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Abstract

This paper introduces an adaptive A-semilogarithmic gradient quantization framework
aimed at reducing memory overhead and computational complexity during the training
of deep neural networks. The approach employs a semilogarithmic companding function
parameterized by a dynamically adjusted scaling factor A, which evolves in response
to the statistical properties of gradients throughout the training process. Two distinct
quantization strategies are proposed and evaluated: The switching piecewise A-quantizer,
which adaptively toggles between low-bit uniform and high-bit semilogarithmic quantiza-
tion according to an exponentially weighted moving-average (EMA) estimate of gradient
variance; and the hybrid A-quantizer, which statically partitions the gradient domain, ap-
plying uniform quantization in low-magnitude regions and semilogarithmic companding
in high-magnitude regions. The proposed methods are empirically evaluated on both
multilayer perceptron (MLP) and convolutional neural network (CNN) architectures using
tabular and image-classification benchmarks, including DCCC, CIFAR-10, CIFAR-100, and
ImageNet. Quantitative results demonstrate that both models achieve comparable classi-
fication accuracy to full-precision (FP32) baselines while significantly reducing gradient
reconstruction error. Notably, the hybrid A-quantizer consistently yields better validation
accuracy, reduced RMSE, and improved convergence behavior relative to its switching
counterpart. These findings underscore the effectiveness of hybrid semilogarithmic quanti-
zation as a robust and efficient solution for training deep models in resource-constrained
or bandwidth-limited environments, with strong potential for scalable deployment across
diverse hardware platforms.

Keywords: gradient quantization; semilogarithmic companding; efficient deep learning;
adaptive quantization

1. Introduction
Quantization plays a critical role in the efficient training and deployment of deep

neural networks (DNNs), particularly under the growing demands of large-scale models
and resource-constrained environments. While the majority of quantization research
has traditionally focused on weights and activations for inference optimization [1], the
quantization of gradients during training has emerged as an equally important challenge.
Full-precision gradient exchange using the 32-bit IEEE 754 floating point (FP32) format [2]
imposes significant communication and memory burdens, especially in distributed and
federated learning settings [3]. Each training iteration involves synchronization of high-
resolution gradient tensors across devices, often saturating bandwidth, increasing latency,
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and elevating energy consumption [4,5]. These issues are particularly pronounced in edge
learning scenarios, where devices such as IoT nodes, mobile platforms, and embedded
processors operate under tight hardware constraints [6,7].

Reducing the precision of DNN components has become a central strategy for im-
proving computational and communication efficiency during training. Several methods
have been proposed in this context, falling into three main categories: quantization-aware
training (QAT), post-training quantization (PTQ), and gradient-based post-training quan-
tization (GPTQ). QAT integrates quantization operations directly into the optimization
loop using straight-through estimators (STE) [8,9] or differentiable approximations [10],
allowing models to adapt to quantization during training. Despite their effectiveness,
such approaches often suffer from increased training cost. PTQ techniques apply quan-
tization after training without further optimization, leveraging calibration or statistical
heuristics, but typically exhibit reduced accuracy in aggressive quantization settings [1].
GPTQ methods, such as BRECQ [11] and QDrop [12], represent a middle ground, using
gradient signals and small calibration sets to fine-tune quantization parameters, enabling
efficient compression with minimal accuracy degradation. While most of these approaches
primarily target inference-time efficiency by quantizing weights and activations, gradient
quantization has become increasingly important for reducing training-time communica-
tion overhead, particularly in distributed, federated, or edge-learning systems. Gradient
quantization offers a practical solution to these challenges by reducing the bit-width of
gradient representations. Lower-bit formats, typically ranging from 4 to 8 bits, enable faster
training, lower communication cost, and more scalable deployment without significant
performance loss. However, the highly dynamic and heavy-tailed distribution of gradients
during backpropagation poses challenges to simple uniform quantizers. Numerous gradi-
ent compression methods have been proposed to reduce communication overhead during
distributed and federated training. Representative examples include QSGD [13], Tern-
Grad [14], SignSGD [15], and error-feedback-based approaches such as EF-SignSGD [16].
These methods reduce communication costs through various forms of stochastic quantiza-
tion, ternary encoding, sign-based compression, and error compensation mechanisms. It
should be noted that gradient quantization during training and post-training model quan-
tization address fundamentally different objectives. Gradient compression methods, such
as QSGD, TernGrad, and EFSignSGD, aim to reduce communication and memory require-
ments associated with gradient exchange during optimization, particularly in distributed
and federated learning environments. In contrast, post-training quantization techniques,
including GPTQ and related approaches, focus on compressing already trained model
parameters for efficient inference and deployment. Since these methods operate at different
stages of the machine learning pipeline and target different optimization objectives, direct
comparisons are generally not considered appropriate. Consequently, the present work
focuses on comparisons with representative gradient quantization and compression meth-
ods. Nonuniform quantization techniques rooted in classical signal processing and data
compression address this by allocating finer resolution near zero and coarser resolution
in the tails, improving signal-to-quantization-noise ratio (SQNR) [17,18]. In this work, we
propose semilogarithmic A-law quantization schemes that leverage a tunable companding
parameter to match the statistical properties of gradient distributions more closely. These
schemes dynamically adjust the quantization resolution to provide finer granularity where
gradients are small and more aggressive compression where gradients are large. Unlike
uniform or purely logarithmic quantizers, the adaptive A-law strategy provides a flexible,
structure-aware mechanism for efficient gradient encoding, yielding favorable trade-offs
between communication cost and training fidelity.
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Among nonuniform methods, semilogarithmic A-law quantization has long been
favored for its simplicity, robustness, and hardware compatibility. It employs a piecewise
linear, logarithmic companding curve parameterized by a scaling factor A, offering smooth
compression behavior near the origin and more controlled resolution across a wide dynamic
range [18]. Compared to the more aggressive µ-law companding, which is highly nonlinear
and sensitive to small gradients, A-law provides better numerical stability and is well suited
to gradient distributions observed during training [18]. Unlike uniform quantization, which
treats all magnitudes equally, and purely logarithmic schemes, which excessively compress
small values, semilogarithmic quantization offers a balanced approach that preserves
both low-amplitude and high-amplitude gradients, making it particularly effective for
heavy-tailed gradient distributions commonly observed in deep networks during training.
Moreover, its mathematical form aligns with standardized telecommunication codecs,
making it easier to implement in low-power and embedded hardware pipelines [19].

The idea of integrating signal processing-inspired quantization into learning systems
is not new. Seminal works in scalar quantization have explored hybrid [20], switched [21],
and adaptive companding strategies for Laplacian and Gaussian sources [22,23]. These
approaches have demonstrated the benefits of combining linear and logarithmic quantiza-
tion in piecewise or segment-based architectures. Inspired by these foundations, this paper
introduces two novel A-law-based gradient quantization schemes for training DNNs: (1) a
switching piecewise model that toggles between uniform and logarithmic modes based on
gradient variance, and (2) a hybrid segmented model that statically partitions the gradient
space and applies A-law compression to large-magnitude regions. Both models incorporate
adaptive A-scaling, enabling fine-grained control over the quantization curve in response
to local gradient statistics.

Compared to fixed-point and FP8-based quantization methods that operate in a post-
training regime [24,25], our approach works inline during training and dynamically adjusts
precision based on gradient behavior. It offers an efficient and interpretable mechanism
to reduce bit-width while preserving convergence and generalization. Experimental vali-
dation on diverse datasets and neural network architectures, including DCCC, CIFAR-10,
CIFAR-100, and ImageNet, suggests that the proposed A-law quantizers provide a favorable
trade-off between predictive performance, gradient reconstruction fidelity, and compres-
sion efficiency. These contributions highlight the practical value of classical quantization
theory when re-engineered for modern AI workloads.

Recent research has emphasized the importance of adaptive and resource-efficient
learning strategies in dynamic and constrained environments. For instance, Yan et al. [26]
proposed an online semi-supervised ensemble framework capable of handling uncertainty
and missing data in evolving data streams, highlighting the need for robust adaptive
mechanisms in learning systems. Similarly, Ning [27] investigated neural network-based
pattern recognition in edge computing scenarios, demonstrating the importance of low-
latency and computationally efficient models. In addition, Colbu et al. [28] explored
long-term predictive modeling using machine learning techniques, further emphasizing the
role of adaptive model behavior in complex real-world systems. These studies collectively
motivate the development of lightweight and adaptive training mechanisms, such as the
proposed gradient quantization schemes, which aim to balance efficiency and performance
in modern deep learning pipelines.

In our recent work [29], an adaptive µ-law gradient quantization framework was intro-
duced for efficient training of deep neural networks, in which the companding parameter
µ is dynamically adjusted according to local gradient statistics. Two complementary strate-
gies were proposed: a switching piecewise µ-law model, which adaptively toggles between
low-bit uniform quantization and high-bit logarithmic quantization based on gradient
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variance, and a hybrid µ-law model, which statically partitions the gradient domain and
applies nonlinear compression to high-magnitude regions. Experimental results obtained
using MLP and CNN architectures demonstrated that the hybrid variant achieves superior
stability and accuracy, whereas the switching scheme enables more aggressive compression,
achieving up to 87.5% communication savings with minimal performance degradation.

Although the µ-law framework provides strong logarithmic compression and demon-
strates excellent performance in aggressive gradient compaction scenarios, the A-law
companding model offers a complementary perspective that is particularly relevant for sig-
nals with moderate dynamic range and piecewise-linear characteristics. A-law companding
has been extensively used in practical communication systems due to its reduced distor-
tion in low-amplitude regions and improved numerical stability compared with purely
logarithmic mappings. Motivated by these properties, it is natural to investigate whether
similar adaptive mechanisms can be successfully transferred to gradient quantization in
deep learning. In particular, A-law-based schemes are expected to provide a more balanced
trade-off between compression and reconstruction fidelity, especially in regimes where
gradient distributions exhibit mixed-scale behavior. Building on the previously established
µ-law framework, this work explores adaptive A-law gradient quantization as a potentially
more stable and interpretable alternative, with the aim of achieving comparable accuracy
while improving robustness and control over quantization dynamics during training.

This paper introduces two adaptive semilogarithmic quantization schemes: switching
A-law and hybrid A-law, that dynamically compress gradients based on their statistical
properties. Section 2 presents the mathematical formulation of each quantization method
and their integration into gradient-based optimization. Section 3 outlines the experimental
setup and evaluation metrics, followed by a comprehensive performance analysis, and
concluding remarks in Section 4. These contributions demonstrate the practical viability of
semilogarithmic quantization for efficient and accurate deep neural network training.

2. System Model
The proposed switching piecewise A-semilogarithmic quantization framework is

grounded in principles derived from robust companding models originally devised for
scalar quantization of Laplacian sources, particularly those used in speech coding. This
method introduces a dual mode adaptive quantization scheme that alternates between a
low-bit uniform quantizer and a high-bit semilogarithmic quantizer, with the switching
logic governed by local gradient statistics, primarily variance and amplitude. Unlike classi-
cal fixed quantization strategies, the method dynamically modulates both the companding
parameter A and the bit-width allocation based on real-time gradient behavior, drawing
direct theoretical inspiration from switched Jayant quantizers and variance-adaptive scalar
compression techniques. In implementation, the piecewise design partitions the gradient
space into two segments: (i) gradients of small amplitude falling below a threshold ε, which
are quantized using low-resolution uniform quantization to preserve stability, and (ii) gra-
dients exceeding ε, which are quantized using a high-resolution logarithmic A-law function.
This companding law is parameterized by an adaptively computed factor A, bounded
within [Amin, Amax] and updated per batch as A = β · σg, where σg is the standard deviation
of the current gradient tensor and β is a scaling coefficient. To enhance robustness, an
explicit support region tracking mechanism is also employed: if the maximum absolute gra-
dient magnitude surpasses a fixed threshold τ, the model favors aggressive quantization to
mitigate overload effects. The core quantization pipeline involves nonlinear compression,

gcomp = sign(g) · log(1 + A|g|)
log(1 + A)

, (1)
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uniform quantization within the normalized domain, and decompression via:

ĝ = sign(gcomp) ·
exp(gcomp · log(1 + A))− 1

A
. (2)

This formulation eliminates the need for pre-defined codebooks by leveraging the real-
time statistical structure of the gradients, enabling a hardware-efficient and memory-light
implementation. In the switching A-law scheme, the choice between low- and high-bit
quantization is guided by the local gradient variance. Rather than relying solely on the
instantaneous variance estimate, an exponentially weighted moving average (EMA) is
employed to provide a statistically stable reference for the switching decision. For a given
parameter tensor gt, the variance reference is updated according to:

V̄t = αV̄t−1 + (1− α)Var(gt) (3)

where V̄t denotes the EMA estimate of the gradient variance, 0 < α < 1 is the smoothing
factor, and κ > 0 is a tunable sensitivity coefficient. Based on this reference, an adaptive
switching threshold is defined as:

τt = κV̄t (4)

The system applies a low-bit quantizer (e.g., 4 bits) when the current gradient variance ex-
ceeds the adaptive threshold and reverts to a higher precision quantizer (e.g., 8 bits) otherwise:

bswitch =

blow, Var(gt) > κV̄t

bhigh, otherwise
(5)

This switching logic enables dynamic adjustment of precision based on relative
changes in gradient activity rather than absolute variance values. Consequently, the
quantizer becomes more robust to non-stationary training dynamics, improving stability
while preserving bandwidth efficiency during periods of elevated gradient variability.

The algorithm’s theoretical foundation is directly motivated by results in distortion-
constrained quantizer design, where granular and overload distortions are minimized via
regime-specific encoding. As shown in [21], switched quantizers can optimally balance
compression and fidelity by dynamically responding to input variance profiles. When
applied to gradient compression in neural networks, this adaptive mechanism ensures
fine-grained updates for small gradients while robustly regularizing noisy updates with
larger amplitude. The result is a training process that benefits from both precision and
generalization, especially in communication-constrained learning environments. Experi-
mental evaluations on multiple datasets and architectures demonstrates that the proposed
semilogarithmic quantization schemes provide a favorable trade-off between predictive
performance and gradient fidelity, achieving competitive validation accuracy while signifi-
cantly reducing quantization-induced distortion. These results confirm the practical utility
of the method, supporting its deployment in scalable, low-memory deep learning systems
while preserving model convergence and performance.

The switching approach is particularly suited for stochastic training scenarios where
gradient statistics evolve throughout the optimization process. By employing an EMA-based
variance reference, the method adapts the quantization precision to changing training dynam-
ics, improving robustness while maintaining a favorable trade-off between gradient fidelity,
compression efficiency, and predictive performance. As shown in the experimental results,
the proposed semilogarithmic quantization schemes provide a favorable trade-off between
gradient fidelity and predictive performance, while substantially reducing the effective gra-
dient precision. In our implementation, the A-law companding parameter is not computed
globally from the full gradient distribution but is instead locally adapted based on the standard
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deviation of gradients within the high-magnitude segment only. This per-segment adjustment
of A enables finer compression control in regions where logarithmic quantization is applied,
further reducing gradient distortion while preserving gradient sensitivity.

The complete implementation of the proposed EMA-based switching piecewise A-
semilogarithmic quantization procedure is summarized in Algorithm 1.

Algorithm 1 Piecewise A-Semilogarithmic Quantization with EMA-Based Adaptive Bit
Allocation
Require: Gradient tensor gt, low bit-width blow, high bit-width bhigh, segmentation thresh-

old ε, compression factor scale β, A-law limits [Amin, Amax], EMA smoothing factor α,
switching sensitivity factor κ, previous EMA variance estimate V̄t−1

1: Compute gradient absolute values: |gt|
2: Define piecewise masks:

Muniform = {i : |gt,i| < ε}, MA-law = {i : |gt,i| ≥ ε}

3: Compute current gradient variance:

Vt = Var(gt)

4: Update EMA variance estimate:

V̄t = αV̄t−1 + (1− α)Vt

5: Determine adaptive switching bit-width:
6: if Vt > κV̄t then
7: bswitch ← blow
8: else
9: bswitch ← bhigh

10: end if
11: Uniform segment quantization:

g̃u = clip

 round
(

gt · (2bswitch − 1)
)

2bswitch − 1
,−1, 1


12: Compute adaptive companding factor for the A-law segment:

σlog = std(gt,A-law), Alog = min
(

max(βσlog, Amin), Amax

)
13: A-law segment quantization:

gc = sign(gt) ·
log(1 + Alog|gt|)

log(1 + Alog)

g̃c = clip

 round
(

gc · (2bswitch − 1)
)

2bswitch − 1
,−1, 1



g̃a = sign(g̃c) ·
exp

(
|g̃c| log(1 + Alog)

)
− 1

Alog

14: Construct final quantized gradient:

g̃t,i =

{
g̃u,i, i ∈ Muniform

g̃a,i, i ∈ MA-law

15: return Quantized gradient g̃t and updated EMA estimate V̄t
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The hybrid A-semilogarithmic quantization approach [20] generalizes the traditional
A-law companding by combining a uniform quantization segment with a logarithmic seg-
ment in a single, continuous function. This model preserves high resolution near the origin,
where gradient magnitudes are small and most informative, while applying logarithmic
compression for larger values, thereby reducing bit-width requirements and improving
quantization robustness. Unlike the switching model, which toggles quantization modes
dynamically based on statistical properties of each gradient batch, the hybrid model stat-
ically partitions the input dynamic range into two distinct segments: a uniform region
and a logarithmic region. The partition point, often referred to as xmin, is derived from a
fixed scaling relationship xmin = xmax/A, where A denotes the semilogarithmic parameter
controlling the non-linearity. This structure does not require per-batch decisions, enabling
efficient and deterministic implementation. The number of quantization levels in the uni-
form and logarithmic regions, denoted N1 and N2, respectively, are adaptable and can be
selected based on signal statistics or fixed through forward adaptation. This flexibility
enables the hybrid quantizer to be fine-tuned for optimal signal-to-quantization noise ratio
(SQNR) performance across a broad range of input variances. The hybrid model has demon-
strated high performance when applied to Laplacian-like distributed gradients, commonly
observed in training neural networks. It provides a favorable trade-off between complexity
and accuracy, and although less adaptive than switching piecewise schemes, its structured
design facilitates hardware implementation and reduces computational overhead. The
complete implementation of the proposed adaptive hybrid A-semilogarithmic quantization
procedure is presented in Algorithm 2.

Algorithm 2 Adaptive Hybrid Piecewise A-Semilogarithmic Quantization

Require: Gradient tensor g, threshold T, adaptive A, bit-widths bu, bc
1: Compute standard deviation σg = std(g)
2: Update A = min(max(β · σg, Amin), Amax)
3: for all gi ∈ g do
4: if |gi| < T then
5: Quantize using uniform scalar quantization:

qi = round
(

gi + T
2T

· (2bu − 1)
)

6: Dequantize:

g̃i =
qi

2bu − 1
· 2T − T

7: else
8: Compress:

gc = sign(gi)

(
1 +

log(|gi|/T)
log(A)

)
9: Quantize:

qc =
round

(
gc(2bc − 1)

)
2bc − 1

10: Decompress:
g̃i = sign(qc) · T · A |qc |−1

11: end if
12: end for
13: return Quantized gradient vector g̃
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The compression function C(x) for the hybrid quantizer is defined piecewise as:

C(x) =


x

xmin
, for |x| ≤ xmin

sign(x) ·
(

1 +
log
(
|x|

xmin

)
log A

)
, for xmin < |x| < xmax

(6)

This function applies linear quantization within the uniform region [−xmin, xmin] and
logarithmic companding outside that region up to the maximal quantization bound xmax.
The transition is seamless and parameterized by A = xmax/xmin, allowing straightforward
control over the compression aggressiveness. The use of this dual-mode quantizer results
in reduced quantization error in low-gradient regions and more aggressive compression
in the tails, thus maintaining fidelity where it is most critical while enabling substantial
memory savings.

Computational Complexity Considerations

The proposed adaptive quantization schemes require the computation of gradient
statistics, primarily the variance and standard deviation of the gradient tensor, in order to
determine the companding parameter and, in the switching case, the active quantization
mode. For a gradient tensor containing N elements, both operations exhibit linear compu-
tational complexity, O(N), since they involve a single pass through the tensor elements.
The overall complexity of the proposed quantizers can therefore be expressed as:

Cquant = O(N), (7)

which is negligible compared with the computational cost of the forward and backward
propagation steps in modern deep neural networks. For example, convolutional and
transformer-based architectures typically require millions or billions of floating-point
operations per iteration, whereas the proposed statistical calculations involve only simple
reduction operations over the gradient tensor.

In return for this modest computational overhead, the proposed methods substantially
reduce the number of bits required to represent gradient updates. Consequently, the
additional processing cost is often outweighed by the reduction in communication volume,
particularly in communication-constrained environments where gradient transmission
dominates the overall training cost. A more detailed runtime analysis, including distributed
and federated learning scenarios, remains an important direction for future work.

3. Results and Discussion
To address the concerns raised during the review process, the experimental evaluation

was substantially extended beyond the original manuscript. In addition to the DCCC
tabular classification benchmark, three widely used image-classification datasets were con-
sidered: CIFAR-10, CIFAR-100, and ImageNet. Furthermore, the proposed Switching A-law
and Hybrid A-law quantizers were compared against three established gradient compres-
sion baselines, namely QSGD, TernGrad, and EFSignSGD. All experiments were conducted
using identical training protocols for the FP32 reference model and all compressed variants.
Unlike the original formulation based on a fixed variance criterion, the revised switching
mechanism employs an EMA-based variance reference, resulting in improved stability and
more consistent bit-width adaptation throughout training.

The evaluation focuses on three complementary performance indicators: predictive
accuracy, gradient reconstruction error (RMSE), and average effective gradient precision.
While classification accuracy reflects the ultimate learning performance, the RMSE metric
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quantifies the distortion introduced by gradient compression. Together, these metrics
provide a comprehensive view of the accuracy–compression trade-off.

3.1. Experimental Setup

All experiments were implemented in Python (version 3.13.11) using the PyTorch
deep learning framework (version 2.9.1+cu130). The proposed quantization schemes were
evaluated on both tabular and image-classification tasks using four benchmark datasets:
DCCC, CIFAR-10, CIFAR-100, and ImageNet. These datasets provide increasing levels of
complexity, enabling assessment of the proposed methods across diverse learning scenarios.

The DCCC dataset was used to evaluate the proposed methods on a binary credit-
risk classification task. A multilayer perceptron (MLP) consisting of four hidden layers
with 50 neurons per layer and ReLU activation functions was employed. For CIFAR-10
and CIFAR-100, a convolutional neural network (CNN) architecture comprising three
convolutional blocks followed by two fully connected layers was adopted. To further
investigate scalability and performance on large-scale visual recognition tasks, additional
experiments were conducted on the ImageNet benchmark using a ResNet-50 architecture.
Training was performed using the Adam optimizer with an initial learning rate of 10−3.
Unless otherwise stated, mini-batches of 128 samples were used. The proposed Switching
A-law and Hybrid A-law quantizers were compared against conventional full-precision
(FP32) training and three widely used gradient compression methods: QSGD, TernGrad,
and EFSignSGD. All methods were evaluated under identical training conditions to ensure
a fair comparison. For the Switching A-law quantizer, the bit-width adaptation mechanism
was driven by an exponentially weighted moving average (EMA) estimate of gradient
variance, allowing the quantization precision to adapt to evolving optimization dynamics.
The Hybrid A-law quantizer employed magnitude-based gradient partitioning, combining
uniform quantization for low-amplitude gradients with semilogarithmic companding for
high-amplitude gradients. All simulations were executed on a workstation equipped with
NVIDIA GPU acceleration and CUDA support. For adaptive quantization schemes, the
average number of bits used during training is computed as:

Bavg =
1
T

T

∑
t=1

bt, (8)

where bt denotes the bit-width selected at iteration t and T is the total number of training
iterations.

3.2. DCCC Credit Default Classification

The first experiment considers the DCCC credit default dataset using a multilayer
perceptron architecture. The corresponding validation accuracy and validation loss curves
are shown in Figures 1 and 2, respectively.

As shown in Figure 1, all investigated methods converge successfully and achieve
similar predictive performance. The proposed Hybrid A-law quantizer attains the highest
final test accuracy among the proposed compression approaches, while maintaining an
extremely small gradient reconstruction error. In contrast, TernGrad and EFSignSGD
exhibit noticeably larger quantization errors, despite using significantly fewer bits.

The numerical results are summarized in Table 1. The Hybrid A-law approach achieves
a final test accuracy of 76.28%, which is comparable to both FP32 training and QSGD, while
reducing the gradient representation from 32 bits to only 8 bits. Moreover, its RMSE is
approximately two orders of magnitude smaller than that of QSGD and more than two
hundred times smaller than that of EFSignSGD.
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Figure 1. Validation accuracy evolution on the DCCC dataset.

Figure 2. Validation loss evolution on the DCCC dataset.

Table 1. DCCC benchmark results.

Method Test Acc. RMSE Avg. Bits

FP32 0.76097 0.000000 32.00
Switching A-law 0.75198 0.001548 7.15
Hybrid A-law 0.76279 0.000064 8.00
QSGD 0.76150 0.005305 4.00
TernGrad 0.74107 0.013718 2.00
EFSignSGD 0.75166 0.014349 1.00

These results demonstrate that semilogarithmic gradient compression is particularly
effective for structured tabular learning tasks, preserving predictive performance while
introducing only negligible gradient distortion.

3.3. CIFAR-10 Classification

The second experiment evaluates the proposed methods on the CIFAR-10 image
classification benchmark. Figures 3 and 4 present the validation accuracy and validation
loss trajectories, respectively.

https://doi.org/10.3390/a19070521
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Figure 3. Validation accuracy evolution on CIFAR-10.

Figure 4. Validation loss evolution on CIFAR-10.

The validation accuracy curves indicate that the proposed Hybrid A-law quantizer
follows the FP32 training trajectory almost exactly throughout the optimization process.
The corresponding loss curves reveal similarly stable convergence behaviour.

The quantitative comparison is reported in Table 2. Notably, the Hybrid A-law quan-
tizer achieves the same best validation accuracy as FP32 training (79.27%) while requiring
only 8 effective gradient bits. Furthermore, the resulting gradient reconstruction error is
only 7× 10−6, which is substantially lower than those obtained by QSGD, TernGrad, and
EFSignSGD.

Table 2. CIFAR-10 benchmark results.

Method Test Acc. RMSE Avg. Bits

FP32 0.79030 0.000000 32.00
Switching A-law 0.77220 0.000839 7.03
Hybrid A-law 0.79080 0.000007 8.00
QSGD 0.78510 0.004051 4.00
TernGrad 0.77490 0.005044 2.00
EFSignSGD 0.76900 0.001904 1.00
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Among all compressed methods, the Hybrid A-law scheme provides the closest ap-
proximation to FP32 training, simultaneously achieving the highest classification accuracy
and the lowest gradient distortion.

3.4. CIFAR-100 Classification

To evaluate robustness on a more challenging classification task, experiments were
performed on CIFAR-100. The validation accuracy evolution is shown in Figure 5.

Figure 5. Validation accuracy evolution on CIFAR-100.

Compared with CIFAR-10, all methods operate in a considerably narrower accuracy
range, reflecting the increased complexity of the dataset. Interestingly, QSGD and EF-
SignSGD achieve slightly higher peak accuracies. Nevertheless, the proposed Hybrid
A-law quantizer remains highly competitive while introducing dramatically lower gradi-
ent distortion.

The corresponding numerical results are summarized in Table 3.

Table 3. CIFAR-100 benchmark results.

Method Test Acc. RMSE Avg. Bits

FP32 0.44480 0.000000 32.00
Switching A-law 0.45110 0.000514 7.78
Hybrid A-law 0.45400 0.000015 8.00
QSGD 0.47060 0.007242 4.00
TernGrad 0.45500 0.010322 2.00
EFSignSGD 0.46240 0.002897 1.00

An important observation emerges from this experiment. Although QSGD and EF-
SignSGD achieve slightly higher classification accuracies, the Hybrid A-law quantizer
produces gradient reconstruction errors that are two to three orders of magnitude lower.
This finding suggests that semilogarithmic companding preserves gradient information
substantially more faithfully than stochastic or sign-based compression approaches while
maintaining highly competitive predictive performance.

3.5. ImageNet Validation

To address the reviewer’s concern regarding large-scale validation, additional ex-
periments were conducted on the ImageNet dataset using a ResNet-50 architecture. The
resulting validation accuracy curves are shown in Figure 6. EFSignSGD failed to con-
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verge under the considered ImageNet training configuration, resulting in near-random
classification performance.

Figure 6. Validation loss evolution on ImageNet.

The quantitative results are presented in Table 4. The proposed Hybrid A-law quantizer
achieves a Top-1 accuracy of 63.91% and a Top-5 accuracy of 85.77%, compared with 65.49%
and 86.80% obtained using FP32 training. This performance is achieved while reducing the
average gradient representation from 32 bits to approximately 8 bits.

Table 4. ImageNet benchmark results.

Method Top-1 Top-5 RMSE Bits

FP32 0.6549 0.8680 0.000000 32.0
Switching A-law 0.6211 0.8438 0.001386 7.39
Hybrid A-law 0.6391 0.8577 0.000092 8.00
QSGD 0.5901 0.8245 0.014288 4.00
TernGrad 0.6206 0.8447 0.031971 2.00
EFSignSGD 0.0010 0.0050 — 1.00

The ImageNet results are particularly significant because they demonstrate that the pro-
posed semilogarithmic quantization framework scales beyond small benchmark datasets
and remains effective for large-scale visual recognition tasks. Among all compressed meth-
ods, Hybrid A-law achieves the most favorable balance between predictive performance
and gradient fidelity.

3.6. Overall Discussion

Across all evaluated datasets, three consistent observations can be made. First, both
proposed semilogarithmic quantizers substantially reduce gradient precision while pre-
serving predictive performance. Depending on the benchmark, the effective gradient
representation is reduced from 32 bits to approximately 7–8 bits, corresponding to com-
pression ratios of roughly 4×. In practical distributed training scenarios, such a reduction
directly translates into lower communication overhead and reduced memory traffic dur-
ing gradient synchronization. Second, the Hybrid A-law quantizer consistently achieves
the lowest gradient reconstruction error among all compressed methods. On CIFAR-10
and CIFAR-100, the RMSE reduction relative to QSGD exceeds two orders of magnitude,
indicating significantly improved preservation of gradient information. Third, the pro-
posed methods remain competitive across fundamentally different learning scenarios,
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including tabular classification (DCCC), medium-scale visual recognition (CIFAR-10 and
CIFAR-100), and large-scale image classification (ImageNet). These findings support the
use of semilogarithmic gradient quantization as a practical and communication-efficient
compression mechanism for resource-constrained deep learning systems. A particularly
important observation is the significantly lower gradient reconstruction error achieved by
the proposed Hybrid A-law quantizer. Across all investigated datasets, the resulting RMSE
was between one and three orders of magnitude lower than those produced by QSGD,
TernGrad, and EFSignSGD. This indicates that semilogarithmic companding preserves the
structure of the original gradients considerably more faithfully than stochastic or sign-based
quantization schemes.

Unlike several competing methods whose performance strongly depends on the
dataset and network architecture, the proposed Hybrid A-law quantizer exhibited remark-
ably consistent behavior across all considered learning scenarios. Competitive accuracy
was maintained on tabular data, medium-scale image classification tasks, and large-scale
ImageNet training without requiring dataset-specific tuning. An additional practical advan-
tage of the proposed approach is that gradient reconstruction remains deterministic. Unlike
stochastic quantization methods such as QSGD and TernGrad, the proposed semilog-
arithmic companding framework introduces no stochastic reconstruction noise, which
contributes to the observed reduction in gradient distortion. Although certain baselines
occasionally achieve slightly higher peak accuracies on individual datasets, the proposed
Hybrid A-law quantizer consistently delivers the most favorable compromise between
predictive performance, gradient fidelity, and communication efficiency.

4. Conclusions
This paper presents two adaptive semilogarithmic A-law gradient quantization meth-

ods: switching and hybrid piecewise schemes, designed to enable efficient and scalable
training of deep neural networks. Both approaches dynamically adjust the companding
parameter A based on gradient statistics, facilitating effective precision modulation and
nonuniform compression during backpropagation. To address the limitations of a purely
instantaneous variance-based switching strategy, the switching quantizer was enhanced
through an exponentially weighted moving average (EMA) variance reference, enabling
more stable and statistically meaningful adaptation of quantization precision throughout
training. Experimental evaluations were conducted on a diverse set of learning tasks,
including a tabular credit-risk prediction problem MLP-DCCC, CIFAR-10, CIFAR-100, and
large-scale ImageNet image classification benchmarks. In addition to the conventional
FP32 baseline, the proposed methods were compared against established gradient com-
pression approaches, including QSGD, TernGrad, and EFSignSGD. The obtained results
demonstrate that the proposed semilogarithmic quantization framework achieves competi-
tive predictive performance while substantially reducing gradient reconstruction error. In
particular, the Hybrid A-law quantizer consistently produced the lowest gradient distortion
among the investigated compressed training schemes, while preserving validation and test
accuracies close to full-precision training across multiple datasets and model architectures.
Although certain competing methods occasionally achieved slightly higher peak accuracies
on individual benchmarks, the proposed Hybrid A-law approach provided the most favor-
able compromise between predictive performance, gradient fidelity, and communication
efficiency. Furthermore, unlike highly compressed sign-based approaches, the proposed
framework remained stable across all considered experimental scenarios, including large-
scale ImageNet training. The results confirm that structured semilogarithmic quantization
offers a viable alternative to full-precision training, particularly in resource-constrained
environments and communication-limited training scenarios. Although federated and
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distributed learning represent natural application domains for gradient compression, such
settings were not explicitly evaluated in the present study and remain part of future work.
Although the experimental results demonstrate stable and competitive performance across
multiple datasets and neural network architectures, the present study focuses primarily
on the design and empirical evaluation of the proposed quantization schemes. A rigorous
theoretical convergence analysis remains outside the scope of the current work and will be
considered in future research. Future work will focus on establishing theoretical conver-
gence guarantees, extending the framework to transformer-based architectures and large
language models, investigating adaptive layer-wise quantization strategies, and developing
hardware-aware implementations for next-generation distributed AI systems.
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Abbreviations
The following abbreviations are used in this manuscript:

DNN Deep Neural Network
MLP Multilayer Perceptron
CNN Convolutional Neural Network
FP32 32-bit Floating Point
FP8 8-bit Floating Point
QAT Quantization-Aware Training
PTQ Post-Training Quantization
GPTQ Gradient-Based Post-Training Quantization
STE Straight-Through Estimator
SQNR Signal-to-Quantization-Noise Ratio
RMSE Root Mean Square Error
ReLU Rectified Linear Unit
IoT Internet of Things
AI Artificial Intelligence
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