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Abstract—A recent trend is to leverage machine learning mod-
els to improve the evolutionary design and optimization process.
We propose a novel transformer-based mutation operator for
Cartesian genetic programming (CGP) for the automated design
of approximate arithmetic circuits. We introduce a hybrid scheme
for CGP in which the proposed mutation operator is switched
with the standard mutation operator to prevent stagnation
of the circuit approximation process. We also develop a new
training scheme for the underlying transformer that utilizes
training vectors composed of thousands of CGP chromosomes
representing various approximate multipliers. For several target
error constraints, the approximate multipliers evolved with CGP
utilizing the transformer-based mutation achieve better trade-
offs than the highly optimized designs available in the state-of-
the-art EvoApproxLib library of approximate circuits. Although
both training and evolutionary processes are computationally
demanding, they appear to be necessary steps for improving
existing approximate circuits and producing new, potentially
patentable circuit designs.

Index Terms—Cartesian genetic programming; mutation op-
erator; transformer neural network; approximate circuit; elec-
tronic design automation

I. INTRODUCTION

Approximate computing is a design paradigm that lever-

ages an application’s tolerance to error in order to improve

metrics such as latency, power consumption, and resource

usage [1]. This approach is particularly important in both hard-

ware and software implementations of deep neural networks

(DNNs), where substantial energy savings can be achieved

by employing simplified—and therefore approximate—data

types, arithmetic units, memory subsystems, training, and

inference procedures [2]. Because DNNs exhibit inherent error

resilience [2], carefully introduced approximations in their

implementations typically result in only modest, and thus

acceptable, degradation in accuracy.

Approximate implementations of arithmetic circuits, such

as adders and multipliers, are obtained by simplifying their

underlying logic functions. Approximation techniques range

from manually designed methods such as bit-width reduc-

tion, removal of less significant circuit components, and

logic resynthesis, to automated, algorithmic approaches [3].

One prominent method is Cartesian Genetic Programming

(CGP) [4], which was used to create the widely adopted

EvoApproxLib library of approximate arithmetic circuits [5],

[6]. These circuits are publicly available1 for various bit widths

1https://ehw.fit.vutbr.cz/evoapproxlib/

and are accompanied by comprehensive characterization data,

including metrics such as area, latency, power consumption,

and multiple error measures. They exhibit excellent trade-

offs between the key design objectives and thus outperform

other approximate arithmetic circuits under the target quality

criteria [3], [6].

In addition to a highly optimized fitness evaluation that

enables fast and precise error calculation even for complex

circuits (e.g., 32-bit approximate multipliers [7]), the CGP-

based approximation method used to generate EvoApproxLib

relies on standard Cartesian Genetic Programming with a

simple point mutation operator (more advanced strategies and

mutation operators were proposed later in [8]). The circuits

included in the final EvoApproxLib collection were selected

from numerous computationally expensive CGP runs [6].

Consequently, further improving their properties is both chal-

lenging and computationally expensive.

A recent trend is to leverage machine learning (ML) models

to improve the evolutionary process [9]–[11]. In this paper,

we propose a novel transformer-based mutation operator

that, when integrated into standard CGP, enhances the search

process. As far as we know, this is the first approach com-

bining transformers with CGP. In some cases, the approx-

imate multipliers evolved with CGP utilizing the proposed

transformer-based mutation achieve better trade-offs than the

highly optimized designs available in EvoApproxLib. Our

mutation operator is trained on a dataset comprising thousands

of approximate multipliers. Although both transformer train-

ing and the evolutionary design process are computationally

demanding, they appear to be necessary technical steps in

improving existing approximate circuits and producing the

new, potentially patentable circuit designs.

The contributions of this paper are as follows:

• We develop a new transformer-based mutation operator

and a hybrid scheme for CGP, in which the proposed

mutation is alternated with the standard mutation to

prevent stagnation in the circuit approximation process.

• We propose a training scheme for the underlying trans-

former that utilizes thousands of training vectors com-

posed of CGP chromosomes representing various approx-

imate multipliers.

• For 8-bit approximate multipliers constrained on the

worst-case error (WCE), we show that CGP utilizing the

transformer-based mutation can create circuits showing

better trade-offs between WCE and area than the highly



optimized circuits available in the state-of-the-art EvoAp-

proxLib library of approximate circuits.

The remainder of the paper is organized as follows. Sec-

tion II reviews the principles of approximate arithmetic cir-

cuit design, with an emphasis on CGP-based approximation

methods and the application of machine learning in genetic

programming. Section III introduces the proposed transformer-

based mutation operator for CGP, including the transformer

training procedure. Section IV summarizes the experimental

setup for both transformer training and the CGP-based circuit

approximation framework. Section V presents the experimen-

tal results, including a comparison of CGP performance using

the standard and the proposed mutation operators. Finally,

Section VI concludes the paper.

II. RELATED WORK

A. Approximate Circuits

As this paper deals with functional approximation of arith-

metic circuits, in particular multipliers, we will not discuss

other areas of approximate computing techniques that are sum-

marized in [12]. According to a survey [3], approximate imple-

mentations of arithmetic circuits can be obtained at three main

levels: At the algorithm level, the exact standard multiplication

is approximated by another algorithm that produces inexact

but sufficiently good results (e.g., a logarithm-based multiplier

(ALM) [13]). At the architecture level, a suitable exact circuit

implementation is selected and then modified at different

stages (partial product generation, accumulation, compressors,

etc.) according to a human-created strategy or heuristically. A

typical example is a broken array multiplier (BAM) [14] in

which certain columns and rows of the partial product array

are removed. At the circuit level, gate- and transistor-level

approximation techniques such as circuit rewriting [5], [15],

[16] are applied to create simplified circuits.

The design objective is to create approximate circuits that

show excellent trade-offs between hardware properties and

error. The error of an approximate arithmetic circuit can be

quantified using several metrics, such as the worst-case error

(WCE) defined in Eq. 1 and the mean absolute error (MAE)

defined in Eq. 2.

WCE = max
∀i

∣∣∣O(i)
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(i)
orig
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where O
(i)
orig is the original output and O

(i)
approx is the approxi-

mate output (in the decimal system) for a given input i of an

n-bit circuit (i.e., n = 2 · k for a k-bit multiplier). Hardware

properties such as area, latency, and power consumption are

typically estimated during the approximation process to reduce

its execution time. The resulting approximate circuits are fully

characterized using professional electronic circuit design tools.

B. Cartesian Genetic Programming

One of the established circuit approximation methods is

Cartesian Genetic Programming (CGP) [4]. In this section,

we briefly review the standard CGP representation; the spe-

cific modifications introduced for the proposed approach are

described in Section III.

In CGP, a candidate gate-level circuit with ni primary

inputs and no outputs is represented as a two-dimensional

grid of computational nodes arranged in nr rows and nc

columns. Each primary input and each node is assigned a

unique identifier (ID). The circuit structure is encoded as a

vector of integer values, known as the chromosome. Each node

typically represents a two-input logic gate and is described

by three integers in the chromosome. The first two integers

specify the IDs of the nodes connected to the gate inputs,

while the third integer selects the logic function from a set of

functions Γ available to CGP. The primary outputs are defined

by an additional vector of no integers, each determining the ID

of the node driving the corresponding output. The size of the

chromosome that represents a circuit composed of two input

gates is 3 · nr · nc + no.

CGP usually relies on mutation as its genetic operator.

Mutation may alter the logic function of a node, modify the

connections of its inputs, or change the assignment of primary

outputs. Feedback connections are not permitted, ensuring

a feed-forward circuit structure. Figure 1 illustrates a CGP

representation of a two-input, three-output circuit along with

its corresponding encoding. It should be noted that not all

nodes in the CGP representation necessarily contribute to the

final circuit structure, as some nodes may remain inactive

(see dashed blocks in Fig. 1). The fitness function can be

designed to simultaneously promote functional correctness

with respect to the target specification and to penalize the

use of unnecessary gates, thereby encouraging more compact

circuit implementations. The search process in CGP typically

follows a (1 + λ) evolutionary strategy, where λ offspring

individuals are generated from the parent through mutation,

and the best individual among the parent and offspring is

selected as the parent for the next generation [4].
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Fig. 1: Example graph and chromosome representation of

a combinational circuit in CGP with the parameters ni =
4, no = 3, nc = 3, nr = 2,Γ = {0AND, 1OR, 2NAND}. Every

node is represented by its operation and two inputs; the nodes

are indexed top to bottom, left to right.



CGP has been employed for the design of approximate

arithmetic circuits in EvoApproxLib [5]. As described in [5],

[7], the process begins with a user-selected exact gate-level

circuit, which is subsequently modified through CGP-based

mutations to obtain circuits exhibiting desired properties.

While Mrazek et al. utilized the NSGA-II multi-objective

evolutionary algorithm to construct EvoApproxLib, Češka et

al. [7] focused on minimizing the relative circuit area—closely

correlated with power consumption—subject to a user-defined

constraint on the worst-case error. Various alternative search

strategies for approximate circuit design were explored in the

literature, e.g., [15].

C. Transformers in Circuit Design

The concept of transformer neural networks with self-

attention was first introduced in [17] and became widely pop-

ular in natural language processing following the introduction

of BERT [18]. BERT is an encoder-only transformer that

leverages bidirectional self-attention to produce rich contextual

embeddings of tokens. This approach allows the model to

capture complex patterns in a given sequence. Inspired by this

success, recent works, outside the evolutionary computation

field, have explored adapting transformer models to enhance

or perform the automated design in various domains, including

digital circuit design [16], [19]. For example, Yi et al. [16]

used a generative pre-trained model that automatically gener-

ates approximate digital circuits from a tokenized hardware

description representation. Using this approach, they designed

approximate multipliers with configurable accuracy. While the

aforementioned articles approach transformers from different

perspectives, both demonstrate the transformer’s ability to

learn patterns from data in a given design problem and propose

contextually meaningful modifications or whole solutions.

D. Evolutionary Machine Learning

The evolutionary machine learning deals with the inter-

action between machine learning (ML) and evolutionary al-

gorithms (EA). According to [20], three major areas are

observed: the use of EA to improve ML methods; the use

of ML techniques to improve EA; and the application of EA

to problems traditionally solved by standard ML approaches.

With growing interest in large language models (LLMs),

the interaction between LLMs and EAs was addressed in

surveys [9]–[11]. For example, Hemberg et al. [10] categorized

the interaction between genetic programming (GP) and LLM

as follows: (i) LLM as part of GP (e.g., LLM is a smart

mutation operator [21]); (ii) LLM supporting GP (e.g., test

case generation by LLM, representation design [22]); (iii) GP

supporting LLM (e.g., prompt optimization).

For example, Shem-Tov et al. [21] used the BERT Trans-

former as a context-aware mutation operator in GP to intelli-

gently suggest node replacements within program trees based

on the tree structure and historical fitness data. They show

that their transformer-based mutation operators can improve

convergence. Teixeira and Pappa [23] developed a transformer-

encoder as a surrogate to evaluate pairs of solutions and

determine which one is better/worse than the other. The trained

encoder was compared against a traditional GP that evaluated

fitness at each generation.

III. PROPOSED METHOD

Before we introduce the proposed evolutionary approxima-

tion method utilizing CGP with a transformer-based mutation

operator, we first describe the standard CGP as used for

circuit approximation in [5], [6]. This will constitute our

baseline for all experiments. Then, the proposed transformer,

training strategy, and transformer’s incorporation in CGP will

be presented.

A. Standard CGP for Circuit Approximation

The CGP configuration used in this work follows the

description provided in Section II-B and the implementation

reported in [5], [6]. The nodes are arranged in a single row

(i.e., nr = 1). Each node represents a logic gate and may

receive inputs either from the primary inputs or from preceding

nodes in the sequence. Each gate is associated with a value

representing its estimated area on a chip. The total circuit area

is computed as the sum of the areas of all active gates in the

evolved circuit.

Each chromosome is evaluated using the fitness function

defined in Eq. 3, where WCE(M̃) denotes the worst-case

error of a candidate multiplier M̃ computed over all possi-

ble input vectors. The optimization objective is to minimize

the circuit cost (i.e., area) subject to two constraints: (1)

WCE(M̃) ≤ ϵ, where ϵ is a user-defined error threshold,

and (2) all multiplications involving zero must be exact (i.e.,

WCEzr(M̃) = 0), a requirement that is critical for deploying

approximate multipliers in deep neural networks [6].

F (M̃, ϵ) =





cost(M̃) if WCE(M̃) ≤ ϵ ∧

WCEzr(M̃) = 0

∞ otherwise.

(3)

Exhaustive circuit simulation is performed with an opti-

mized implementation in C that leverages the Single Instruc-

tion Multiple Data (SIMD) paradigm and considers only active

nodes (i.e., nodes that affect the output of the represented

circuit), following ideas similar to those explored in [24],

[25]. Evaluation is carried out in stages. First, the circuit

size is checked against the parent circuit size, then a zero-

multiplication test is applied, and finally, the remaining test

vectors are evaluated to identify circuits that outperform the

current best. This staged evaluation allows circuits to be

rejected quickly, so that not every chromosome undergoes all

evaluation steps.

The evolutionary process is initialized with a chromosome

corresponding to a known accurate multiplier. In each gen-

eration, if no offspring exhibits strictly better fitness than

the parent, an offspring with fitness equal to that of the

parent is selected as the new parent. If all offspring have

worse fitness, the parent is retained unchanged. This selection

strategy exactly follows Miller’s original approach in CGP [4].



New offspring are generated exclusively through single-

point mutation, where exactly one mutation is applied to an

active node in the chromosome per generation. In the standard,

non-transformer setting, mutation alters a node by randomly

modifying either its predefined function or one of its two

input connections, selecting an alternative from the set of

permissible options with uniform probability. The evolutionary

process terminates after a predefined number of generations or

once the allocated computational time has been exhausted.

B. Transformer-based Mutation

The operation of the proposed transformer-based mutation

is visualized in Fig. 2. The transformer takes as input a

chromosome and outputs probability distributions that guide

both the location and the type of mutation applied to individual

nodes. During mutation, a node position is sampled from a

mutation probability vector (the blue part of Fig. 2). Then,

one of the determined node’s inputs or its function is selected

uniformly at random to be replaced, and the replacement is

sampled from a probability distribution specific to the given

node position (the yellow output vector in Fig. 2). It should

be emphasized that, unlike the standard CGP, we omit the

no integers of the chromosome that describe the connection

of primary outputs. In our model, the primary outputs are

directly taken from the last no gates. The model’s functionality

is similar to that of an autoencoder. The core of the model is

a BERT-style encoder-only transformer, as described in [18],

with several small refinements. The model encodes each node

using a 64-dimensional embedding.

(op, in1, in2) (op, in1, in2) (op, in1, in2)  ...  (op, in1, in2)

DAG Transformer encoder

embedding

vec1 vec2 vec3 vecN...

softmax

Linear layer

(disOP1, disIN1)

(disOP2, disIN2)

(disOP3, disIN3) (disOPN, disINN)

...

sigmoid and
normalization

mutation
probability

vector

...

...

chromosome

Fig. 2: Proposed transformer-based mutation operator

Each node is represented as an embedding by independently

encoding its three components and concatenating the results

into a single vector. This embedding is then adjusted (biased)

by incorporating embeddings of all preceding nodes to which

the node is connected if such connections exist. The bias

is made by adding embedded vectors of preceding nodes

to the node embedding, as shown in Eq. 4, where e is

the embedding and cpar is the coefficient determining the

emphasis on preceding nodes.

e′i = ei + cpar ·

∑
j∈valid parents of i ej

#valid parents of i
(4)

The embedding of a node is therefore no longer determined

only by the node itself, but also by the embeddings of

preceding nodes in the circuit graph. This modification allows

the transformer to explicitly prioritize preceding nodes as the

most influential context for each node while still capturing

global information about the entire circuit.

C. Training Data and Transformer Training

As this paper deals with 8-bit approximate multipliers,

we extracted only these circuits from EvoApproxLib. The

initial dataset D, which is available for training the pro-

posed transformer, contains 39,699 unsigned 8-bit approximate

multipliers. For each target WCE, a specialized transformer

model is created and trained using a subset of D, denoted

Dfiltered. In this paper, only two objectives are considered for

the approximate multiplier design: WCE and area. The dataset

and transformer training preparation steps are as follows (see

also Fig. 4):

• The input of the method is (i) a constraint ϵ that deter-

mines the maximal acceptable WCE and (ii) a data set

of approximate multipliers D.

• In the data set Dvalid, only valid approximate multipliers

w.r.t. WCE are kept, i.e. ∀m, m ∈ Dvalid : m ∈ D ∧
WCE(m) ≤ ϵ ∧WCEzr = 0.

• A Pareto front reflecting the WCE and the multiplier area

is constructed from circuits of Dvalid. The Pareto front is

interpolated using an auxiliary curve (depicted in green

in Fig. 3) to build ideal (golden) solutions needed for

training. Let costpareto(ϕ) be the area of a hypothetical

circuit multiplier with WCE = ϕ lying on this curve, as

seen in Fig. 3.

• We then calculate a weight a that determines “attractive-

ness” of a given multiplier m; ∀m ∈ Dfiltered, a = e−d∆,

where d is the decay coefficient, representing how strictly

we want to rely on multipliers that are closer in area

to the interpolated curve. The symbol ∆, defined as

∆ = cost(m)− costpareto(ϕm), represents the size differ-

ence of multiplier m and hypothetical circuit multiplier

with WCE = ϕm lying on the interpolated curve, where

ϕm is the WCE of multiplier m. The parameter d was

empirically validated as d = 0.01.

• For each active node n in multiplier m with WCE = ϕ, a

random mutation is performed and a new value of WCE,

denoted ei, is calculated for the multiplier created by

that mutation. This step is repeated L times for each

active node in the chromosome. The “sensitivity” approx-

imation, S̃n = log

((∏L

i=1
ei
e0

) 1

L

)
, is determined. The

sensitivity across all nodes of the chromosome is then

normalized to 0 < S̃n ≤ 1. Higher L gives better S̃

approximation but also significantly raises computational

demands. We found that L = 8 is sufficient for our case.



• Each time a multiplier is taken from the dataset Dfiltered,

it is augmented, i.e., its new versions are created to

expand and improve the dataset. Augmentation in our case

involves shuffling the positions of nodes in a grid in a way

that the behavior of the represented multiplier remains

unchanged. It helps the transformer to “understand” the

syntax of CGP chromosomes.

∆

ϵ WCE

Area

Excluded
Inluded
Included Pareto-optimal

m

ϕm

cost(m)

costpareto(ϕm)

Fig. 3: The principle of multiplier selection from a dataset of

approximate multipliers for transformer model training.

The transformer model is trained using a masking-based

learning objective. Randomly chosen elements of the input

chromosome are masked, and the partially observed chromo-

some is provided as the input to the model. The model’s output

then represents the distribution for each node input and gate

function, as well as the sensitivity value for each node. Despite

each gate having two inputs, the input distribution is only one,

and it is shared between them. The loss is computed as follows:

• The loss for the gate function Lop and the gate inputs

Linput are calculated using the binary cross-entropy loss

between the predicted and the true model output.

• The sensitivity loss Lsens is computed as the MSE between

the true and predicted values.

• To reduce model hallucinations, when a high probability

is assigned to functions or inputs that do not match the

true values, a confidence loss is introduced, following the

approach proposed in [26],

Pconf =

H∑

h=1

C∑

c=1

(σ (oh,c) · (1− yh,c))
2
, (5)

where oh,c represents the logit corresponding to node

l and class c, C is the number of logits in the given

category (inputs or gate function), yh,c is the target value,

σ(·) denotes the sigmoid activation function, and H is the

number of all active nodes in the chromosome.

• The total loss is then computed as:

Ltotal = â(Lop + Linput + copP
op
conf + cinP

in
conf) + csensLsens

(6)

where â is the normalized attractiveness of a within

the batch and calculated during the preparation of the

data set, Pop
conf and P input

conf are separated confidence losses

for gate function and inputs, and c are the weighting

coefficients.
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probability
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Transformer
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Mutation
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individual
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CGPDAG Transformer

EvoApprox8b

training

initialization

Accurate
individualConstraints

Fig. 4: Transformer training and incorporating the trained

transformer to the CGP loop.

D. CGP with a Transformer-Based Mutation

To make the transformer operator directly comparable with

classical CGP mutation, the aim is to run the whole proposed

CGP algorithm exclusively on the CPU. To reduce compu-

tational overhead caused by model inference, the mutation

distribution is recomputed only when the best fitness value

changes. Otherwise, it uses the same distribution as in the

previous generation. The reason is that a mutation is applied

only to one node element across the entire chromosome. This

means that if the fitness is the same, the input chromosome is

the same, or it provides a neutral mutation that has no effect

on fitness.

Another optimization stems from the idea that, in practice,

our transformer model can produce useless results due to a

limited dataset. Sometimes, its output can lead to a dead end,

misleading mutations in a way that makes it very difficult to

achieve progress in improving fitness. Hence, we propose a

hybrid scheme that does not rely on the transformer model

itself and still uses the standard CGP mutation operator

as a backup, which is deployed when a long sequence of

generations is carried out without any progress. The classical

CGP mutation operator is then used until fitness improves

again and the model distribution changes. This concept stems

from the fact that the presented transformer model aims to

indirectly model the fitness function. However, it is not capable

of modeling it perfectly, which can guide the search method

to less promising regions of the search space. Switching to the

classical CGP mutation operator can then be understood as a

way to escape from these regions more easily.

The general scheme of the proposed method is shown in

Fig. 4 and a high-level pseudocode of CGP with a transformer

operator is given in Algorithm 1. Starting from an initial

best individual, the algorithm iteratively generates offspring

through mutation over a fixed number of generations. When

stagnation is not observed for a given maximal number of

generations, mutations are guided by a probability distribution

given by the proposed transformer-based model(·) learned



from the current best individual, biasing the search toward

promising regions of the design space. If stagnation persists

beyond a predefined limit, the algorithm switches to standard

uniform random mutation to restore exploration. The best

individual is updated in each generation based on fitness

evaluation, and the process continues until the termination

condition is met, returning the best evolved solution.

Algorithm 1 CGP with transformer

Require: Initial individual bestIndv, number of generations

gen, stagnation limit stagMax, population size λ

Ensure: Best evolved individual bestIndv

1: procedure CGP TRANS(bestIndv, gen, stagMax, λ)

2: mDistr ← model(bestIndv)
3: stagCnt← 0
4: for gen do

5: if stagCnt < stagMax then

6: pop← mutate trans(bestIndv, λ,mDistr)
7: else

8: pop← mutate uni(bestIndv, λ)

9: prevBestF it← fitness(bestIndv)
10: bestIndv ← select best(pop)
11: if prevBestF it > fitness(bestIndv) then

12: stagCnt← 0
13: mDistr ← model(bestIndv)
14: else

15: stagCnt← stagCnt+ 1

16: return bestIndv

IV. SETUP

A. Transformer and Its Training

The transformer model employs 4 attention heads, 6 trans-

former layers, and a feed-forward network with 256 hidden

units. The embedding bias introduced in Eq. 4 is cpar = 0.2.

These parameters were experimentally proven to provide a

good trade-off between computational complexity with respect

to the nature of computational resources and the information

gain this model can provide. The larger transformer models

tend to provide only a very small increase in the quality of

the distributions provided to the proposed operator, with an

exponential increase in time required for a single inference.

Smaller models struggle to capture complex data dependen-

cies. The masking ratio is linearly scheduled from 5% to

30% across epochs (curriculum learning). Three different

transformer models are initially trained for WCE thresholds

ϵ = 3%, 4%, and 5% with the corresponding datasets (Dfiltered)

containing 6551, 6800, and 10402 approximate multipliers,

respectively. Other models were incorporated in Section V-C.

Training is held for 20 epochs with a batch size of 128. The

loss function works best with the weights cop = 0.1, cin = 0.2,
and csens = 1.

B. CGP

The CGP uses the following setting of parameters: ni =
2 · 8 = 16, no = 16, nr = 1, nc = 600, which were

TABLE I: Sizes of the gates in µm2 corresponding to the

45 nm technology.

Gate INV AND OR XOR NAND NOR XNOR

Size 1.40 2.34 2.34 4.69 1.87 2.34 4.69

experimentally determined to provide a balance between suffi-

cient space to obtain desired solutions and avoid unnecessary

chromosome length. The set of gates and their sizes are listed

in Table I. These sizes correspond to the 45nm technology

and are identical to those reported in [5]–[7]. Inspired in [6],

the number of offspring is λ = 4, the maximum number of

generations is 105, although it was rarely reached, as results

are reported based on execution time rather than the number

of generations. The CGP runs are uniformly seeded with

six different accurate 8-bit multipliers (a ripple-carry array

multiplier, two carry-save array multipliers, and three Wallace

tree architectures).

A single CGP run requires approx. 8 minutes on a

AMD EPYC 9124 16-Core Processor, and one run is always

assigned per core.

V. RESULTS

The proposed transformer model was trained using the loss

function defined in Eq. 6 and the configuration described

in Section IV. As illustrated in Fig. 5, the training pro-

cess converges after approximately five epochs, with only

marginal improvements in the loss thereafter (the model shown

corresponds to ϵ = 3%). Training a single model requires

approximately one hour on an NVIDIA A5000 GPU.

1 3 5 7 9 11 13 15 17 19
Epochs

10

20

50

100

200

Lo
ss

Training Loss
Validation Loss

Fig. 5: Training progress of the proposed transformer model

for ϵ = 3%.

A total of 576 CGP independent runs are performed sepa-

rately for each target WCE (i.e., for each transformer model),

comparing the impact of both the standard and transformer-

based mutation operators of CGP on the area of evolved

multipliers. This high number of runs is crucial for obtaining

statistically significant results, as CGP runs are stochastic and

the transformer serves as a proxy model trained on relatively

small datasets.



A. Evaluation of the proposed mutation operator

Fig. 6 compares the progress of the fitness of CGP utilizing

the standard mutation and CGP with the hybrid transformer-

based mutation (denoted CGP TR) for three target WCE (ϵ)
levels. Each box plot shows only the top 10% of multipliers

at selected time points (identical for both algorithms) because

we are primarily interested in obtaining approximate multi-

pliers with excellent properties, i.e., those that improve upon

state-of-the-art implementations. It can be observed that the

fitness distribution of CGP TR is shifted toward lower (better)

fitness values, as the objective is to minimize circuit size.

The proposed model is slightly slower during the initial few

seconds for ϵ = 4 and ϵ = 5, as improvements in the fitness

function occur more frequently, requiring more frequent model

inference to obtain updated output distribution. However, at

that time, the fitness value for both algorithms is more likely

to be poor. To present a fair comparison, the horizontal axis

of Fig. 6 shows the execution time rather than the generation

count. The standard CGP requires more generations than the

CGP TR to produce the same quality result.
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Fig. 6: Fitness progress in CGP utilizing standard mutation

(CGP) and CGP with the transformer-based mutation operator

(CGP TR) for three different WCE thresholds ϵ.

To assess whether CGP TR provides statistically better

results than standard CGP, we evaluated the performance

of CGP and CGP TR using one-sided Mann–Whitney U

tests on percentile-filtered samples, comparing distributions at

t = 150s (approximately mid-run) and t = 300s (close to

end of run). For ϵ = 3%, CGP TR significantly outperformed

CGP at both time points (p ≈ 10−9–10−8), indicating a stable

advantage throughout the run. For ϵ = 4%, no statistically

significant differences were observed at either mid-run or end-

run. For ϵ = 5%, CGP TR showed a significant advantage at

mid-run (t = 150s, p = 0.000772), and at the end of the run

(t = 300s, p = 0.01813).

B. Setting of the Stagnation Limit

For CGP TR, a default maximum of 50 stagnating genera-

tions (stagMax parameter of Alg. 1) is allowed before reverting

to the standard mutation operator to recover progress. We

further evaluated the extent to which the setting of stagMax

determines the quality of results and convergence. Hence, for

CGP TR with ϵ = 5%, we tested the stagMax equal to 1,

10, 50, and 100 generations. The resulting fitness progress is

shown in Fig. 7. The One-sided Mann–Whitney U test proves

that the most suitable setting for stagMax is 50 generations for

the first 25 s. After that, all the settings considered for stagMax

lead to results that are not statistically different.
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Fig. 7: Progress of CGP TR for different values of the maximal

stagnation limit.

C. Comparison with EvoApproxLib

The primary objective of our effort is to obtain approximate

multipliers showing better trade-offs than the highly optimized

multipliers from EvoApproxLib. Fig. 8 shows properties of

the best approximate multipliers according to WCE and area

selected from 39,699 unsigned 8-bit approximate multipliers

available in EvoApproxLib (orange color) and those evolved

using CGP TR (blue color). In addition to the three WCE

levels discussed in previous sections, the same experiments

were performed for ϵ = 1% and 2.5%. Note that the area

is always computed according to Table I for all multipliers

considered in this study. With the exception of ϵ = 1%, we

concluded that the proposed method delivered approximate

multipliers with improved properties.

VI. CONCLUSIONS

With the aim of producing approximate multipliers show-

ing better properties than the highly optimized multipliers

available in the EvoApproxLib, we introduced a transformer-

based mutation to CGP. The transformer model guided CGP to

more promising areas of the search space, especially when the

standard mutation failed to escape from local optima. When

the training time of the transformer model is not considered,

approximate multipliers of the same quality are delivered faster

by CGP TR than the standard CGP. Aside from the case where

ϵ = 1%, we confirmed that the proposed method can generate

approximate multipliers with improved characteristics.

As an initial study on enhancing CGP with a transformer-

based mutation operator, this work raises several directions

for future research. In the present study, a separate transformer

model was trained for each target WCE level, and experiments

were limited to 8-bit unsigned approximate multipliers. An im-

portant open question is how to design and train a transformer-

based mutation operator that generalizes across a broad range
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Fig. 8: WCE and area of the best approximate 8-bit multipliers

from EvoApproxLib (orange color) and those evolved using

CGP TR (blue color).

of WCE targets, varying bit widths, and potentially differ-

ent classes of arithmetic circuits. Having such a universal

transformer model for circuit approximation purposes would

significantly improve design productivity.

This challenge is non-trivial because CGP exhibits highly

specific genotype–phenotype–fitness relationships that are dif-

ficult to capture with statistical learning models. Another open

issue concerns the construction of suitable training datasets for

the transformer. For approximate circuits, CGP can be used to

generate extensive datasets with desirable properties; however,

it remains unclear which characteristics such datasets must

possess to effectively support learning. Our future work will

aim to address these questions.
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