GPUs, such as NVIDIA’s Tensor Cores. This creates 
a hardware–software mismatch: while the network transmission is 
compressed, the GPU utilization during the compression phase remains 
suboptimal, limiting the total training throughput.

To address these challenges, this paper proposes Hardware-Aware 
Gradient Compression (HAGC), a unified framework that synergizes 
dynamic quantization with Tensor Core Unit (TCU) acceleration. Un-
like traditional approaches, HAGC integrates a dynamic quantization 
scheme based on tensor statistics (standard deviation and distribu-
tion) to adaptively adjust intervals, effectively eliminating overflow 
while maintaining high precision. The pipeline enhances quantiza-
tion robustness against disruptive outliers by integrating a Bilateral 
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Hadamard Transform, which we have specifically adapted to meet 
hardware execution constraints.

The main innovation of this work lies in the optimization of these al-
gorithmic components, accounting for hardware constraints. The com-
putationally intensive matrix operations underlying Hadamard’s con-
traction/expansion and transformation processes are directly mapped 
onto the tensor core. By leveraging TCU’s mixed-precision computing, 
the HAGC compression pipeline’s computational latency is significantly 
reduced, transforming a potentially costly operation into one with 
negligible cost.

The key contributions of this paper are summarized as follows:

• The HAGC Framework: A TCU-accelerated communication frame-
work is presented that integrates dynamic quantization, error 
response, and a Bilateral Hadamard transform. This algorithm 
has been specially optimized for the Tensor Core architecture to 
minimize compression latency and optimize throughput.

• Hardware–Software Co-Design: A conscious hardware-adjustment 
strategy has been proposed to tune hyperparameters based on 
processor capabilities and tensor properties, thereby ensuring 
stable learning in large-batch scenarios.

• Systematic Evaluation: Experience has shown that HAGC outper-
forms the standard baseline. HAGC not only accelerates training 
productivity from start to finish but also maintains model ac-
curacy at a level comparable to high-precision training, thereby 
amply demonstrating its effectiveness in distributed deep learn-
ing.

Organization: The structure of this paper is as follows: Section 2 
covers background and related work; Section 3 describes the proposed 
HAGC methodology and hardware implementation; Section 4 presents 
experimental results and ablation studies; and Section 6 provides con-
cluding remarks.

2. Background and motivation

2.1. Hadamard transform in gradient compression

The Hadamard transform uses orthogonal matrices to reorganize 
data using elementary addition and subtraction operations. Defined 
as 𝑦 = 𝐻𝑛 × 𝑥, the matrix relies on the Hadamard matrix 𝐻𝑛 ∈
{−1,+1}2𝑛×2𝑛 , constructed recursively: 

𝐻𝑛 =
[

𝐻𝑛−1 𝐻𝑛−1
𝐻𝑛−1 −𝐻𝑛−1

]

(1)

In distributed machine learning, the Random Hadamard Transfor-
mation (RHT) is crucial for mitigating the impact of gradient com-
pression discrepancies. By ‘‘pivoting’’ the gradient vector, the RHT 
distributes heavy loads across all dimensions to approximate a Gaussian 
distribution. Recent works have successfully applied this property to 
distributed settings; for instance, the Tensor Homomorphic Compres-
sion (THC) framework by Li et al. [7] utilizes RHT to enable efficient 
in-network aggregation on programmable switches.

However, a technical distinction must be made regarding hard-
ware utilization. Existing approaches like THC primarily focus on the 
mathematical tensor structure for aggregation logic, typically imple-
menting the transform using standard software-based kernels (e.g., Fast 
Walsh–Hadamard Transform). As noted in prior studies [8], these 
recursive algorithms (𝑂(𝑁 log𝑁)) involve non-sequential memory ac-
cess patterns that are highly inefficient and memory-bound on GPUs. 
Crucially, these software-centric methods do not leverage NVIDIA Ten-
sor Cores – specialized hardware units designed for high-throughput 
mixed-precision matrix operations – leaving these powerful resources 
idle during the compression phase.

To bridge this gap, our HAGC framework proposes a bilateral block 
strategy (Section 3). Unlike prior implementations, we reformulate 
2 
the transformation into a series of dense matrix multiplications. This 
architectural shift allows us to offload the compression workload di-
rectly to Tensor Cores, effectively transforming the bottleneck from 
memory-bound recursion to compute-bound execution.

2.2. Dynamic quantization

Quantization reduces communication volume by mapping floating-
point values to low-bit integers. Dynamic quantization adapts the 
bounds [𝑥min, 𝑥max] based on the real-time statistics of the tensor 
𝑋 [9–11]: 

𝑄(𝑋) = round
(

𝑋 − 𝑥min
𝑥max − 𝑥min

⋅ (2𝑏 − 1)
)

(2)

Compared to static quantization, dynamic quantization is essential for 
training as data distributions shift rapidly [12,13].

Although dynamic approaches like DAdaQuant [12] improve ac-
curacy, they introduce a significant penalty: the need to scan large 
tensors to compute statistics at every iteration [14]. In high-bandwidth 
environments (e.g., NVLink), this computational overhead can paradox-
ically become the new bottleneck, slowing down the training process 
despite reduced communication volume. HAGC addresses this by inte-
grating statistical computation directly into the Tensor Core pipeline, 
hiding the cost of dynamic adaptation.

2.3. Error feedback mechanisms

Error feedback (EF) is a critical technique to maintain the conver-
gence of deep neural networks by accumulating quantization residu-
als [15]. It has been extensively studied for handling massive datasets 
[16,17] and adaptive stochastic gradient methods [18,19]. The util-
ity of EF extends to diverse scenarios, including large-scale training 
(e.g., SignSGD [20]) and privacy-preserving frameworks [21,22].

While EF guarantees convergence, it requires element-wise read–
modify–write operations (𝐺𝑡+1 ← 𝐺𝑡+1 + 𝐸𝑡). Current implementations 
typically execute these on standard CUDA cores, consuming significant 
memory bandwidth [23]. Unlike global compensation methods, our 
proposed HAGC framework employs a fused kernel design, where error 
compensation is performed in-register before Tensor Core operations, 
minimizing global memory traffic.

2.4. Tensor cores and hardware acceleration

Efficient tensor computations are the backbone of modern AI, sup-
porting applications ranging from neuroscience to NLP [24] and signal 
processing [25,26]. NVIDIA’s Tensor Cores provide specialized hard-
ware for mixed-precision matrix multiply-accumulate (MMA) opera-
tions [27,28], accelerating workloads like FFT [29] and deep learning 
compilers [30].

While originally designed for deep learning, the massive through-
put of Tensor Cores has inspired research into general-purpose algo-
rithm acceleration. Recent works have successfully repurposed these 
mixed-precision units for fundamental parallel primitives. For instance, 
Navarro et al. [31] demonstrated that arithmetic reductions can be 
encoded as a set of chained MMA operations, achieving significantly 
higher bandwidth than standard CUDA cores. Similarly, specialized al-
gorithms for parallel scan (prefix sum) have been reformulated into ma-
trix multiplication forms [32], enabling Tensor Cores to process data-
dependent sequences efficiently. In the domain of discrete mathematics, 
Quezada and Navarro [33] utilized Tensor Cores to accelerate fractal 
generation (e.g., Sierpinski triangles) by mapping thread-space coordi-
nates to compact data-space representations via hardware-accelerated 
matrix transformations.

These advancements highlight the versatility of Tensor Cores for 
non-standard computational tasks. However, within the specific domain 
of gradient compression for distributed learning, this potential remains 
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largely untapped. Despite their power, Tensor Cores are primarily 
utilized for model forward/backward propagation [34]. Existing com-
pression libraries (e.g., for QSGD or PowerSGD) rarely utilize Tensor 
Cores for the compression step itself, leaving these powerful units idle 
during communication phases.

This work bridges this gap. HAGC reformulates the compression 
pipeline – specifically the Hadamard transform and quantization – 
as Tensor Core-compatible GEMM operations, unlocking significant
throughput gains that purely software-based methods cannot achieve.

Recent works leverage Tensor Cores for low-precision training, such 
as FP8 acceleration [35] and LLM optimization [36]. However, HAGC 
differs in two key aspects:

1. Objective: Unlike computation-centric FP8 methods that re-
duce calculation latency, HAGC targets communication bottlenecks. 
By compressing gradients before transmission, it yields benefits even 
in bandwidth-constrained environments where computation is not the 
limiting factor.

2. Stability: While native formats often rely on simple truncation, 
HAGC integrates Randomized Block Hadamard Transform with er-
ror feedback. This guarantees unbiased estimation [37] and superior 
convergence stability compared to direct low-precision casting.

3. Methodology: The HAGC framework

With the increasing complexity of deep learning applications [24,
38], the computational demands for dense tensor operations have es-
calated [39]. To address the communication bottlenecks in distributed 
training while leveraging modern hardware accelerators [25,26], this 
work presents the Hardware-Aware Gradient Compression (HAGC) 
framework.

3.1. HAGC system overview

The HAGC framework shifts the training bottleneck from network 
bandwidth to readily available on-chip compute capability. Unlike 
software-based compression which competes for CPU resources, HAGC 
offloads the compression pipeline to NVIDIA Tensor Cores (TCUs). The 
workflow consists of three synchronized stages: (1) Error Compensa-
tion: Correcting local gradients using accumulated residuals. (2) TCU-
Accelerated Transformation: A reformulated Bilateral Hadamard Trans-
form (BHT) executed via Warp Matrix Multiply-Accumulate (WMMA) 
instructions. (3) Dual-Adaptive Quantization: Compressing gradients 
based on real-time statistical feedback.

The discretized state vector 𝐪𝑡 is calculated as follows: 

𝐪𝑡 = Round
(

Clamp
( 𝐯𝑡
𝛥𝑡

,−2𝑏−1, 2𝑏−1 − 1
))

. (3)

Finally, the error accumulation is updated: 𝐞𝑡 = 𝐯𝑡 −−1(𝐪𝑡).

3.2. Stage 1: Dynamic quantization with error feedback

Traditional static measurements often fail to capture the high dy-
namic range of gradients. HAGC uses a dual compensation mechanism 
that adjusts measurement parameters in both the temporal and spatial 
domains.

Let 𝐠𝑡 ∈ R𝑁  be the gradient vector at iteration 𝑡. First, the error 
function is applied to obtain the corrected gradient 𝐯𝑡: 

𝐯𝑡 = 𝐠𝑡 + 𝜇𝐞𝑡−1, (4)

where 𝐞𝑡−1 is the cumulative error and 𝜇 is the step size.
The discretization scale factor 𝛥𝑡 adjusts in response to the transmis-

sion probability 𝑝𝑡. Temporally, the update rule employs an exponential 
moving average: 

𝛥𝑡 =

{

𝛼 ⋅ 𝛥𝑡−1, if 𝑝𝑡 > 𝛾 (Expand)
(5)
𝛽 ⋅ 𝛥𝑡−1, otherwise (Shrink)

3 
where 𝛼 > 1 and 𝛽 < 1 control the adaptation rate.
Thanks to the dynamic calibration of 𝛥𝑡, HAGC imposes a strict up-

per limit on counting noise. Let (⋅) denote the quantization-
reconstruction process, the quantization noise is bounded by: 

E[‖𝐠𝑡 −(𝐠𝑡)‖2] ≤
𝑁𝛥2

𝑡
4

. (6)

Crucially, this bounded variance property, combined with the error 
feedback mechanism in Eq. (4), satisfies the theoretical prerequisites for 
convergence in non-convex optimization, as established in [40]. This 
ensures that neither the bias from quantization nor the dynamic scaling 
compromises the training trajectory.

The discretized state vector 𝐪𝑡 (integer representation) is calculated 
as follows: 

𝐪𝑡 = Round
(

Clamp
( 𝐯𝑡
𝛥𝑡

,−2𝑏−1, 2𝑏−1 − 1
))

. (7)

Finally, the error accumulation is updated by calculating the resid-
ual between the corrected gradient and its reconstructed value: 
𝐞𝑡 = 𝐯𝑡 −−1(𝐪𝑡), (8)

where −1(⋅) denotes the de-quantization operator, defined as −1(𝐪𝑡) =
𝐪𝑡 ⋅ 𝛥𝑡.

3.3. Stage 2: Bilateral Hadamard transform on tensor cores

The standard fast Walsh–Hadamard transform (FWHT) relies on 
recursive operations (O(N log N)) that produce out-of-phase memory 
access patterns, leading to cache misses on the GPU. HAGC recodes this 
into a computationally bounded blockwise operation.

The HAGC-BHT transformation as: 
𝐘 = 𝐃1𝐇𝑏𝑙𝑜𝑐𝑘𝐃2𝐕, (9)

where 𝐕 ∈ R𝑚×𝐵𝑇𝐶  is the reshaped input matrix. The components 
of this transformation frame are illustrated in Fig.  1. 𝐃1 and 𝐃2 are 
diagonal matrices by default. Fig.  1(b) is constructed in such a way as 
to guarantee the inversion of the sign of the determinant, while 𝐇𝑏𝑙𝑜𝑐𝑘
is constructed using the dense 16 × 16 Hadamard kernel shown in Fig. 
1a.

To leverage the specialized processing power of NVIDIA’s Ampere 
Tensor cores, 𝐻block is organized in a tile-based format with 16 × 16 
Hadamard kernels; this organization is essential to maintain compatibil-
ity with the hardware primitive wmma::mma_sync. By reorganizing 
the required 16 × 16-cell granularity, the framework effectively circum-
vents the overhead associated with memory retrieval or irregular data 
layouts. As illustrated in Fig.  2, this architecture allows direct mapping 
to the hardware root, where localized blocks are treated as FP16 
floating-point numbers and aggregated into FP32, thereby bypassing 
the scalar operation unit.

• Warp-Level Parallelism: Each of the 32 threads processes a 16 × 16 
grid independently, thereby eliminating the additional overhead 
of thread synchronization.

• Shared Memory Hierarchy: Loading a small 16 × 16 Hadamard 
kernel into shared memory (L1 cache) achieves near-perfect cache 
hit rates, thereby bypassing the bottleneck of global memory 
latency in the standard FWHT.

3.4. Stage 3: Hardware-aware optimization

To bridge the gap between theoretical algorithmic efficiency and 
actual execution efficiency on NVIDIA A100 GPUs, HAGC uses a strict 
hardware–software co-design strategy.

The flow illustrated in Fig.  3 shows a strategy that deliberately 
avoids the pitfalls of heuristic guesswork; instead, it follows a system-
atic, top-down dictionary of causes and effects:
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(a) Hadamard kernel (𝐇16).

  
(b) Randomized diagonal (𝐃1).

 

Fig. 1. Kernel visualization for Eq. (9). (a) The 16 × 16 Hadamard kernel serves as the dense mixing block. (b) The sparse diagonal matrix 𝐃1 provides randomized 
sign flipping, ensuring unbiased compression. Both are aligned to the 16 × 16 Tensor Core granularity.
Fig. 2. Mapping BHT to Tensor Cores. The framework breaks down the calculation 𝐘 = 𝐃1𝐇𝐃2𝐕 into 16 × 16 kernels in order to exploit the internal parallelism 
of modern GPUs. This architectural choice is complemented by a mixed precision mode, in which FP16 inputs are passed to FP32 accumulators, allowing the 
entire processing pipeline to fully utilize Ampere’s transposition capabilities.
1. Physical Layer (Top): Asymmetric channels of the A100 archi-
tecture (HBM bandwidth and Tensor Core square area require-
ments).

2. Logic Layer (Middle): Mathematical formulas that convert these 
physical quantities into algorithmic parameters.

3. Parameter Layer (Bottom): Latest implementation parameters 
(group size, learning rate) derived from the logic layer.

To guide future implementations, we detail two critical hardware-
specific configurations. Tensor Cores require memory access to be 
aligned to 16-byte boundaries. For unaligned embedding dimensions 
(e.g., 𝑁 (mod 16) ≠ 0), our kernel dynamically applies zero-padding 
4 
to the nearest multiple of 16. As analyzed, this overhead is negligible 
(<1.5%) for typical model architectures. When loading 16 × 16 blocks 
into shared memory, standard addressing can cause bank conflicts, 
serializing access. To mitigate this, we implemented a padded memory 
layout by allocating shared memory tiles with a stride of [TILE_SIZE 
+ 1]. This skewing technique ensures that columns of the tile map to 
distinct memory banks, allowing fully parallel access and maximizing 
the throughput of the wmma instructions.

3.4.1. Memory alignment (The granularity constraint)
As shown on the right side of the diagram in Fig.  3, Tensor Core 

kernels require strict memory ordering. The padding operation (⋅) is 
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Fig. 3. Hardware–software dependency graph.

defined such that, for an input dimension 𝑁 : 

𝑁̃ =
⌈

𝑁
𝐵𝑇𝐶

⌉

× 𝐵𝑇𝐶 , (10)

where 𝐵𝑇𝐶 = 16. A concrete illustration of this mechanism is shown in 
Fig.  4.

A potential concern with this fixed blocking is the overhead for 
models with unaligned embedding dimensions. We analyze two scenar-
ios:

• Aligned Architectures (Standard): Most modern architectures, 
particularly in NLP, use hidden dimensions that are multiples 
of 16. In these cases, HAGC incurs zero padding overhead, fully 
leveraging Tensor Core acceleration.

• Unaligned Architectures (Edge Case): For dimensions not divis-
ible by 16, HAGC applies zero-padding to the nearest align-
ment boundary. This overhead is negligible because the padding 
quantity is strictly upper-bounded by the block size (<𝐵𝑇𝐶 ), 
representing a diminishing fraction of the total data volume as 
model dimensionality grows. Consequently, this minor memory 
cost is effectively amortized by the substantial throughput boost 
provided by Tensor Core acceleration.

Ultimately, this alignment mechanism ensures that the restructuring 
operation creates a memory layout compatible with the unified memory 
architecture, thereby maximizing DRAM bandwidth utilization.

3.4.2. Automated batch sizing (The capacity constraint)
The left branch of Fig.  3 deals with memory efficiency. In order 

to take advantage of the massive transfer from the Tensor Core, the 
optimal local batch size 𝐵𝑜𝑝 is derived as follows: 

𝐵𝑜𝑝 =
⌈

𝑀G ⋅ 𝛾𝑢𝑡𝑖𝑙
𝑃model ⋅ 𝑆state

⌉

×8
, (11)

where 𝑀G is the memory capacity of the GPU (40 GB) and ⌈⋅⌉×8
imposes a scheduling constraint.
5 
Table 1
Theoretical complexity comparison (per iteration).
 Method Time complexity Memory access Hardware  
 suitability  
 Standard FWHT 𝑂(𝑁 log𝑁) Strided (Poor) CPU/Scalar GPU 
 Random rotation 𝑂(𝑁2) Continuous Tensor Cores  
 HAGC (Ours) 𝐎(𝐍 ⋅ 𝐁𝐓𝐂) Coalesced (Optimal) Tensor Cores  

Algorithm 1 HAGC Training Procedure
Require: Gradient 𝐠𝑡, Error 𝐞𝑡−1, Scale 𝛥𝑡−1, Block size 𝐵𝑇𝐶 .
Ensure: Compressed 𝐪𝑡, Updated 𝐞𝑡.
1: Phase 1: Compensation & Alignment
2: 𝐯𝑡 ← 𝐠𝑡 + 𝐞𝑡−1
3: if 𝑁 mod 𝐵𝑇𝐶 ≠ 0 then 𝐯̃𝑡 ← Pad(𝐯𝑡)
4: end if
5: Reshape 𝐯̃𝑡 to 𝐕 ∈ R𝑚×𝐵𝑇𝐶

6: Phase 2: TCU Transformation
7: Load 𝐇𝑏𝑙𝑜𝑐𝑘 to Shared Memory
8: 𝐘 ← 𝐃1 ⋅ (𝐇𝑏𝑙𝑜𝑐𝑘 ⋅ 𝐕) ⋅ 𝐃2 ⊳ WMMA instruction
9: Phase 3: Adaptive Quantization
10: Update 𝛥𝑡 based on overflow statistics of 𝐘
11: 𝐪𝑡 ← Round(𝐘∕𝛥𝑡 ⋅ (2𝑏−1 − 1))
12: Phase 4: Error Update
13: 𝐞𝑡 ← 𝐯𝑡 − Unpad(InverseBHT(Dequantize(𝐪𝑡)))
14: return 𝐪𝑡, 𝐞𝑡

3.4.3. Distributed stability (The scaling consequence)
Finally, as shown in the bottom of Fig.  3, the determination of 𝐵𝑜𝑝

necessitates a corresponding adjustment in optimization dynamics. To 
this end, the Linear Scaling Rule is applied: 

𝜂𝑒𝑓𝑓 = 𝜂𝑏𝑎𝑠𝑒 ×
𝐵𝑜𝑝 ×𝑁𝐺𝑃𝑈

𝐵𝑏𝑎𝑠𝑒
. (12)

This ordering procedure ensures that the HAGC makes the most of the 
equipment transfer while maintaining joint stability.

3.4.4. Complexity and overhead analysis
To rigorously demonstrate the effectiveness of HAGC, compare with 

Table  1 for theoretical complexity using standard methods.
While the full rotation matrix has a complexity of 𝑂(𝑁2), our 

diagonal block formulation reduces it to 𝑂(𝑁 ⋅𝐵𝑇𝐶 ), which is linear in 𝑁
with a constant block size of 𝐵𝑇𝐶 = 16. By offloading the transformation 
to Tensor Cores (which offer 8× the throughput of standard CUDA 
Cores), the framework ensures the computational overhead remains 
virtually imperceptible.

4. Experiments

4.1. Experimental settings

All experiments were performed on the N32EA14P partition of the 
Beijing High-Performance Computing Center. The characteristics of 
the compute nodes are presented in Table  2. Hyperthreading was not 
enabled on the N32EA14P partition. For a given number of nodes, the 
performance test was run by placing an MPI process on each core.

Setup.  The evaluation was conducted using the described test 
setup. Distributed training was performed with BytePS, configured 
with environment variables to optimize communication efficiency. All 
experiments were carried out on a single server equipped with eight 
NVIDIA A100-PCIe GPUs (each with 40 GB of memory). The system 
features two Intel Xeon Platinum 6248R processors, each with 24 cores 
running at 3.0 GHz, and 384 GB of RAM. The GPUs communicate 
primarily via the PCIe 3.0 × 16 interface. The software environment 
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Fig. 4. Padding and blocking strategy. To satisfy the strict requirement for alignment of 16 × 16 Tensor cores (Section 3.4), HAGC pads the original gradient 
tensor (e.g., 40 × 40) with zeros to the nearest multiple of 16 (e.g., 64 × 64) before partitioning it into independent blocks for parallel execution.
Table 2
Single compute node.
 Parameter Specification  
 CPU model Intel Xeon Platinum 6248R, 3.0 GHz  
 μarch Cascade Lake  
 Populated sockets 2  
 Physical core count 48  
 Hyper-Threading Disabled  
 RAM capacity 384 GB  
 GPU model 8× NVIDIA Tesla A100 (PCIe)  
 GPU memory 40 GB per GPU (Total: 320 GB)  
 Nominal FP32 peak 19.5 TFLOP/s per GPU (156 TFLOP/s total) 
 STREAM/copy 1555 GB/s (GPU memory bandwidth)  

runs on CentOS, with a stack comprising PyTorch 1.10.1, CUDA 11.3, 
cuDNN 8.6.0, and NCCL 2.11.4.

Workloads. The impact of three optimization techniques – dynamic 
quantization (DynQuant), Hadamard transform (Hadamard), and Ten-
sor Cores acceleration – is evaluated across multiple vision models, 
including ViT-Small [41], EfficientNet-B0 (Eff-B0) [42], ResNet-18 and 
ResNet-50 [43], as well as VGG19 and VGG11 [44]. Experiments 
are conducted using CIFAR-10 [45] (for ViT-Small, ResNet-18, and 
VGG19), MNIST [46], and ImageNet-Tiny (a curated 100-class subset of 
ImageNet-1 K [47], for Eff-B0). These models and datasets cover diverse 
architectural paradigms and complexity levels, enabling a compre-
hensive evaluation of optimization trade-offs in resource-constrained 
environments.

System Integration. The framework is implemented as a hierarchi-
cal extension to PyTorch. During the backward pass, gradient tensors 
are intercepted via communication hooks. These hooks invoke our 
custom CUDA kernels (via pybind11) to perform HAGC compres-
sion directly on the GPU. The compressed streams are then handed 
over to BytePS for efficient distributed synchronization. To facilitate 
reproducibility and adoption, the source code is publicly available at: 
https://github.com/airayangbovo1/HAGC-MAIN.

Experimental Configuration. Four configurations of optimization 
techniques are evaluated:

• A: Baseline (no optimizations)
• B: Dynamic quantization (8-bit adaptive precision)
• C: Dynamic quantization + Hadamard transform
6 
• D: Full scheme (dynamic quantization + Hadamard transform + 
TensorCore acceleration)

using Top-1 accuracy and average training iteration latency (ms) as 
metrics, with hardware execution on an NVIDIA A100 GPU.

4.2. Performance evaluation

4.2.1. Convergence analysis with tensor core acceleration
To validate the stability of the proposed hardware-aware opti-

mization, we analyze the training convergence behavior against a 
full-precision (FP32) benchmark. Fig.  5 show the training loss curves 
for ResNet-18 and VGG-19.

The HAGC framework demonstrates a convergence trajectory that 
closely mirrors the FP32 baseline. Specifically, for VGG-19, HAGC 
achieves a final loss of 0.1051, exhibiting a negligible deviation of 
less than 0.2% from the baseline’s 0.1048. As indicated by the error 
bars (representing standard deviation across multiple runs), this per-
formance is statistically stable. This robustness is primarily attributed 
to the integrated error feedback mechanism, which actively compen-
sates for accumulated quantization noise, ensuring high model fidelity 
without the accuracy degradation typical of aggressive compression 
schemes.

The performance in terms of time-to-accuracy, illustrated in Fig.  6, 
highlights a significant improvement in training efficiency. This accel-
eration is mainly attributed to the strategic transfer of the Hadamard 
transform and quantization workloads to specialized Tensor Cores, 
which offloads compression tasks from general-purpose units. Addition-
ally, the included error bars indicate the variance across independent 
experimental runs, confirming that the observed reductions in training 
time are statistically stable.

A comparative analysis reveals that VGG-19 benefits significantly 
more from our framework than ResNet 18. Empirical results show 
that VGG-19 achieves a substantial 3.15× speedup, whereas ResNet-
18 demonstrates a 1.82× improvement. This trend is explained by the 
fundamental difference in their Communication-to-Computation Ratio 
(CCR). Since the HAGC framework is designed to alleviate communi-
cation bottlenecks, the communication-intensive VGG-19 experiences 
the most substantial performance gain. In contrast, ResNet-18 is more 
computation-bound. While it still achieves a notable speedup by reduc-
ing communication-induced idle time, the relative improvement is less 
pronounced than that of VGG-19.

https://github.com/airayangbovo1/HAGC-MAIN
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Fig. 5. Training loss convergence analysis.
Fig. 6. Time-to-Accuracy performance comparison.
4.2.2. Hyperparameter sensitivity: Batch size analysis
To determine the optimal hardware utilization of the NVIDIA A100 

GPU, a sensitivity analysis was performed across batch sizes 32–256. 
As presented in Fig.  7, the results reveal a clear trade-off between 
system throughput and model convergence. Based on these empirical 
observations, Batch Size 128 is identified as the robust operating point 
that reconciles hardware efficiency with convergence stability across 
diverse datasets.

Specific constraints dictate this dynamic, as smaller batch sizes 
(<64) fail to fully exploit the A100 processor’s enormous computing 
power, resulting in suboptimal Tensor Core saturation. Conversely, 
while robust datasets like CIFAR-100 tolerate larger batches, the anal-
ysis reveals dataset-dependent generalization gaps on tasks like MNIST 
and ImageNet-Tiny, where accuracy degrades at batch sizes > 256. 
Consequently, Batch Size 128 emerges as the unified setting for all sub-
sequent comparative experiments, ensuring high hardware occupancy 
while mitigating the risk of overfitting on sensitive benchmarks.

4.2.3. Comparative efficiency and architecture analysis
In addition to initial validation against standard FP32 implemen-

tations, the study includes a detailed comparative analysis of our 
method’s performance against current industry-leading benchmarks. 
The following sections describe this comparative evaluation process 
with PowerSGD and QSGD and examine different neural network ar-
chitectures.

1. Comparison with FP32 Baseline:
As shown in Fig.  8, the proposed method achieves substantial com-

pression of the effective gradient size. With VGG-19, the data transfer 
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rate is reduced by 67.9% (from 140 Mbps to 45 Mbps). With ViT-
Small, a 50% reduction is achieved. This is directly visible in the latency 
increase illustrated in Fig.  14(b), where the training iteration latency 
of ViT-Small decreases from 10.5 ms to 3.5 ms (a threefold increase in 
speed) (see Fig.  9). 

2. Comparison with State-of-the-Art (SOTA): 
To comprehensively evaluate the performance of the proposed 

framework, a comparative analysis is conducted against three com-
mon benchmarks: FP32 (baseline), QSGD (4-bit quantization), and 
PowerSGD (low-level rank-4 approximation).

End-to-End Training Speedup. As shown in Fig.  10, HAGC con-
sistently outperforms PowerSGD in training performance, achieving a 
3.15× speedup on the data-intensive VGG-19 architecture. This perfor-
mance is significantly higher than PowerSGD’s 2.20×, whose reliance 
on SVD computation on high-dimensional gradients introduces a la-
tency bottleneck that HAGC’s hardware-optimized approach avoids. 
Even on the computationally demanding ResNet-50 architecture, HAGC 
maintains a 1.82× gain – well above QSGD’s 1.15× improvement 
– demonstrating that the framework overcomes the ‘‘negative opti-
mization’’ trap, where local compression costs negate the benefits of 
hardware optimization.

Overhead Analysis and Convergence. The latency distribution of 
VGG-19 illustrated in Fig.  11 highlights the source of HAGC’s effi-
ciency: while QSGD and PowerSGD are penalized by CPU-intensive 
compression or the need for intensive factorization, HAGC reduces this 
overhead to a negligible 5 ms. By offloading Hadamard transformations 
and quantization to the Tensor Cores, the framework ‘‘masks’’ these 
costs within the gradient calculation itself. This speed gain corresponds 
to the model’s exact accuracy. As shown in Fig.  12, HAGC follows 
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Fig. 7. Accuracy evaluation curves. Comparison of training and testing accuracy on ResNet-18 (Top row) and VGG (Bottom row).
Fig. 8. Effective gradient size reduction.

the same convergence trajectory as PowerSGD, but reaches the target 
accuracy thresholds much faster. The final accuracy of 76.1% (top-1), 
almost identical to that of the FP32 benchmark and slightly higher 
than that of PowerSGD, confirms that the hardware-aware optimization 
enables faster training without sacrificing accuracy.

Bandwidth Sensitivity Analysis. To evaluate the framework’s ro-
bustness under varying network conditions, we conducted a sensitivity 
analysis by enforcing software-level communication throttles on the 8-
GPU node. We emulated restricted bandwidth environments ranging 
from 1 Gbps to 100 Gbps. This controlled setup isolates the impact of 
gradient compression on transmission time, effectively simulating the 
bandwidth constraints of distributed clusters – such as cloud services 
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without RDMA support – without the confounding variables of network 
jitter or physical packet loss.

The results shown in Fig.  13 highlight HAGC’s resilience to com-
munication bottlenecks, particularly in the most constrained environ-
ments. At 1 Gbps, HAGC achieves 8.5× acceleration, significantly sur-
passing QSGD’s 4.5× improvement. This confirms that as bandwidth 
decreases, the marginal benefit of our hardware-aware compression 
grows substantially.

3. Architecture-Dependent Performance Analysis:
An important observation from the Fig.  14 is that the performance 

gains vary from one model to another. This variation is due to the 
communication-to-computing ratio (CCR):

• High CCR: The only constraint on training with fully connected 
layers is network bandwidth, so an aggressive compression ap-
proach offers the greatest marginal advantage (a 3× speedup).

• Low CCR: Traditional software compression often results in ‘‘neg-
ative optimization’’ in this case. Because HAGC uses underutilized 
Tensor cores for compression, a net speed gain is still achieved, 
even in these computationally demanding models.

4. Resource Consumption Breakdown:
Figs.  15, 16, and 17 provide a comprehensive overview of resource 

efficiency.

• Energy: Fig.  16 shows a reduction in energy consumption of 
2.97 to 3.61 times. This is crucial for green AI, especially for 
computationally intensive models like VGG.

• Memory: Fig.  17 shows a reduction in memory usage from 3.46 
to 3.85 times. These memory savings enable larger batch sizes, 
making better use of the A100’s capacity.

HAGC demonstrates its ability to simplify even the most com-
plex, parameterized models by combining rigorous accuracy require-
ments with an efficient architecture. The system keeps accuracy loss 
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Fig. 9. Performance comparison: accuracy, latency, FLOPs, and parameters comparison between FP32 and HAGC.
Fig. 10. End-to-End training speedup comparison.

below 0.5%, doubles training speed, and reduces power consump-
tion. Furthermore, it effectively combines seemingly disparate domains 
through high-level compression algorithms and low-level hardware 
performance.

5. Related work

Quantization reduces communication bottlenecks by decreasing gra-
dient accuracy, a concept typical of the ternary application TernGrad 
(𝑥 ∈ {−1, 0, 1}). While static quantization effectively reduces data size, 
it often introduces errors that degrade accuracy. Dynamic strategies 
address this issue by adapting bit widths to specific gradient distri-
butions. The efficiency of these methods largely depends on their 
compatibility with hardware primitives. Specialized accelerators, such 
as NVIDIA Tensor Cores, facilitate high-performance, low-precision 
operations, and frameworks like QNNPACK and TVM demonstrate that 
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hardware-specific quantization significantly accelerates computational 
throughput and execution efficiency.

Traditional techniques, such as sparsity and network aggregation, 
reduce communication overhead but often result in a loss of accuracy 
or a local computational overhead. HAGC addresses these systemic 
challenges by optimizing dynamic quantization for efficient devices like 
Tensor Cores. By balancing the compaction efficiency model with the 
accuracy framework, hardware-adapted compaction guarantees a net 
gain. This integration ultimately resolves the friction between algorith-
mic mathematics and physical performance, thus optimizing distributed 
training in various deep learning environments.

6. Conclusion

This paper presents HAGC, a hardware-aware gradient compres-
sion framework that redefines gradient quantization by reformulating 
the recursive Hadamard transform into a series of dense matrix op-
erations. By co-designing the algorithm with the underlying micro-
architecture, we effectively bypass the memory-bound latencies inher-
ent in traditional software-based methods and shift the workload to 
high-throughput NVIDIA Tensor Cores.

Empirical evaluations demonstrate the framework’s effectiveness 
and versatility. HAGC achieves a significant training speedup of 3.15×
for communication-intensive architectures (e.g., VGG-19) and 1.82×
for computation-intensive models (e.g., ResNet-18). This variance high-
lights that models with lower arithmetic intensity (i.e., higher
communication-to-computation ratio) benefit more substantially from 
our pipeline, as the gradient compression effectively mitigates the dom-
inant communication bottlenecks. Furthermore, the framework fosters 
‘‘Green AI’’ by reducing overall energy consumption, while maintaining 
convergence stability comparable to full-precision baselines (with loss 
deviation < 0.2%).

However, we acknowledge certain boundary conditions in our 
current study. Performance Boundaries: HAGC is optimized for high-
throughput scenarios. Efficiency is maximized with sufficient Tensor 
Core occupancy, whereas gains may be modest under extremely small 
batch sizes (low saturation); Experimental Scope: Our evaluation used 
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Fig. 11. Iteration time breakdown on VGG-19.
Fig. 12. Top-1 accuracy vs. wall-clock time.

Fig. 13. Training speedup vs. emulated network bandwidth.

bandwidth emulation on homogeneous clusters to rigorously isolate 
algorithmic efficiency. While effective for controlled validation, future 
work will extend this to physical distributed environments to assess 
performance under complex network dynamics (e.g., jitter) or hardware 
10 
heterogeneity; Hardware Specificity: The framework currently lever-
ages NVIDIA Tensor Cores to prioritize maximum acceleration, limiting 
immediate deployability on non-Tensor Core hardware.

Looking forward, we plan to address these limitations by exploring 
adaptive compression strategies driven by reinforcement learning. This 
integration will enable the system to dynamically manage the trade-offs 
between network bandwidth and training accuracy, specifically opti-
mizing for heterogeneous cluster environments and varying hardware 
capabilities.
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(a) Computational efficiency (FLOPs).

  
(b) Latency speedup comparison.

 

Fig. 14. Efficiency analysis. Comparison of (a) Computational cost (FLOPs) and (b) Training Iteration Latency across different models.

 
(a) Top-1 accuracy.

  
(b) Latency (ms).

 

Fig. 15. Trade-off Analysis. Comparison between (a) Accuracy retention and (b) Latency performance.

 
(a) FLOPs (G).

  
(b) J/sample.

 

Fig. 16. Resource consumption analysis. Comparison of computational cost (FLOPs) and energy consumption per sample.

Journal of Systems Architecture 175 (2026) 103770 

11 



A. Yang et al. Journal of Systems Architecture 175 (2026) 103770 
 
(a) Memory footprint.

  
(b) Parameter count.

 

Fig. 17. Resource overhead analysis. Comparison of model memory footprint and parameter count.
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