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Abstract—Convolutional Neural Networks (CNNs) are widely
used in vision-related tasks and require intensive computation,
due to the large number of multiplications in their convolutional
layers. Their inherent tolerance to small numerical perturbations
makes them well-suited for approximate computing, which can
significantly reduce circuit area and energy consumption while
having a limited impact on accuracy. We present an approach for
generating approximate multipliers tailored to CNN input distri-
butions. By using multiple complementary constraints and inte-
grating them into an SMT-based design framework, our method
effectively explores the approximation design space, producing
multipliers that achieve an effective accuracy–efficiency tradeoff.
Compared to five state-of-the-art CNN-oriented design techniques,
our approach reduces PDA (Power-Delay-Area product) by an
average of 17.45% (up to 25.73%) at equivalent accuracy.

Index Terms—neural networks, approximate arithmetic, circuit
design, energy saving, SMT solving

I. INTRODUCTION

Convolutional Neural Networks (CNNs) are widely used in
vision tasks due to their ability to efficiently process grid-
structured data. Their convolutional layers rely heavily on
multiply-accumulate operations, making inference computa-
tionally expensive and dominated by multiplications.

CNNs naturally tolerate small numerical perturbations thanks
to learning and redundancy across layers. This property makes
them suitable for approximate computing, where using approx-
imate operators can yield significant area and energy savings
with limited accuracy degradation.

In this work, we introduce an approach for generating
approximate multipliers tailored to CNN workloads. We exploit
the characteristic input distribution of multipliers in CNNs to
guide the approximation process, using multiple complemen-
tary constraints by partitioning the input space into regions to be
approximated more or less aggressively. We then integrate our
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method into a framework for approximate circuit generation [1]
based on Satisfiability Modulo Theories (SMT) solving.

II. RELATED WORK

Approximate multipliers for neural networks have been
explored along several directions. EvoApprox8b [2] provided
a library of approximate arithmetic units and benchmarks,
while Mrazek et al. [3] proposed for approximate multipliers
to be co-designed with neural workloads. Truncation- and
rounding-based designs were advanced in TOSAM [4], and
efficiency improvements via segmentation and reduction trees
were proposed in ARTS [5]. In PAM [6] an automated approach
based on partial-product compression was presented. Adaptable
architectures with configurable accuracy were introduced in
AMCAL [7], while in Li et al. [8] CNN operand distribution
and polarity were exploited. Building on this prior work, our
SMT-based approach constrains multiple error metrics while
leveraging CNN operand distribution, achieving superior ac-
curacy–area tradeoffs compared with designs obtained by five
state-of-the-art approaches [2] [4] [5] [6] [8].

III. MOTIVATION

CNN workloads exhibit characteristics that can be exploited
when designing approximate multipliers. As shown in Fig. 1
(left), the input pairs of CNN multipliers follow a highly
skewed probability distribution, due to ReLU [9] activation and
Gaussian weight initialisation. This non-uniformity can signif-
icantly influence the performance of approximate multipliers
within the network.

To study this, we generate 1000 approximate 8-bit multipliers
by injecting random errors, within a limited range, into a
256×256 multiplication table, and compute their mean absolute
error:

MeanAE =
∑

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

with p(x, y) being the input pair probability, and AE(x, y) the
absolute error between approximate and exact outputs for that
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pair. Each multiplier is then tested in a pre-trained ResNet-
8 [10] on CIFAR-10 [11], and their accuracy is measured.

We analyse the accuracy of each multiplier versus MeanAE
under the uniform distribution, and versus MeanAE under the
CNN distribution, and show results in Fig. 2. As can be noticed,
accuracy is far more correlated with MeanAE under the CNN
distribution (right), then under uniform (left), particularly in
the high-accuracy regime. This observation motivates a multi-
constrained methodology that uses SMT solving to enforce
bounds on MeanAE under a specific input distribution.

IV. APPROXIMATE MULTIPLIER GENERATION

We introduce a practical strategy for generating approximate
multipliers that exploits the statistical properties of CNN inputs.
The input space is partitioned into i zones, each assigned a
distinct absolute error threshold, AETi. One extreme would be
N = (2b)2 single-element zones, with b the multiplier bitwidth;
this, however, would result in a number of constraints which
is exponential in b and which might present scalability issues.
Instead, we adopt a parametric partitioning that captures key
characteristics of CNN operand distributions while keeping
the constraint set compact. A function groups input pairs
into generalised zones and assigns each zone an error budget
proportional to its statistical relevance:

AE(x, y) ≤
⌈
|x− xmid| · α+ y

β

⌉
·AET (1)

where x and y denote activations and weights, xmid = 127 is
the midpoint of the 8-bit unsigned range, and parameters α
and β control respectively the slope and the granularity of the
scaling factor. Fig. 1 (right) visualizes the partition of the input
space into zones obtained by applying function (1).

Our formulation achieves a balanced compromise between
accuracy and tractability, with two key benefits. (i) The con-
straint system is no longer exponential in the bit-width; instead,
it is expressed through a compact set of piecewise-linear
constraints controlled by a handful of parameters. (ii) The
constraints naturally adapt to the statistical structure of CNN
operands – densely concentrated near small values with long-
tailed distributions – assigning tighter bounds to frequently
occurring pairs and looser bounds elsewhere.
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Fig. 1: (left) Distribution of input pairs in a quantized CNN.
(right) Division of the input space into zones from the constraint
function in (1), for α = 2, β = 64, xmid = 127, AET = 300.

Fig. 2: Correlation between Accuracy and MeanAE under two
different distributions

We integrate this parametric constraint model within SubX-
PAT [1], an SMT-based framework for the design of approx-
imate circuits. The impact of the proposed methodology on
circuit efficiency is assessed in the next section.

V. EVALUATION

We evaluate our methodology, and five state-of-the-art ap-
proaches [2] [4] [5] [6] [8], on the ResNet-20 architecture,
trained and tested on CIFAR-10 [11]. For our methodology
as well as for all state-of-the-art methods, the network is first
trained in full precision; then, the model is quantised and briefly
fine-tuned. Finally, approximate multipliers are integrated into
the network as Look-Up Tables (LUTs) encoding the approxi-
mate outputs for each input pair. After insertion, the model is
retrained for three epochs using the Straight-Through Estimator
(STE) to enable gradient propagation through the LUT-based
multipliers. The final accuracy is then measured and reported.

Fig. 3: Accuracy–PDA trade-off for our method compared to
state-of-the-art approaches [2] [4] [5] [6] [8].

Fig. 3 illustrates results for the 806 designs tested, and shows
how our approximate multipliers consistently achieve superior
PDA gains while preserving accuracy compared to the other
approaches. Specifically, they achieve an average relative PDA
improvement of 17.45% (up to 25.73%) at comparable accuracy
levels.

These results confirm that our method is effective in design-
ing approximate multipliers for CNN workloads. Future work
will concentrate on a wider range of constraint functions, and
of alternative CNN models.
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