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Abstract

Approximate multipliers have potential to improve energy efficiency in Deep Neural
Networks but introduce computational errors that degrade accuracy. This paper intro-
duces a novel method, leveraging approximate multipliers to enhance accuracy, while
improving computational and energy efficiency. We propose a layer-wise heterogeneous
approach using quantized approximate multipliers (INT8) in DNNs, applying varying
levels of approximation across layers. This approach achieves estimated energy savings
of up to 44.75% across all evaluated configurations, including up to 43.72% for the VGG
models, while improving Top-1 accuracy by up to 2.07 percentage points relative to the
corresponding exact INT8 baseline. Using Information Bottleneck (IB) theory, we analyze
the enhanced information flow and feature extraction capabilities enabled by approximate
multipliers. Through Information Plane (IP) analysis, we gain insights into DNN behav-
ior and demonstrate how this method can overcome accuracy limitations. An analytical
MAC-count comparison indicates that, under the experimental settings considered, the
forward-pass-only GA search requires 146× to 22,500× fewer MAC operations than the
corresponding gradient-based training schedules; this comparison reflects computational
workload rather than an equivalent-objective algorithmic speedup.

Keywords: energy-efficient DNNs; information bottleneck theory; energy–accuracy
trade-off; computational efficiency; layer-wise approximation

1. Introduction
Deep Neural Networks (DNNs) have revolutionized artificial intelligence, achieving

state-of-the-art results in domains such as computer vision [1], natural-language process-
ing [2], and generative AI [3]. As the scope of AI applications has expanded, the complexity
and scale of DNNs have grown significantly [4]. This growth is fueled by the increasing
availability of data and the demand for scalable, high-performing models [5,6]. How-
ever, these advances come with substantial computational and energy demands, which
pose challenges, particularly in resource-constrained environments like edge devices [7].
Edge devices, such as smartphones and IoT systems, often operate under strict power and
computational limitations, making it difficult to deploy modern DNNs effectively.

To address these challenges, approximate computing has emerged as a viable ap-
proach [8]. By introducing controlled inaccuracies, approximate computing reduces the
computational complexity and energy consumption of DNNs [7]. Among the various tech-
niques within this paradigm, approximate multipliers have shown promise for enhancing
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efficiency without significantly degrading performance. These multipliers achieve energy
efficiency by simplifying their hardware design, often introducing minor computational
errors [9]. Recent advances, such as Signed Carry Disregard Multipliers (SCDM8), demon-
strate the potential to balance accuracy and efficiency effectively, especially when combined
with quantization techniques like INT8 [10].

Despite their advantages, approximate computing techniques are traditionally asso-
ciated with a trade-off between accuracy and efficiency. Many studies have focused on
optimizing efficiency, often at the expense of accuracy. In this work, we challenge this
trade-off by proposing a novel approach that leverages approximate multipliers to improve
not only the efficiency but also the accuracy of DNNs. By employing a heterogeneous
configuration of SCDM8 multipliers, each layer of a model is assigned a specific multiplier
variant tailored to its computational requirements and error tolerance. This approach
harnesses the diversity of computational behaviors to enhance information flow within
the model.

Additionally, DNN models are often complex and their behavior is sophisticated,
frequently resembling a “black box” that is challenging to interpret and understand. This
complexity complicates efforts to analyze and optimize DNNs. The Information Bottleneck
(IB) theory, proposed by [11], provides a robust framework to understand the internal
mechanisms of DNNs by analyzing their information processing capabilities [12]. By exam-
ining the trade-offs between compression and prediction, IB theory offers insights into the
information flow and feature extraction processes that occur within these models.

Our experiments focus on image classification tasks, using well-known CNNs as case
studies alongside other architectures, such as Multilayer Perceptrons (MLPs). The proposed
method not only achieves significant energy efficiency and optimization but also surpasses
the accuracy plateau often observed with traditional training processes. The proposed
post-training configuration search requires substantially fewer estimated MAC operations
than the corresponding gradient-based training schedules under the experimental settings
considered. The selected heterogeneous configurations can additionally reduce estimated
multiplier energy during inference while improving accuracy relative to the exact INT8
baseline. Overall, the proposed method provides a computationally efficient post-training
configuration search and identifies heterogeneous multiplier assignments that improve
accuracy relative to the corresponding exact INT8 baselines while reducing estimated
multiplier energy during inference.

The remainder of this paper is structured as follows. Section 2 discusses the back-
ground and related work on approximate multipliers and Information Bottleneck theory.
Section 3 presents the proposed method. Section 4 details the experimental setup, and
Section 5 reports the results and evaluation. Section 6 provides a discussion and compari-
son, followed by a summary of the work in Section 7.

2. Background
The challenges associated with deploying DNNs in resource-constrained environ-

ments have spurred research into approximate computing and its applications in deep
learning. Approximate computing techniques aim to improve energy efficiency and re-
duce computational demands by introducing controlled inaccuracies into computations.
Among these techniques, approximate multipliers stand out as a practical solution to
optimize the resource-heavy operations inherent in DNNs [13].

2.1. Approximate Multipliers

Approximate multipliers are hardware components designed to perform multiplica-
tion operations with reduced precision, enabling lower power consumption and faster
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execution. By strategically simplifying their architecture, these multipliers achieve signifi-
cant energy savings at the cost of minor computational errors. Quantization, a widely used
approximation technique in deep learning, reduces computational bit width to lower energy
consumption and memory usage [14]. Combining quantization with approximate multipli-
ers amplifies efficiency gains, as the simplified compute units require fewer components
and consume less power.

For instance, some approximate multipliers incorporate constant-truncated regions
with error correction mechanisms, achieving substantial reductions in energy and area with
minimal accuracy loss [15]. Designs like 4-2 approximate compressors balance hardware
efficiency with computational precision [16], while Broken-Array Multipliers (BAMs) elim-
inate partial products to reduce power consumption further [17]. Libraries such as [18]
provides a collection of approximate multiplier designs, catering to diverse requirements
of hardware efficiency and accuracy.

A notable advancement in this field is the Signed Carry Disregard Multiplier (SCDM8)
family, which introduces approximation by disregarding carry propagation from lower
to higher bits [10]. This design significantly reduces hardware complexity and power
usage. Each SCDM8 multiplier comprises two 8 × 4 units for the Most-Significant Bits
(MSBs) and Least-Significant Bits (LSBs). By adjusting the number of approximate bits
in the MSBs and LSBs, up to 100 configurations are possible. Studies have identified
20 configurations (SCDM8 xy, where x: 4→8 and y: 1→4) as optimal for convolutional
neural networks (CNNs) [10]. These multipliers have demonstrated their suitability for
image classification tasks, maintaining accuracy within acceptable limits while achieving
substantial power savings.

Evaluations of SCDM8 multipliers often employ Post-Training Quantization (PTQ) on
pre-trained DNNs. This combination of quantization and approximation underscores the
potential of SCDM8 multipliers for energy-efficient DNN deployment, particularly on edge
devices. The results highlight that the approximate multipliers achieved substantial energy
savings and maintained acceptable accuracy levels across a range of DNN models and
datasets. A summary of these findings, including energy savings and accuracy degradation
compared to exact multipliers, is presented in Table 1.

Table 1. Energy–accuracy trade-off of approximate vs. exact multipliers in DNNs [10].

Model DateSet Accuracy (TOP-1)
Degradation Energy Saving

VGG16 ImageNet 0.49% 61%
ResNet152 ImageNet 0.23% 68%
MobileNetV2 ImageNet 0.10% 45%
ConvVeXt-T ImageNet 0.37% 56%
LeNet5-Inspired MNIST 0.07% 51%

2.2. Information Bottleneck Theory

The Information Bottleneck (IB) theory offers a rigorous framework for understanding
the inner workings of deep neural networks. Proposed by [11], the IB principle seeks to
maximize the mutual information between the input and output of a model while mini-
mizing the mutual information between the input and intermediate representations. This
trade-off enables the extraction of meaningful and discriminative features while compress-
ing redundant information, thus improving the model’s generalization capabilities. The
IB framework conceptualizes DNNs as a series of transformations, where each layer acts
as a bottleneck to distill relevant information. This is often visualized using the infor-
mation plane, which plots the mutual information of hidden layers with respect to the
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input and output. The information plane reveals distinct training phases: an initial fitting
phase, where the model learns relevant patterns, followed by a compression phase, where
redundant information is discarded.

While traditional IB methods have been extensively studied in low-dimensional set-
tings, their application to high-dimensional models such as CNNs remains challenging [19].
Recent advancements, such as Mutual Information Neural Estimation [20], have addressed
these limitations by providing scalable techniques for estimating mutual information in
complex architectures. These methods have validated the existence of the compression
phase in high-dimensional models like VGG-16, extending the relevance of IB theory
to practical applications [21]. Moreover, IB-inspired approaches have been employed
to enhance DNN performance. For instance, regularization techniques based on mutual-
information constraints have been investigated to improve model performance and stability,
particularly in tasks with limited training data [22]. By incorporating such techniques, this
work explores how approximate multipliers influence the information flow within DNNs,
leveraging the IB framework to optimize both efficiency and accuracy.

The insights gained from this analysis inform the design of heterogeneous multi-
plier configurations, offering a novel approach to reconcile the trade-offs between energy
efficiency and model performance. These findings not only extend the applicability of
IB theory to approximate computing but also provide a theoretical basis for designing
next-generation models optimized for resource-constrained environments.

3. Proposed Method
3.1. Role of Approximate Multipliers

For our studies and experiments, we selected 20 approximate multipliers from the
SCDM8 family, as named in the original study [10]. Using the naming convention
SCDM8_XY, where X and Y denote the number of approximate bits (MSB, and LSB re-
spectively), we chose the set SCDM8_XY (X : 4 → 8, Y : 1 → 4). These correspond to
20 approximate multipliers labeled Approx_Mult 1–20 in our experiments.

3.1.1. Unique Outputs of Approximate Multipliers

One notable characteristic of approximate multipliers is that their output values are
not only distinct from those of exact multipliers but also vary significantly among the
approximate multipliers themselves. This diversity arises from the inherent differences in
their arithmetic operations, which are influenced by the levels of approximation in their
designs. These variations in output play a critical role in influencing the information flow
and computational behavior within DNNs. This diversity intrigued us to explore whether
such differences could offer advantages in feature extraction, information encoding, and de-
coding. Specifically, we hypothesize that the distinct outputs of approximate multipliers
can enrich the computational paradigms within DNNs, enabling novel behaviors and
insights that are not achievable with traditional, exact multipliers. Our experiments aimed
to analyze the effects of these diverse outputs on the overall performance and energy
efficiency of DNNs.

3.1.2. Heterogeneous Architectures

Building on this observation, we propose a heterogeneous architecture in which differ-
ent approximate multipliers are assigned to individual layers of a DNN. This heterogeneity,
characterized by varying levels of approximation across layers, enhances the information
flow within the model, ultimately improving accuracy, energy, and computational efficiency.
By leveraging the unique outputs of each multiplier, we aim to exploit this diversity to
achieve higher performance than traditional homogeneous configurations.
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3.1.3. Optimization of Configurations

Identifying the optimal configuration for such heterogeneous architectures requires
exploring a vast search space. For instance, in our case study, we utilized 20 approximate
multipliers from the SCDM8 family. In a small CNN with 8 layers, assuming each layer
uses one of the 20 multipliers, the total number of possible configurations becomes 208.
This number increases exponentially with the number of layers or multipliers, rendering
an exhaustive search impractical, even for models with relatively few layers. To address
this challenge, we employed a genetic algorithm, a meta-heuristic optimization approach,
to explore combinations of approximate multipliers across layers. Each configuration was
evaluated based on its image classification accuracy, with higher accuracy serving as the
merit function. This iterative process prioritized and retained high-accuracy solutions
for subsequent generations, enabling the efficient identification of optimal configurations.
It should be noted that 20L represents the nominal combinatorial space rather than the
number of configurations explicitly evaluated. The genetic algorithm explores only a small
subset determined by the population size and number of generations.

The multiplier set could potentially be further reduced by clustering configurations
with similar arithmetic-error, entropy, and energy characteristics. However, similarity in a
single aggregate metric does not imply equivalent behavior within a DNN; for example,
SCDM8_53 and SCDM8_63 exhibit relatively similar output entropy but different energy
characteristics and model-level accuracy. Therefore, all 20 candidate multipliers were
retained in the present study. Search-space pruning using multi-metric similarity is left for
future investigation.

3.1.4. Computational Efficiency and Trade-Offs

Approximate multipliers inherently consume less power and exhibit shorter delays
compared to exact multipliers. Consequently, any layer-wise combination of approximate
multipliers results in a more efficient DNN than one using fully quantized exact INT8
multipliers. If the genetic algorithm successfully identifies a configuration that improves
accuracy, it transcends the traditional trade-off paradigm, achieving simultaneous en-
hancements in accuracy and efficiency. Such a configuration represents a post-training
optimization method that can improve accuracy and representation compression while
reducing estimated multiplier energy during subsequent inference. Importantly, this ap-
proach eliminates the need for computationally expensive back-propagation, relying solely
on the more efficient forward pass. This characteristic makes it particularly advantageous
for scenarios requiring post-training configuration search/optimization, as it significantly
reduces computational complexity while maintaining high performance.

3.2. Information Theory Analysis in DNNs

As a first step, we analyzed the entropy of the outputs generated by approximate
multipliers and compared them to those of an exact multiplier. Entropy, introduced by [23],
quantifies the uncertainty or intrinsic amount of information associated with a random
variable. For a given discrete random variable X, with values drawn from a set of possible
outcomes X and probability density function p(x), the entropy is defined as:

H(X) = − ∑
x∈X

p(x) log p(x). (1)

The approximations inherent in approximate multipliers cause their output entropy to
differ from that of exact multipliers. These variations directly impact feature extraction,
information encoding, and information flow within DNNs. The results of this entropy
analysis are presented in Table 2.
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Table 2. Output entropy for exact and approximate multipliers.

Multiplier Type Output Entropy Multiplier Type Output Entropy

Exact Multiplier 12.856 SCDM8_63 (11) 13.516
SCDM8_41 (1) 13.183 SCDM8_64 (12) 13.632
SCDM8_42 (2) 13.261 SCDM8_71 (13) 13.513
SCDM8_43 (3) 13.372 SCDM8_72 (14) 13.525
SCDM8_44 (4) 13.580 SCDM8_73 (15) 13.502
SCDM8_51 (5) 13.325 SCDM8_74 (16) 13.637
SCDM8_52 (6) 13.379 SCDM8_81 (17) 13.625
SCDM8_53 (7) 13.458 SCDM8_82 (18) 13.633
SCDM8_54 (8) 13.600 SCDM8_83 (19) 13.634
SCDM8_61 (9) 13.438 SCDM8_84 (20) 13.641
SCDM8_62 (10) 13.436

Motivated by these computational variations, we explored their effects on the in-
formation flow within DNNs, particularly their influence on model accuracy. We also
investigated how heterogeneous computational flows, introduced by employing different
approximate multipliers in various layers of a DNN, impact the information flow. Addi-
tionally, we studied the effects of approximate multipliers on the fitting and compression
phases within DNNs.

To conduct this analysis, we utilized the Information Bottleneck (IB) concept, a frame-
work proposed by [11,24] that studies and characterizes information flow in DNNs using
information-theoretic principles. Beyond entropy, the IB framework relies on mutual
information, which measures the shared dependency or mutual “knowledge” between
two variables.

For a second random variable Y with probability distribution p(y), as well as a joint
probability distribution p(x, y) representing the likelihood of x and y occurring together,
the mutual information I(X; Y) is expressed as:

I(X; Y) = ∑
x∈X

∑
y∈Y

p(x, y) log
(

p(x, y)
p(x)p(y)

)
. (2)

In the IB framework, each layer of a DNN is considered a random variable, with the
input data and output forming the first and last layers, respectively. For a DNN with m
hidden layers, the input X, hidden layers (illustrated in Figure 1), T1, T2, . . . , Tm, and output
Ŷ form a Markov chain as follows:

X T1 T2 T3 Tm ෠𝑌

Input Hidden layers Output

Figure 1. A DNN schematic with input X, output Y, and hidden layers T1 to Tm for IB analysis.
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Y → X → T1 → T2 → . . . → Tm → Ŷ. (3)

Here, Ti represents the i-th hidden layer, X is the input, Y is the associated label, and Ŷ
is the model output. According to the IB principle [24], the hidden layers (Ti) serve as
bottlenecks, compressing the input X while retaining information relevant to the target
Y. The mutual information I(Y; T) indicates the degree to which the representation T
retains information about Y. The IB framework aims to optimize the representation T
by maximizing I(T; Y) (relevance) while minimizing I(X; T) (compression). This dual
objective is expressed as a Lagrangian optimization problem:

L = I(Y; T)− βI(X; T), (4)

where β is a regularization parameter balancing relevance and compression. Applying the
IB principle and the Data Processing Inequality (DPI) [11] to DNNs yields the following
inequalities for information flow:

I(Y; X) ≥ I(Y; T1) ≥ . . . ≥ I(Y; Tm), (5)

I(X; X) ≥ I(X; T1) ≥ . . . ≥ I(X; Tm). (6)

These inequalities set upper and lower bounds on the information flow through the
layers of a DNN. The upper bound for the input X corresponds to the mutual information
of the input with itself, I(X; X), while the upper bound for the output Y is determined by
the mutual information between the labels and the inputs, I(Y; X). In our analysis, we
reformulated the mutual information terms using entropy as follows:

I(X; T) = H(T)− H(T|X) = H(T), (7)

I(T; Y) = H(T)− H(T|Y), (8)

where H(T|X) is the conditional entropy of T given X, which equals zero under the
assumption that T is a deterministic function of X. Similarly, H(T|Y) represents the
conditional entropy of T given Y. To visualize the information flow, we employed the
information plane, where I(X; Ti) is plotted on the x-axis and I(Y; Ti) on the y-axis. This
representation provides detailed insights into the fitting and compression processes across
the layers of a DNN during training.

As discussed by [25,26], distinct fitting and compression phases have been observed
during training on various datasets and activations (e.g., ReLU and Tanh). These phases,
particularly the compression phase, are hypothesized to enhance generalization and have
been extensively studied in the literature [19,21,27–30].

3.3. Improving DNNs with Heterogeneous Computational Paradigms

Our approach leverages the diverse computational paradigms and output entropies of
approximate multipliers to explore new possibilities for feature extraction and information
flow within DNNs. These paradigms allow us to achieve distinct points on the information
plane that are otherwise unattainable with traditional computational methods, such as
conventional post-training optimization approaches.

A key observation is that the output entropy of each approximate multiplier differs
from both exact multipliers and other approximate multipliers. This diversity enables
a range of computational paradigms. Our method leverages this by assigning distinct
approximate multipliers to each DNN layer, forming a heterogeneous computational
framework. This heterogeneity, arising from varying levels of multiplication entropy,
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positively influences the information flow on the information plane, leading to improved
fitting (accuracy) and compression.

To identify optimal configurations for heterogeneous implementations, we utilized
a genetic algorithm, as detailed in Algorithm 1. This approach efficiently navigates the
extensive design space of multiplier configurations across DNN layers to find combinations
that maximize accuracy while ensuring energy efficiency. Additionally, since approximate
multipliers inherently consume less power than exact multipliers, any layer-wise configu-
ration of approximate multipliers results in lower power consumption compared to fully
quantized INT8 or Float32 DNNs.

Throughout this study, the exact INT8 quantized model is used as the primary accuracy
baseline for evaluating the proposed heterogeneous approximate-multiplier configurations.
This baseline was selected because both the exact and approximate multipliers operate
in the INT8 domain, allowing the effect of multiplier approximation to be evaluated
independently of the accuracy change caused by quantization. The FP32 model is reported
separately as a reference for quantifying the effect of INT8 quantization, but it is not used
as the primary baseline for the reported accuracy improvements.

Algorithm 1 Layer-wise Heterogeneous Approximate Multiplier Search

1: Input: DNN model with L computational blocks/layers.
2: Search space: Set of approximate multipliers {SCDM8_41, SCDM8_42, . . . , SCDM8_84}.
3: Hyperparameters: Population size P, number of generations N, mutation rate M,

and validation dataset.
4: Output: Optimal layer-wise configuration of approximate multipliers, DSAMult =

{DAMult1 , DAMult2 , . . . , DAMultL}.
5: Initialize population: Generate P random chromosomes of length L.
6: for gen = 1 to N do
7: for each chromosome in the population do
8: Replace the exact multipliers in the DNN layers with the approximate multipliers

encoded in the chromosome.
9: Evaluate fitness by running forward-pass inference on the validation dataset

and computing Top-1 accuracy.
10: end for
11: Select parent chromosomes using tournament selection based on the highest Top-1

accuracy.
12: Apply single-point crossover to generate offspring chromosomes.
13: Randomly mutate genes in the offspring with probability M.
14: Replace the old population with the new offspring generation.
15: end for
16: return the fittest chromosome DSAMult from the final generation.

In summary, our heterogeneous computational framework, employing distinct multi-
pliers in each layer, achieved improved accuracy (fitting), enhanced compression, and sig-
nificant energy efficiency gains. This method introduces a novel GA-based configuration
search, delivering notable benefits in accuracy, model compression, and estimated energy
efficiency during subsequent inference.

4. Experimental Setup
As mentioned, we employed 20 quantized (INT8) approximate multipliers from [10],

which have demonstrated effectiveness in homogeneous DNN implementations. The en-
ergy efficiency and output entropy of these multipliers are detailed in Tables 2 and 3,
respectively. Table 3 reports the energy consumption of each approximate multiplier nor-
malized to that of the exact multiplier. Specifically, the normalized energy coefficient of
multiplier i is defined as ei = Mi/Mx, where Mi and Mx denote the energy metrics of
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the approximate and exact multipliers, respectively. Thus, a coefficient of 1.00 represents
the exact multiplier, while a coefficient below 1.00 indicates reduced energy consumption.
For example, a normalized energy coefficient of 0.40 corresponds to an energy saving of
60% at the multiplier level. Table 2 presents the entropy values of the outputs generated
by both exact and approximate multipliers. Entropy, as introduced by Shannon, quanti-
fies the uncertainty or the intrinsic amount of information contained within a variable.
In this context, the output entropy reflects the variability of the results produced by each
multiplier—where higher entropy indicates greater diversity in the output distribution.
These variations provide insights into how different approximate multipliers influence the
information content of computations within DNNs.

Table 3. Normalized energy consumption of the exact and approximate multipliers during infer-
ence [10]. The normalized energy of the exact multiplier is 1.00, and lower values indicate lower
energy consumption.

Multiplier (Index) Energy Usage (Normalized)

Exact Multiplier 1.00

SCDM8_41 (1) 0.78
SCDM8_42 (2) 0.76
SCDM8_43 (3) 0.74
SCDM8_44 (4) 0.69
SCDM8_51 (5) 0.69
SCDM8_52 (6) 0.64
SCDM8_53 (7) 0.61
SCDM8_54 (8) 0.58
SCDM8_61 (9) 0.66
SCDM8_62 (10) 0.61
SCDM8_63 (11) 0.58
SCDM8_64 (12) 0.55
SCDM8_71 (13) 0.63
SCDM8_72 (14) 0.54
SCDM8_73 (15) 0.49
SCDM8_74 (16) 0.43
SCDM8_81 (17) 0.58
SCDM8_82 (18) 0.52
SCDM8_83 (19) 0.46
SCDM8_84 (20) 0.40

When integrated into DNNs, these multipliers delivered significant improvements,
some of which are summarized in Table 1. Inspired by the literature, our experiments
included a CNN architecture (5 Conv layers followed by 3 FC-layers) [10] trained on the
MNIST dataset [31] and Fashion MNIST dataset [32]. Additionally, we trained a Multilayer
Perceptron (MLP) with a 784-200-100-10 architecture on both datasets. To expand the
experimental scope, we evaluated more complex datasets, training VGG11 and VGG13
architectures [33] on CIFAR-10 and CIFAR-100 [34]. The hyperparameters used for training
all models are detailed in Appendix A.1. The experiments, including the implementation
and simulation of approximate multipliers, were conducted on a server equipped with 4×
Intel Xeon Platinum 8160 processors and 2× NVIDIA Tesla V100 GPUs (16GB). The informa-
tion plane computations were performed on a server cluster, with hardware specifications
omitted for anonymity.
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4.1. Training and Quantization

The models were initially trained in 32-bit floating-point (FP32) format on their re-
spective datasets. To achieve optimal performance, extensive hyperparameter tuning was
performed, including adjustments to learning rate, batch size, and regularization. Detailed
training configurations are provided in the Appendix A.1. After FP32 training, full integer
quantization (post-training quantization, PTQ) was applied using TensorFlow 2.17 [35],
converting weights and activations to INT8. This quantization step ensures compatibility
with the approximate multipliers, which operate in the INT8 domain. Moreover, as the
activations/logits of each layer serve as inputs to subsequent layers, maintaining INT8
precision for activations is critical.

4.2. Heterogeneous Implementation Using Approximate Multipliers

To evaluate our method, we applied approximate multipliers heterogeneously by
assigning different multipliers to each layer while maintaining the same multiplier within
a given layer. A genetic algorithm was utilized to identify heterogeneous approximate-
multiplier configurations capable of achieving higher accuracy than the corresponding
exact INT8 baseline models. The validation and test sets were kept strictly disjoint through-
out the experiments. During the GA search, the validation set was used exclusively for
fitness evaluation and multiplier-configuration selection. The test set was not used for
fitness calculation, GA hyperparameter tuning, or any other optimization decision. Af-
ter the GA search was completed, the selected multiplier configurations were fixed and
evaluated on the independent held-out test set. All final Top-1 accuracy values reported
in Section 5 were obtained from this test set, and no test-set results were fed back into the
GA. The algorithm’s parameters, including population size, mutation rate, and number
of generations, were carefully tuned to balance exploration, exploitation, and computa-
tional efficiency. The genetic algorithm parameters were carefully selected to balance
exploration, exploitation, and computational efficiency. The number of generations was
scaled according to the complexity of the models and datasets, with simpler datasets like
MNIST requiring fewer generations (10–20) and more complex datasets like CIFAR-10/100
necessitating additional generations (35–40). Similarly, population size was adjusted based
on model size, with larger models like VGG11/13 using 40–50 individuals and smaller
models like MLP and CNN using 25. Mutation rates were set at 0.05 for VGG models
and 0.1 for simpler models to introduce sufficient randomness for exploration without
compromising convergence stability. Batch sizes of 64 for smaller models and 128 for
larger ones were employed to optimize computational efficiency. These carefully tuned
parameters allowed the algorithm to effectively identify heterogeneous configurations of
approximate multipliers, achieving a balance between accuracy and efficiency. Detailed
information on the genetic algorithm structure and implementation is provided in Table 4
and Algorithm 1.

Table 4. Parameter values for the genetic algorithm used in the case studies.

Model (Dataset) Generation
Number Population Size Mutation Rate Batch Size

VGG11 (CIFAR10) 35 40 0.05 128
VGG11 (CIFAR100) 40 40 0.05 128
VGG13 (CIFAR10) 40 50 0.05 128
VGG13 (CIFAR100) 40 50 0.05 128
MLP (MNIST) 10 25 0.10 64
MLP (FMNIST) 15 25 0.10 64
CNN (MNIST) 20 25 0.10 64
CNN (FMNIST) 20 25 0.10 64
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4.3. Information Plane Analysis

To evaluate the performance of DNNs on the information plane, we saved the output
of each layer during training to compute mutual information I(X; T) and I(Y; T). The
resulting information planes for this training procedure are presented in Figures A1 and A2
for the CNN and MLP case studies, respectively. For VGG11 and VGG13, due to their
higher complexity, the information plane of the last layer is presented in Figure A5. Quanti-
zation was applied after each epoch to ensure that the outputs used for mutual information
calculations adhered to the INT8 format. This approach maintained consistency throughout
the training process. As noted by [26], mutual information calculations are more accurate
in quantized models than in non-quantized models. For our CNN and MLP case studies,
we utilized the tool proposed in [26] to compute mutual information values. For higher-
dimensional and more complex models, such as VGG11 and VGG13, we employed the
Mutual Information Neural Estimation (MINE) method [20,21] to achieve convergence and
obtain a reasonable information plane. For the VGG-11 and VGG-13 experiments, MINE
was implemented using a statistics network consisting of two fully connected hidden layers
with 100 neurons each and RELU activations, followed by a scalar output. The input vari-
ables to the statistics network were concatenated. The MINE estimator was optimized using
Adam with a learning rate of 10−4, a mini-batch size of 128, and an exponential-moving-
average coefficient of α = 0.01. Samples from the product of the marginal distributions
were generated by randomly permuting one variable within each mini-batch, while the
original paired samples represented the joint distribution. The estimator was optimized
for 100 epochs without early stopping, and the mutual-information estimate obtained after
the final optimization epoch was used for constructing the information plane. The same
MINE configuration was used for VGG-11 and VGG-13 on both CIFAR-10 and CIFAR-100.
For these experiments, the input and last-layer representations were flattened before being
provided to the MINE estimator.

4.4. Final Experiments with Heterogeneous Multipliers

In the final step, we implemented layer-wise heterogeneous approximate multipliers
to locate points on the information plane that offered both increased compression and
higher accuracy. These configurations increased I(Y; T) during the fitting phase while
maintaining a high degree of compression. The genetic algorithm used in this step requires a
lower estimated MAC workload than the corresponding gradient-based training schedules
under the experimental settings considered (details in Appendix A.2). Using the genetic
algorithm, we identified combinations of approximate multipliers that achieved both
enhanced compression and improved accuracy. Furthermore, our proposed heterogeneous
method is estimated to improve multiplier-energy efficiency during DNN inference. These
details are elaborated in Section 5.

5. Results
5.1. Accuracy Improvement

By implementing the proposed heterogeneous approach for SCDM8 approximate
multipliers, we identified four distinct sets of multiplier combinations for each case study.
These configurations improve Top-1 accuracy relative to the corresponding exact INT8
baseline while also enhancing energy efficiency. Throughout this section, accuracy improve-
ment refers to the absolute difference between the Top-1 accuracy of the heterogeneous
approximate INT8 model and that of the exact INT8 model, expressed in percentage points.
After completing the GA search on the validation set, the selected multiplier configurations
were fixed and evaluated on the independent held-out test set. The resulting test-set Top-1
accuracies are summarized in Table 5. The exact INT8 model is used as the baseline for

https://doi.org/10.3390/ai7090385

https://doi.org/10.3390/ai7090385


AI 2026, 7, 385 12 of 28

calculating the reported accuracy improvements, while the FP32 model is included only
as a reference for illustrating the effect of quantization. The identified sets of approximate
multipliers for all evaluated models—CNN, MLP, VGG11, and VGG13—are detailed in
Table A6 and summarized in Table 5. The Top-1 accuracies of four representative hetero-
geneous multiplier configurations, denoted as Set 1–Set 4, are reported in Table 5. Each
set represents a fixed layer-wise assignment of approximate multipliers, and its reported
accuracy is a point estimate obtained on the independent held-out test set. These values
should therefore be distinguished from the statistical results obtained across independent
GA executions reported in Table A2. Additional configurations that performed comparably
to the exact INT8 baseline, or exhibited slight accuracy degradation while offering favorable
efficiency–accuracy trade-offs, are not explicitly included.

Table 5. Top-1 accuracy (%) of the FP32 models, exact INT8 baseline models, homogeneous
approximate-multiplier models, and proposed heterogeneous approximate-multiplier configurations.
All reported accuracy improvements for the proposed configurations are calculated relative to the
corresponding exact INT8 baseline and are expressed in percentage points. All final Top-1 accu-
racy values were measured on the independent held-out test set, which was not used during GA
optimization or configuration selection.

Model CNN CNN MLP MLP VGG11 VGG11 VGG13 VGG13
(Dataset) (MNIST) (FMNIST) (MNIST) (FMNIST) (CIFAR10) (CIFAR100) (CIFAR10) (CIFAR100)

Original (FP32) 99.26 91.27 98.24 89.58 91.78 70.64 93.35 72.02
Exact Multiplier (INT8 Baseline) 99.25 90.22 98.18 87.89 90.55 68.59 92.83 70.28

SCDM8_41 (1) 99.25 90.21 98.16 87.87 90.55 68.59 92.81 70.25
SCDM8_42 (2) 99.24 90.16 98.13 87.85 90.54 68.59 92.79 70.20
SCDM8_43 (3) 99.04 90.05 97.98 87.63 90.26 68.32 92.62 69.98
SCDM8_44 (4) 98.27 88.95 97.06 86.68 89.33 67.47 91.90 69.02
SCDM8_51 (5) 99.2 90.11 98.10 87.80 90.52 68.48 92.72 70.10
SCDM8_52 (6) 99.18 90.05 98.09 87.80 90.51 68.41 92.66 70.09
SCDM8_53 (7) 98.91 89.64 97.84 87.47 90.25 68.08 92.29 69.86
SCDM8_54 (8) 98.72 89.48 97.62 87.30 89.98 67.91 92.12 69.72
SCDM8_61 (9) 99.12 90.10 98.02 87.56 90.36 68.10 92.30 69.94

SCDM8_62 (10) 99.21 90.14 98.10 87.70 90.45 68.18 92.34 68.98
SCDM8_63 (11) 98.61 89.43 97.55 87.10 90.10 67.47 91.80 68.25
SCDM8_64 (12) 98.44 89.26 97.30 86.90 89.91 66.84 91.48 68.02
SCDM8_71 (13) 98.70 89.55 97.48 86.98 90.15 67.62 91.66 68.14
SCDM8_72 (14) 98.62 89.46 97.46 86.82 90.10 67.25 90.96 67.98
SCDM8_73 (15) 98.98 89.60 97.70 86.88 90.48 67.88 91.78 68.12
SCDM8_74 (16) 97.24 86.72 95.88 85.10 88.70 66.32 90.55 66.55
SCDM8_81 (17) 89.06 75.19 88.13 80.43 79.02 55.82 83.69 54.65
SCDM8_82 (18) 94.60 81.55 91.26 84.61 82.08 57.10 88.93 56.59
SCDM8_83 (19) 94.57 81.04 91.06 83.51 81.88 56.92 88.82 55.92
SCDM8_84 (20) 94.47 80.78 90.90 82.45 79.95 55.91 88.16 53.58

Set1 99.36 90.83 98.38 88.27 90.83 69.06 93.19 70.60
Set2 99.41 91.18 98.44 89.02 91.15 69.61 93.35 71.28
Set3 99.45 91.29 98.83 89.26 91.62 70.55 93.47 71.56
Set4 99.50 91.41 98.89 89.68 91.88 70.66 93.55 72.10

Note: Bold values indicate the results obtained using the proposed heterogeneous approximate-
multiplier configurations (Set1–Set4).

5.2. Impact of Approximate Multipliers on DNN Information Flow

For the CNN and MLP case studies, the information values and corresponding infor-
mation planes were computed using the exact (IB) analysis method for quantized DNN
models, as introduced in [26]. The resulting information planes for the CNN and MLP
models are depicted in Figure A1 and Figure A2, respectively. To analyze the impact of
approximate multipliers on these case studies, we evaluated their effects on Top-1 accuracy
and information flow. Specifically, we computed the information values while replacing all
multiplications in the models with approximate multipliers (using each of the 20 available
approximate multipliers). Finally, to assess the effectiveness of our proposed method on
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these case studies, we implemented the heterogeneous genetic-based approach using the
genetic algorithm detailed in Algorithm 1. The obtained points on the information plane,
demonstrating the performance of our method, are shown in Appendix A.4.

To further evaluate our method in more sophisticated and comprehensive case studies,
we implemented it on VGG11 and VGG13, trained on CIFAR-10 and CIFAR-100. Given the
complexity and high-dimensional nature of these models, we employed Mutual Informa-
tion Neural Estimation (MINE) [20,21] to compute the information values and construct
the information plane. MINE was selected because it provides a scalable approach for
estimating mutual information in high-dimensional representations such as those of VGG11
and VGG13 [21]. Due to the larger number of layers in VGG models compared to the other
case studies, the information plane for each layer is depicted individually to enhance
visualization clarity and interpretability. Similar to CNN and MLP, the initial visualizations
represent the information plane obtained during the training of VGG11 and VGG13 on
CIFAR-10 and CIFAR-100, with results reflecting the best-obtained Top-1 accuracy. Alterna-
tive configurations are detailed in Appendix A.1. Finally, we implemented the proposed
heterogeneous genetic-based approach to evaluate its effectiveness in VGG11 and VGG13.
The obtained points on the information plane (last layer), representing the performance of
our method, are visualized in Figure A6.

To improve the interpretability of the information-plane analysis, Appendix A.4 now
presents both the heterogeneous configurations selected by the GA and representative
homogeneous approximate-multiplier baselines, with numerical axis values and clearer
legends. The additional homogeneous figures show that replacing exact multipliers with
approximate multipliers uniformly across all layers generally shifts the information-plane
points toward lower I(X; Ti), which in our analysis is consistent with stronger compression.
However, this homogeneous use of approximation also tends to reduce I(Ti; Y), indicating
lower retention of label-related information and aligning with the accuracy degradation
observed for homogeneous approximate-multiplier implementations.

In contrast, the heterogeneous configurations identified by the GA (Set 1–Set 4) reach
the shaded green region shown in Figures A3 and A6, which represents combinations of
I(X; Ti) and I(Ti; Y) that were not reached by the exact multiplier baseline or by the repre-
sentative homogeneous approximate-multiplier configurations considered in this study.
These heterogeneous points combine lower I(X; Ti) with higher I(Ti; Y) relative to the
exact baseline, suggesting more compressed yet more task-relevant internal representations.
In contrast, the representative homogeneous configurations shown in Figures A4 and A7
generally reduce I(X; Ti) but also reduce I(Ti; Y). Thus, the homogeneous use of approxi-
mation is associated with stronger compression but also lower retention of label-related
information, whereas heterogeneous approximation enables the simultaneous movement
toward lower I(X; Ti) and higher I(Ti; Y). The corresponding numerical shifts relative to
the exact INT8 multiplier baseline are summarized in Table A7, quantitatively showing
that the heterogeneous configurations predominantly decrease I(X; Ti) while consistently
increasing I(Ti; Y), whereas the representative homogeneous configurations generally
decrease both quantities.

These interpretations should, however, be read with appropriate caution. The absolute
values of I(X; T) and I(T; Y), as well as the observed degree of compression, depend on
the mutual-information estimation method and its assumptions. In this work, CNN and
MLP information values were computed using the quantized IB analysis method, while the
VGG11 and VGG13 results were obtained using MINE. Therefore, we do not interpret the
results as estimator-independent proof that reduced mutual information directly causes
improved generalization. Rather, within each model and estimator setting, the observed
reduction in I(X; T) is interpreted as increased compression, while an increase in I(T; Y)
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indicates better retention of task-relevant information. The heterogeneous configurations
are thus best understood as providing evidence consistent with improved generalization
and accuracy, rather than conclusive proof of a universal causal relationship.

5.3. Optimizing Energy Utilization

As discussed, one of the primary challenges of DNN models is their high energy con-
sumption, particularly on resource-constrained hardware implementations. Since multipli-
cation operations constitute a significant portion of the computations in DNNs—especially
in convolutional layers and fully connected layers, which form the core components of
our case studies—reducing the energy usage of these operations is critical. By employing
approximate multipliers, energy efficiency during model inference can be significantly
improved. It should be noted that the energy results reported in this work are analytical
estimates rather than direct measurements from a complete hardware implementation.
The estimates are based on the normalized energy coefficients of the individual SCDM8
multipliers reported in [10] and the number of MAC operations performed in each network
layer. Equation (9) therefore estimates the energy contribution associated with multiplica-
tion operations using a MAC-weighted model. The reported values do not represent full
accelerator- or system-level energy measurements and do not account for implementation-
dependent energy contributions outside the multiplier operations. The estimated energy
savings achieved through the heterogeneous, layer-wise use of approximate multipliers in
our case studies are presented in Table 6. In the proposed heterogeneous method, energy
and delay efficiencies are determined by the efficiency of the multipliers used in each
layer, with their impact directly proportional to the number of MAC operations per layer.
Since our case studies include both convolutional and fully connected layers, we provide a
detailed breakdown of the computational operations required for each type (detailed in
Table A3). In the proposed heterogeneous method, the contribution of each multiplier to
the total network energy is proportional to the number of MAC operations performed in
its corresponding layer. Therefore, the normalized energy consumption of the network is
calculated as the MAC-weighted average of the normalized energy coefficients reported in
Table 3. The resulting percentage energy saving, Se, is calculated as follows:

Se =

1 −
∑L
ℓ=1 MACℓ

( MAMultℓ
Mx

)
∑L
ℓ=1 MACℓ

× 100 (9)

Here, L denotes the number of computational layers in the DNN, MACℓ is the number
of MAC operations in layer ℓ, Mx is the energy metric of the exact multiplier, and MAMultℓ is
the energy metric of the approximate multiplier assigned to layer ℓ. The ratio MAMultℓ/Mx

is the normalized energy coefficient reported in Table 3. Consequently, the fraction in
Equation (9) represents the normalized energy consumption of the complete network,
and subtracting it from one yields the corresponding energy-saving ratio. The corrected
energy-saving results are presented in Table 6.

5.4. Computational Cost Analysis

The proposed approach differs fundamentally from conventional gradient-based train-
ing. Conventional training optimizes network weights by minimizing a loss function
through forward and backward propagation, whereas our method operates on a previ-
ously trained model and searches over discrete layer-wise assignments of approximate
multipliers using validation Top-1 accuracy as the fitness criterion. Consequently, the two
procedures do not optimize identical quantities, and their computational costs should not
be interpreted as a direct algorithmic speedup under equivalent optimization objectives.
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Nevertheless, comparing their MAC requirements provides an indication of the compu-
tational characteristics of the two procedures. The proposed GA relies predominantly
on forward-pass evaluations and does not perform weight updates or backpropagation.
A MAC-count analysis under the experimental settings used in this work is provided in
Appendix A.2.

Table 6. Estimated energy savings for the heterogeneous approximate-multiplier configurations evalu-
ated in the case studies. The values are analytical estimates based on the normalized multiplier energy
coefficients in Table 3 and the layer-wise MAC counts, rather than full hardware measurements.

Model Energy Model Energy
(Dataset, Set) Saving (Dataset, Set) Saving

CNN (MNIST, Set1) 35.55% CNN (FMNIST, Set1) 40.58%
CNN (MNIST, Set2) 35.71% CNN (FMNIST, Set2) 37.26%
CNN (MNIST, Set3) 33.21% CNN (FMNIST, Set3) 42.92%
CNN (MNIST, Set4) 37.04% CNN (FMNIST, Set4) 44.75%

Median 35.63% Median 41.75%

MLP (MNIST, Set1) 24.25% MLP (FMNIST, Set1) 23.57%
MLP (MNIST, Set2) 23.96% MLP (FMNIST, Set2) 24.80%
MLP (MNIST, Set3) 25.75% MLP (FMNIST, Set3) 26.11%
MLP (MNIST, Set4) 24.12% MLP (FMNIST, Set4) 24.94%

Median 24.18% Median 24.87%

VGG11 (CIFAR10, Set1) 43.72% VGG11 (CIFAR100, Set1) 38.36%
VGG11 (CIFAR10, Set2) 38.69% VGG11 (CIFAR100, Set2) 43.51%
VGG11 (CIFAR10, Set3) 39.48% VGG11 (CIFAR100, Set3) 37.35%
VGG11 (CIFAR10, Set4) 43.37% VGG11 (CIFAR100, Set4) 36.14%

Median 41.42% Median 37.85%

VGG13 (CIFAR10, Set1) 41.49% VGG13 (CIFAR100, Set1) 36.38%
VGG13 (CIFAR10, Set2) 36.28% VGG13 (CIFAR100, Set2) 29.93%
VGG13 (CIFAR10, Set3) 28.40% VGG13 (CIFAR100, Set3) 28.17%
VGG13 (CIFAR10, Set4) 38.65% VGG13 (CIFAR100, Set4) 38.02%

Median 37.46% Median 33.16%

5.5. Comparison

To provide a relevant comparison, we selected recent studies on approximate multi-
pliers that employed the same model architectures, datasets, and INT8 data format where
possible. The comparative results are summarized in Table 7.

The absolute accuracy values and accuracy changes reported across these studies
should not be interpreted as a controlled head-to-head comparison, since the underlying
baseline models were trained using different hyperparameters and may have different
starting accuracies. Accordingly, each accuracy change in Table 7 is reported relative to the
baseline defined within the corresponding study. Despite these differences, a qualitative
distinction can be observed: the considered prior approximate-multiplier approaches report
accuracy degradation relative to their respective baselines, whereas the proposed hetero-
geneous configurations achieve positive accuracy changes relative to their corresponding
exact INT8 baselines while simultaneously reducing energy consumption.
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Table 7. Comparison of accuracy changes and energy savings for the proposed approach and related
works. The accuracy changes of the proposed configurations are absolute percentage-point differences
relative to their corresponding exact INT8 baselines. The existing-work values are reported relative
to the baselines defined in the cited studies. Energy-saving values are reported according to the
hardware assumptions and evaluation procedures of the corresponding studies and therefore should
be interpreted as indicative rather than as a strictly normalized hardware comparison.

Work Model Dataset Accuracy Change (%) Energy Saving (%)

Existing Works

[36] VGG11 CIFAR-10 −0.24 32
[37] VGG11 CIFAR-100 −1.20 52
[38] VGG13 CIFAR-10 −0.69 39
[38] VGG13 CIFAR-100 −1.91 39
[10] CNN MNIST −0.07 51
[39] CNN FMNIST −0.17 42
[40] MLP MNIST −0.30 17
[41] MLP FMNIST −1.84 8

Proposed Approach

Set3 VGG11 CIFAR-10 +1.07 39.48
Set3 VGG11 CIFAR-100 +1.96 37.35
Set1 VGG13 CIFAR-10 +0.36 41.49
Set4 VGG13 CIFAR-100 +1.82 38.02
Set4 CNN MNIST +0.25 37.04
Set2 CNN FMNIST +0.96 37.26
Set4 MLP MNIST +0.71 24.12
Set3 MLP FMNIST +1.37 26.11

Note: Bold entries indicate the selected configurations and corresponding results obtained using the
proposed heterogeneous approximate-multiplier approach.

The proposed configurations also provide substantial reductions in energy consump-
tion while producing positive accuracy improvements. Specifically, for VGG11 on CIFAR-
100, the proposed method improves Top-1 accuracy relative to its exact INT8 baseline while
reducing energy consumption. In comparison, ref. [37] reports an accuracy degradation rel-
ative to its own baseline together with energy savings. Similarly, for VGG13 on CIFAR-100,
the proposed method achieves a positive accuracy change together with reduced energy
consumption, whereas ref. [38] reports an accuracy degradation relative to its own baseline.
These values are not used to calculate a direct numerical accuracy advantage between
the methods because their underlying baselines differ. Rather, they illustrate the different
accuracy–energy trade-offs achieved by the approaches.

Although some existing approaches report higher energy savings, the distinguishing
characteristic of the proposed heterogeneous method is that it reduces energy consumption
while simultaneously producing a positive accuracy change relative to the corresponding
exact INT8 baseline. Across the evaluated models, these results indicate that heterogeneous
approximate-multiplier configurations can provide a favorable accuracy–energy trade-off
without the accuracy degradation observed in the considered prior approaches.

6. Discussion
Our proposed method addresses one of the primary challenges associated with using

approximate multipliers in DNNs—maintaining accuracy while improving computational
efficiency. Approximate multipliers have been widely explored as an efficiency enhance-
ment technique, particularly because multiplication is one of the most computationally
demanding operations in AI models. However, prior research has primarily implemented
approximate multipliers homogeneously across all layers, often leading to accuracy degra-
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dation. In contrast, our heterogeneous approach not only achieves significant energy
savings but also improves accuracy relative to the corresponding exact INT8 baseline
(comparison detailed in Section 5.5).

By analyzing the information plane, we observed that the heterogeneous configura-
tions reach regions not reached by the exact multiplier baseline or by the representative
homogeneous approximate-multiplier configurations evaluated in this study. In particu-
lar, homogeneous approximation generally results in lower estimated I(X; T), consistent
with stronger compression, but is also accompanied by lower estimated I(T; Y), consistent
with reduced retention of label-related information and the observed accuracy degrada-
tion. In contrast, the heterogeneous configurations combine lower estimated I(X; T) with
higher estimated I(T; Y), consistent with stronger compression while preserving more
task-relevant information.

These observations should not be interpreted as demonstrating a universal causal
relationship between reduced I(X; T) and improved generalization. Mutual-information
estimates depend on the estimation method and its assumptions; in this study, different
estimators are used for the CNN/MLP and VGG experiments. Therefore, we interpret
the observed information-plane movements within each model and estimator setting.
The results provide evidence consistent with the Information Bottleneck interpretation,
rather than estimator-independent proof that compression directly improves generaliza-
tion [42,43].

The approximate multipliers introduce deterministic, operand-dependent arithmetic
errors that modify the intermediate computations and information flow of the network. Our
results show that different layer-wise assignments of these approximate arithmetic opera-
tions produce distinct information-plane characteristics and model accuracies. By strategi-
cally selecting and combining approximate multipliers across layers, the proposed method
identifies heterogeneous configurations that improve accuracy while reducing energy con-
sumption. Our approach represents a novel and counterintuitive optimization strategy
that has not been explored in prior studies. While conventional wisdom suggests that in-
troducing computational inexactness degrades accuracy, our results indicate that carefully
designed heterogeneous configurations can achieve both higher accuracy and improved
efficiency. To identify these optimal configurations, we employed a genetic algorithm,
though other optimization techniques could also be applied. To the best of our knowl-
edge, this is the first work demonstrating that heterogeneous approximation in DNNs can
simultaneously improve both accuracy and energy efficiency.

Furthermore, we examined the ratio I(Y; T)/I(X; T) as an auxiliary information-plane
indicator. Within each model and mutual-information estimator setting, the heterogeneous
configurations exhibit a shift toward higher I(Y; T) and predominantly lower I(X; T),
consistent with the quantitative results reported in Appendix A.4. These changes are
interpreted descriptively and should not be considered evidence that the arithmetic er-
rors introduced by approximate multipliers act as a stochastic regularization mechanism.
The approximate multipliers considered in this study introduce deterministic, operand-
dependent arithmetic errors. A systematic characterization of their error distributions
and a controlled comparison with conventional regularization techniques such as dropout
and weight decay are beyond the scope of this work and are left for future investigation.
The observed information-plane changes indicate that approximate arithmetic can alter
the learned representations in ways that depend strongly on the multiplier type and its
layer-wise placement. In the heterogeneous configurations identified by the GA, these
changes are associated with higher I(T; Y) and predominantly lower I(X; T) relative to the
exact baseline. We therefore interpret the results in terms of changes in information flow
rather than as evidence of a stochastic regularization mechanism. Despite these promising
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results, obtaining the information plane remains computationally expensive due to its sta-
tistical nature, and this challenge is scaled-up for complex models like VGG11 and VGG13.
Additionally, modeling and simulating the behavior of approximate multipliers is compu-
tationally intensive, making our experiments particularly demanding. These constraints
limited the inclusion of even more complex architectures in our analysis. The optimization
framework is architecture-agnostic in the sense that the same layer-wise GA procedure
can be applied to different DNN models without modifying its fundamental formulation.
However, the optimized multiplier configuration is model- and dataset-specific, and the
GA search must therefore be performed separately for each target model–dataset pair.

This one-time offline optimization introduces an additional deployment-stage search
cost when adapting the method to a new model or dataset, although it does not add
computational overhead during inference.

As demonstrated in Table 1, homogeneous implementations of SCDM8 multipliers
already achieve 45% to 68% energy savings with less than 0.5% accuracy degradation
on modern, deep architectures such as ResNet152, MobileNetV2, and ConvNeXt-T on
ImageNet. These results motivate evaluating the heterogeneous approach on larger ar-
chitectures such as ResNet152, MobileNetV2, and ConvNeXt-T. However, because the
optimized multiplier configurations are model- and dataset-specific, whether similar gains
can be obtained on these architectures must be established empirically.

7. Conclusions
We introduced a novel approach for integrating approximate multipliers into DNN

models, achieving simultaneous accuracy improvements and estimated multiplier-energy
savings, thereby overcoming the conventional accuracy–efficiency trade-off observed in
approximate computing. Through Information-Plane analysis, we observed estimator-
dependent changes in the learned representations that are consistent with increased com-
pression and improved retention of task-relevant information under heterogeneous ap-
proximation. As a post-training configuration-search method, our approach has a lower
estimated MAC workload than the corresponding gradient-based training schedules under
the experimental settings considered. A key contribution of this work is serving as an
existence proof that approximate multipliers—typically associated with accuracy degra-
dation—can, under specific configurations, enhance accuracy while improving resource
efficiency. This challenges the prevailing assumption in the literature that approximation
inherently leads to accuracy loss. Our findings suggest that controlled heterogeneity in
multiplier selection can lead to novel optimization opportunities in DNNs.

Furthermore, our study highlights the growing importance of energy-efficient hard-
ware in AI, as computational and energy constraints become increasingly critical. By lever-
aging hardware-aware optimizations such as approximate multipliers, AI models can
achieve greater accuracy, sustainability, and scalability. While further validation across
diverse architectures is needed, our findings open new avenues for efficient AI hardware
design. Future work will focus on scaling the genetic algorithm and heterogeneous method-
ology to more advanced architectures, specifically evaluating the impact of approximate
multipliers on networks with skip-connections (e.g., ResNets) and depthwise separable con-
volutions (e.g., MobileNets). To mitigate the computational costs associated with simulating
forward-pass metrics and the Information Plane for deep models on large-scale datasets
like ImageNet, future efforts will explore optimized hardware-in-the-loop simulations and
the use of proxy datasets.
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Appendix A
Appendix A.1. Hyperparameter Tuning

To evaluate the reproducibility of the baseline model training, each model–dataset pair
was trained repeatedly using the final selected hyperparameters and independent random
seeds. The random seeds affected the model initialization and training-data order. Thirty
independent training runs were performed for CNN on MNIST, while ten independent
runs were performed for each of the remaining model–dataset pairs.

Table A1 reports the mean, standard deviation, and 95% confidence interval of the
resulting FP32 Top-1 test accuracies. The final column reports the FP32 accuracy cur-
rently presented in Table 5, which corresponds to the best-performing FP32 model ob-
tained during the repeated training experiments. This trained FP32 model was sub-
sequently used to obtain the corresponding exact INT8 baseline and to conduct the
approximate-multiplier experiments.

Pilot experiments were conducted to select batch size, epochs, and optimizer for
each model–dataset pair. The repeated-training results are reported as mean ± standard
deviation across the independent training runs summarized in Table A1. Learning rates
were tuned within standard ranges (10−3–10−2 for Adam, 10−3–10−1 for SGD).

Appendix A.1.1. VGGs on CIFAR-10 and CIFAR-100

For VGG11 and VGG13 (SGD, momentum 0.9), performance improved with larger
batch sizes and longer training. The best settings were: CIFAR-10 with batch sizes of 256 and
250 epochs (both models), and CIFAR-100 with batch sizes of 512 and 300 epochs. Adam
further improved VGG11 on CIFAR-100 by 1–2%. Final configurations are: VGG11 (CIFAR-
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10) 256/250/SGD, VGG11 (CIFAR-100) 512/300/Adam, VGG13 (CIFAR-10) 256/250/SGD,
and VGG13 (CIFAR-100) 512/300/SGD.

Appendix A.1.2. MLP on MNIST and Fashion-MNIST

For MLP, increasing epochs improved convergence. On MNIST, extending training
from 1000 to 2000 epochs improved performance, with SGD slightly outperforming Adam.
On Fashion-MNIST, Adam benefited more from longer training and surpassed SGD. Final
settings are: MLP (MNIST) 150/2000/SGD and MLP (FMNIST) 150/2000/Adam.

Appendix A.1.3. CNN on MNIST and Fashion-MNIST

For CNN, batch size was fixed at 256. Increasing epochs (1000–3000) improved
accuracy, and Adam consistently outperformed SGD at higher epochs. Final settings are:
CNN (MNIST) 256/3000/Adam and CNN (FMNIST) 256/3000/Adam.

These hyperparameters balance model complexity, dataset difficulty, optimizer behav-
ior, and convergence requirements.

The statistics in Table A1 describe the variability of the FP32 model-training procedure.
They do not describe repeated GA executions. The Set1–Set4 results in Table 5 represent
fixed layer-wise approximate-multiplier configurations applied to the selected trained
model and are therefore reported as individual point accuracies.

Table A1. Statistical results of repeated FP32 model training. The mean, standard deviation, and 95%
confidence interval are calculated across independent training runs. The final column shows the FP32
accuracy reported in Table 5.

Model Dataset Training Runs Top-1 Accuracy
Mean ± SD 95% CI FP32 Accuracy in

Table 5

CNN MNIST 30 99.21 ± 0.05 [99.19, 99.23] 99.26
CNN Fashion-MNIST 10 91.10 ± 0.18 [90.97, 91.23] 91.27
MLP MNIST 10 98.18 ± 0.06 [98.14, 98.22] 98.24
MLP Fashion-MNIST 10 89.26 ± 0.34 [89.02, 89.50] 89.58
VGG11 CIFAR-10 10 91.58 ± 0.22 [91.42, 91.74] 91.78
VGG11 CIFAR-100 10 70.41 ± 0.30 [70.20, 70.62] 70.64
VGG13 CIFAR-10 10 93.35 ± 0.03 [93.33, 93.37] 93.35
VGG13 CIFAR-100 10 71.92 ± 0.14 [71.82, 72.02] 72.02

Appendix A.1.4. Robustness of the Genetic-Algorithm Search

To evaluate the robustness of the proposed search procedure with respect to stochas-
tic initialization, the genetic algorithm was executed independently 10 times for each
model–dataset pair using different random seeds. Each run started from an independently
generated initial population, while the GA hyperparameters and evaluation protocol were
kept unchanged. Table A2 reports the mean and standard deviation of the Top-1 accuracy
obtained across the 10 independent GA runs. The relatively small standard deviations
indicate that the GA repeatedly identifies high-performing regions of the heterogeneous
multiplier-configuration space despite variations in its random initialization. These GA
repetitions are distinct from the repeated FP32 training runs reported in Table A1.
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Table A2. Robustness of the GA search across 10 independent runs with different random seeds.

Model Dataset Independent GA
Runs

Top-1 Accuracy
(Mean ± SD) (%)

CNN MNIST 10 99.44 ± 0.05
CNN Fashion-MNIST 10 91.26 ± 0.18
MLP MNIST 10 98.68 ± 0.21
MLP Fashion-MNIST 10 89.24 ± 0.38

VGG11 CIFAR-10 10 91.48 ± 0.07
VGG11 CIFAR-100 10 70.41 ± 0.46
VGG13 CIFAR-10 10 93.47 ± 0.08
VGG13 CIFAR-100 10 71.72 ± 0.34

A two-sided one-sample t-test was performed across the 10 independent GA execu-
tions for each model–dataset pair, using the corresponding exact INT8 accuracy as the
reference value. The resulting differences were statistically significant for all evaluated cases
(p < 0.001). Because these GA executions were performed on the same selected trained
model, this analysis quantifies variability associated with GA initialization and should not
be interpreted as accounting for variability across independently trained DNN models.

Appendix A.2. Computational Cost Analysis

We characterize the computational cost of the proposed GA search and conventional
gradient-based training in terms of Multiply–Accumulate (MAC) operations in convolu-
tional and fully connected layers. It is important to emphasize that this is not an equivalent-
objective benchmark: conventional training optimizes network weights through loss mini-
mization and backpropagation, whereas the proposed GA searches discrete approximate-
multiplier configurations for a previously trained model using validation accuracy as its
fitness criterion. The following analysis therefore compares the estimated MAC counts
associated with the two procedures under the experimental settings used in this study,
rather than establishing a direct algorithmic speedup.

For a convolutional layer, the number of MACs is K(W − F + 1)(H − F + 1)F2D,
where K is the number of filters, W and H are the input width and height, F is the filter size,
and D is the input depth. For a fully connected layer, the number of MACs is N × M, where
N and M are the input and output dimensions. Using these expressions, we computed the
layer-wise MAC counts shown in Table A3 (in millions).

The proposed method acts as an efficient GA-based configuration search, achieving
higher accuracy with lower computational cost. Its complexity is governed by the genetic
algorithm parameters: population size P, number of generations G, input size N, and fitness
cost F, where F corresponds to the DNN forward pass for batch size T. Per generation,
the fitness evaluation costs P × F, selection costs P log(P), and crossover/mutation costs
P × N; therefore, the total complexity is G(PF + P log(P) + PN).

Table A3. Number of MACs in each layer of case studies.

Model (Dataset) Conv MACs (M) FC MACs (M) Total (M)

VGG11 (CIFAR10) [1.179, 1.179, 1.179, 2.359, 1.179, 2.359, 1.179, 1.179] [2.097, 16.777, 0.040] 30.70
VGG11 (CIFAR100) [1.179, 1.179, 1.179, 2.359, 1.179, 2.359, 1.179] [2.097, 16.777, 0.410] 31.08
VGG13 (CIFAR10) [1.179, 1.179, 1.179, 1.179, 1.179, 2.359, 1.179, 2.359, 1.179, 1.179] [2.097, 16.777, 0.040] 33.07
VGG13 (CIFAR100) [1.179, 1.179, 1.179, 1.179, 1.179, 2.359, 1.179, 2.359, 1.179, 1.179] [2.097, 16.777, 0.410] 33.43
MLP (MNIST/FMNIST) - [0.15, 0.02, 0.00] 0.17
CNN (MNIST/FMNIST) [0.05, 1.60, 0.40, 0.77, 0.16] [0.29, 0.01, 0.00] 3.58
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For traditional training, the cost of one epoch is Ce
T = STS(CF + CB), where STS is the

training-set size, CF is the forward-pass complexity, and CB ≈ 2CF is the backward-pass
complexity [44]. Combining these expressions with the experimental settings in Tables 4,
A3 and A4, the final comparison is summarized in Table A5.

Under the experimental settings used in this study, the ratio between the estimated
MAC counts of conventional training and the proposed GA search ranges from 146× to
22,500×, as summarized in Table A5. These values should be interpreted as MAC-count
ratios rather than direct computational speedups, because the two procedures optimize
different variables and employ different optimization mechanisms and stopping criteria.
The lower MAC requirement of the GA mainly results from its forward-pass-only fitness
evaluations and the absence of gradient computation and weight updates. Moreover,
these analytical MAC counts do not account for implementation-dependent factors such as
memory access, GA-management overhead, hardware utilization, or wall-clock execution
time. Therefore, the comparison is intended to characterize the relative computational
workload of the procedures under our settings rather than to establish an equivalent-task
performance benchmark.

Table A4. Final hyperparameters selected from pilot experiments.

Model (Dataset) Batch Epochs Opt.

VGG11 (CIFAR-10) 256 250 SGD
VGG11 (CIFAR-100) 512 300 Adam
VGG13 (CIFAR-10) 256 250 SGD
VGG13 (CIFAR-100) 512 300 SGD
MLP (MNIST) 150 2000 SGD
MLP (FMNIST) 150 2000 Adam
CNN (MNIST) 256 3000 Adam
CNN (FMNIST) 256 3000 Adam

Table A5. Estimated MAC counts of conventional training and the proposed GA search under the
experimental settings used in this study. The reported ratio is a MAC-count ratio and should not be
interpreted as a direct algorithmic speedup because the two procedures optimize different quantities.

Model (Dataset) Traditional Proposed MAC-Count Ratio

VGG11 (CIFAR10) 1.24 × 1015 5.96 × 1012 208
VGG11 (CIFAR100) 1.51 × 1015 6.89 × 1012 219
VGG13 (CIFAR10) 1.28 × 1015 8.77 × 1012 146
VGG13 (CIFAR100) 1.55 × 1015 8.77 × 1012 177
MLP (MNIST) 6.12 × 1013 2.72 × 109 22,500
MLP (FMNIST) 6.12 × 1013 4.08 × 109 15,000
CNN (MNIST) 1.93 × 1015 1.14 × 1011 16,940
CNN (FMNIST) 2.56 × 1015 1.14 × 1011 22,460

Appendix A.3. Identified Approximate Multiplier Sets

This appendix reports the layer-wise configurations of approximate multipliers iden-
tified by the genetic algorithm. Table A6 lists the four highest-performing sets for each
model–dataset pair (CNN, MLP, VGG11, VGG13).

Each set defines a heterogeneous assignment of SCDM8 approximate multipliers
(indices as in Section 3.1), ordered according to layer sequence. All models use INT8
quantization, with a single multiplier applied uniformly per layer.

The reported configurations correspond to the best-performing solutions in Section 5,
achieving improved Top-1 accuracy alongside reduced energy consumption. Multiple
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sets per case highlight the presence of several competitive solutions, reflecting the non-
uniqueness of optimal configurations.

Table A6. Obtained approximate multiplier sets for all case studies.

Model Approximate Multiplier Set Model Approximate Multiplier Set

CNN (MNIST) VGG11 (CIFAR10)

Set1 [19, 10, 6, 3, 10, 6, 12, 10] Set1 [8, 5, 6, 9, 18, 16, 9, 17, 1, 18, 7]
Set2 [18, 5, 14, 10, 3, 8, 6, 19] Set2 [15, 5, 6, 1, 5, 8, 2, 11, 13, 11, 6]
Set3 [18, 5, 6, 13, 7, 3, 1, 14] Set3 [19, 14, 1, 10, 12, 6, 1, 18, 2, 11, 1]
Set4 [12, 8, 14, 2, 5, 9, 15, 2] Set4 [16, 5, 5, 17, 1, 2, 16, 15, 6, 18, 7]

CNN (FMNIST) VGG11 (CIFAR100)

Set1 [12, 15, 2, 9, 17, 1, 18, 16] Set1 [12, 15, 2, 9, 13, 4, 1, 18, 2, 11, 7]
Set2 [16, 7, 4, 10, 18, 1, 18, 7] Set2 [1, 15, 9, 18, 16, 13, 6, 8, 1, 18, 6]
Set3 [15, 14, 6, 13, 16, 11, 7, 5] Set3 [3, 5, 1, 4, 12, 10, 9, 17, 1, 11, 1]
Set4 [19, 14, 9, 18, 15, 10, 7, 16] Set4 [16, 15, 2, 4, 2, 1, 8, 17, 1, 7, 6]

MLP (MNIST) VGG13 (CIFAR10)

Set1 [1, 11, 1] Set1 [19, 14, 6, 9, 1, 10, 12, 3, 5, 17, 1, 18, 7]
Set2 [1, 7, 5] Set2 [3, 14, 18, 10, 12, 1, 3, 6, 9, 17, 1, 7, 6]
Set3 [2, 7, 6] Set3 [10, 15, 2, 4, 11, 12, 2, 3, 8, 18, 1, 1, 7]
Set4 [2, 2, 12] Set4 [16, 15, 6, 1, 1, 12, 15, 17, 2, 18, 2, 7, 6]

MLP (FMNIST) VGG13 (CIFAR100)

Set1 [1, 6, 1] Set1 [16, 15, 2, 4, 1, 5, 18, 4, 3, 17, 1, 7, 6]
Set2 [1, 14, 7] Set2 [10, 15, 10, 7, 2, 16, 10, 2, 8, 18, 1, 1, 7]
Set3 [2, 11, 7] Set3 [10, 15, 2, 1, 11, 5, 5, 6, 8, 18, 1, 1, 7]
Set4 [1, 18, 2] Set4 [16, 15, 2, 1, 2, 9, 7, 11, 15, 18, 2, 7, 6]

Appendix A.4. Information Planes

This section presents the Information-Plane (IP) results for all case studies. The in-
formation planes obtained during training for CNN and MLP are shown in Figure A1
and Figure A2, respectively. Figure A3 compares the exact multiplier baseline with the
heterogeneous configurations (Set1–Set4), while Figure A4 presents representative ho-
mogeneous approximate-multiplier implementations using SCDM8_41 and SCDM8_84.
For VGG11 and VGG13, Figure A5 presents the information planes obtained during train-
ing. Due to the higher dimensionality and complexity of the VGG models, the comparison
focuses on the last fully connected layer. Figure A6 presents the heterogeneous config-
urations, whereas Figure A7 compares the exact multiplier with the representative ho-
mogeneous approximate-multiplier implementations. To quantify the shifts observed in
the information-plane figures, we define the changes relative to the exact INT8 multiplier
baseline as

∆IX = Iconfig(X; T)− Iexact(X; T), (A1)

and
∆IY = Iconfig(T; Y)− Iexact(T; Y). (A2)

For CNN and MLP, the reported shifts correspond to the final analyzed representation,
while for VGG11 and VGG13 they correspond to the final fully connected layer, FC3.
The resulting ranges are summarized in Table A7.
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Table A7. Quantitative information-plane shifts relative to the exact INT8 multiplier baseline. For
the homogeneous case, the reported ranges correspond to SCDM8_41 and SCDM8_84. For the
heterogeneous case, the ranges correspond to Set1–Set4. Negative ∆IX indicates a shift toward lower
I(X; T), whereas positive ∆IY indicates increased retention of label-related information within the
adopted mutual-information estimator.

Model Dataset Homogeneous
∆IX

Homogeneous
∆IY

Heterogeneous
∆IX

Heterogeneous
∆IY

CNN MNIST [−0.326,−0.009] [−0.022,−0.008] [−0.296,−0.074] [+0.011,+0.024]

CNN Fashion-
MNIST [−0.115,+0.004] [−0.021,−0.006] [−0.121,−0.010] [+0.002,+0.019]

MLP MNIST [−0.286,−0.008] [−0.061,−0.038] [−0.107,−0.007] [+0.001,+0.019]

MLP Fashion-
MNIST [−0.195,−0.002] [−0.057,−0.005] [−0.162,+0.002] [+0.003,+0.029]

VGG11 CIFAR-10 [−0.282,−0.072] [−0.795,−0.206] [−0.199,−0.045] [+0.005,+0.017]
VGG11 CIFAR-100 [−0.152,−0.072] [−0.332,−0.243] [−0.165,−0.051] [+0.042,+0.125]
VGG13 CIFAR-10 [−0.316,−0.032] [−0.020,−0.007] [−0.109,−0.030] [+0.001,+0.016]
VGG13 CIFAR-100 [−0.365,−0.047] [−0.100,−0.066] [−0.305,−0.060] [+0.046,+0.115]

(a) CNN (MNIST) (b) CNN (FMNIST)

Figure A1. Information planes for CNN during training.

(a) MLP (MNIST) (b) MLP (FMNIST)

Figure A2. Information planes for MLP during training.

Figure A3. Cont.
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Figure A3. Information-plane locations of the exact multiplier baseline and the heterogeneous
approximate-multiplier configurations (Set1–Set4) for CNN and MLP case studies. The shaded
green region indicates points not attained by the exact multiplier baseline or by the representative
homogeneous approximate-multiplier configurations considered in this work.

Figure A4. Information-plane comparison of the exact multiplier baseline and two representative
homogeneous approximate-multiplier implementations (SCDM8_41 and SCDM8_84) for CNN and MLP
case studies. Homogeneous approximation generally shifts the points toward lower I(X; Ti), but often
also lower I(Ti; Y), indicating increased compression together with reduced label-related information.

(a) VGG11 (b) VGG13

Figure A5. Information planes during training for VGG11 and VGG13 on CIFAR-10 and CIFAR-100:
(a) VGG11 and (b) VGG13.
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Figure A6. Information-plane locations of the exact multiplier baseline and the heterogeneous
approximate-multiplier configurations (Set 1–Set 4) for the last fully connected layer (FC_3) of VGG11
and VGG13. The shaded green region indicates points not attained by the exact multiplier baseline or
by the representative homogeneous approximate-multiplier configurations considered in this work.

Figure A7. Information-plane comparison of the exact multiplier baseline and two representative
homogeneous approximate-multiplier implementations (SCDM8_41 and SCDM8_84) for the last fully
connected layer (FC_3) of VGG11 and VGG13.
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