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Abstract—Automatically designing fast and low-cost digital
circuits is challenging because of the discrete nature of circuits
and the enormous design space, particularly in the exploration
of approximate circuits. However, recent advances in generative
artificial intelligence (GAI) have shed light to address these
challenges. In this work, we present GPTAC, a domain-specific
generative pre-trained (GPT) model customized for designing
approximate circuits. By specifying the desired circuit accuracy
or area, GPTAC can automatically generate an approximate
circuit using its generative capabilities. We represent circuits
using domain-specific language tokens, refined through a hard-
ware description language keyword filter applied to gate-level
code. This representation enables GPTAC to effectively learn
approximate circuits from existing datasets by leveraging the
GPT language model, as the training data can be directly derived
from gate-level code. Additionally, by focusing on a domain-
specific language, only a limited set of keywords is maintained,
facilitating faster model convergence. To improve the success
rate of the generated circuits, we introduce a circuit check
rule that masks the GPTAC inference results when necessary.
The experiment indicated that GPTAC is capable of producing
approximate multipliers in under 15 seconds while utilizing
merely 4GB of GPU memory, achieving a 10-40% reduction in
area relative to the accuracy multiplier depending on various
accuracy needs.

Index Terms—Generative artificial intelligence (GAI), domain-
specific generative pre-trained (GPT) model, approximate circuit
design.

I. INTRODUCTION

UTOMATICALLY designing digital circuits is a critical
and highly beneficial task in modern electronic design,
offering significant advantages in terms of design efficiency,
performance optimization, and reduced human error. As the
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demand for smaller, faster, and more energy-efficient circuits
grows, automated tools that can rapidly generate complex
designs have become increasingly essential. However, auto-
matic circuit design is a challenging task, particularly when it
comes to approximate circuits. These circuits are designed by
relaxing the exact functional requirements, aiming to reduce
hardware cost such as area and power consumption. Com-
pared to accurate circuit design, the introduction of accuracy
as an additional design consideration significantly expands
the design space, hence increasing the complexity of the
design process. Moreover, an effective approximate circuit
must achieve a balanced trade-off among accuracy, area, and
power consumption, making the design process even more
challenging. Thus, the development of effective and efficient
methods for approximate circuit design remains a key research
area in electronic design automation (EDA).

Some existing approaches to approximate circuit design
rely primarily on the fixed structures of the target designs
to simplify the exploration of trade-offs among accuracy,
area, and performance. Notable examples of these methods
include truncation and rounding. While they are effective
in reducing hardware cost, they typically lack flexibility, as
they can only handle circuits with the specific fixed struc-
tures. Several studies [1], [2], [3], [4] ave exploited these
approaches in different application domains, but they often
fail to provide an effective solution for various circuit designs.
Consequently, there is growing interest in exploring more
flexible design methods, which can automate the design of
approximate circuits more effectively and efficiently. One such
method is the recently proposed approximate logic synthesis
method based on Versatile Efficiency-Accuracy Configurable
Batch Error Estimation (VECBEE) [5], which is applicable to
any statistical error measurement and any graph-based circuit
representation. While it is flexible and can accelerate the
error estimation process, its reliance on greedy search and
extensive Monte Carlo simulations limits its overall efficiency
and solution quality, leaving room for further improvement.

Meanwhile, the recent development of generative artificial
intelligence (GAI) has shed light on circuit design and opti-
mization. With the development of the GAI technology, the
use of machine learning methods can substantially improve
circuit design, particularly in circuit optimization [6], [7].
Various learning models are used as surrogate models to
evaluate designs during the optimization process [8], [9], [10].
For example, in [8], an active learning-based framework was
proposed to optimize prefix adders. It uses a regression model
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based on the Gaussian process to predict delay and area using
features extracted from the prefix tree structure. Building upon
this, Geng et al. proposed a sequential optimization framework
that enables automatic feature learning for prefix adder struc-
tures [9]. This framework uses a graph neural network (GNN)
as a surrogate model, facilitating more efficient and effective
exploration of adder structures.

However, machine learning-aided circuit design faces sev-
eral challenges, with the primary hurdle being the effective
representation of circuits. Current approaches often rely on
graph-based representations, where circuit elements (such as
gates and wires) are modeled as nodes and edges in a graph
[11], [12], [13], [14], [15], [16]. This allows for efficient
encoding of circuit structures and the interconnections, making
it suitable for machine learning algorithms. For example,
IronMan, an end-to-end graph-based circuit design framework,
aims to enable flexible and automated design space exploration
(DSE), providing optimized solutions under user-specified
constraints [12], [13]. DeepGate2 [14] and DeepGate3 [15]
employ an efficient one-round GNN for circuit design. Fur-
thermore, Liu et al. proposed a GNN-based method for
Boolean representation to optimize circuits [15], and Shi et al.
combine a GNN with a deep Q-learning network (DQN)
for improved circuit optimization [16]. However, graph-based
circuit learning methods struggle with structural adaptability.
When the circuit structure changes, the graph-based represen-
tation becomes difficult to automatically reconstruct due to the
variation in circuit structure. This makes structure generation
a particularly challenging task for graph-based methods.

Another approach for representing circuits is to directly use
large language models (LLMs) [7], [17], [18], [19]. For exam-
ple, ChatEDA is an autonomous agent for EDA powered by an
LLM [17]. In [7], a generative pre-trained (GPT) approach is
introduced, which generates prompts for the LLM to produce
initial Verilog codes. In [18], a framework is proposed to
democratize the design of Al accelerators leveraging natural
language. However, the challenge with LLMs is that they
are general models, making it difficult to generate domain-
specific circuits. For example, while an LLM can generate
a general multiplier, it struggles to produce a multiplier that
meets specific optimization goals.

In this work, we propose GPTAC, a domain-specific gen-
erative pre-trained model for approximate circuit design.
To address the circuit representation challenge, we introduce a
domain-specific language token to represent circuits. GPTAC
can efficiently generate approximate circuits with specific area
and accuracy requirements from a large dataset of learned
circuit designs. Our contributions are summarized as follows:

e Domain-Specific Generative Pre-Trained Model for
Approximate Circuit Design. GPTAC utilizes the
GPT-Transformer learning model to learn the fea-
tures of approximate circuits. Circuits are represented
using domain-specific language tokens, which provide
flexibility in circuit representation and transformation.
By optimizing the model structure and training meth-
ods, GPTAC can automatically generate circuits with the
desired area and accuracy. This model enables systematic
exploration of the optimization space for 8-bit signed
approximate multipliers.

e Token-Refined Domain-Specific Circuit Represen-
tation. To facilitate circuit representation, we refine
domain-specific language tokens by applying a hardware
language keyword filter to gate-level code. This represen-
tation enables GPTAC to effectively learn approximate
circuits from existing datasets, leveraging the LLM-GPT
model, as the training data can be directly derived from
gate-level code. Focusing on a domain-specific language
ensures that only a limited set of keywords is maintained,
enabling faster model convergence.

e Optimized Model Design and Fine-Tuning Methods.
We employ a decoder-only GPT transformer to learn
approximate circuits. The accuracy and area of the circuit
are rapidly evaluated by a simulation tool, and the results
are integrated with the refined circuit tokens as inputs to
GPTAC. A fine-tuning method is applied to enhance the
model’s ability to handle specific tasks.

e Design Rule Check (DRC) Masking Regime. To
improve and guarantee circuit correctness, we propose
a design rule check (DRC) mask regime during the gen-
eration of the circuit tokens. The DRC mask checks the
rationality of gate tokens, wire connectivity, and grammar,
masking invalid designs.

The experiment demonstrated that GPTAC can generate
approximate multipliers in less than 15 seconds while only
using 4GB of GPU memory, resulting in a 10-40% decrease
in area compared to an accuracy multiplier, depending on
different accuracy requirements.

The remainder of the paper is structured as follows. Sec-
tion II provides the background. Section III outlines the
GPTAC framework. Section IV introduces the circuit rep-
resentation and the dataset generation process. Section V
delves into the network architecture of GPTAC and the model
training. Section VI details the approximate circuit generation
procedure. Section VII shows the experimental results. Finally,
Section VIII concludes the paper.

II. BACKGROUND
A. Transformer-Based Neural Network

In the realm of LLM, three architectures predominate:
encoder-only architectures, decoder-only architectures, and
encoder-decoder architectures. BERT exemplifies the encoder-
only architecture, while Google T5 [20] serves as an example
of the encoder-decoder architecture. The GPT series, however,
consistently adopts the decoder-only architectures.

An encoder-only language model differs from decoder-only
and encoder-decoder types, which are autoregressive. Encoder-
only models focus on comprehending the input to produce
task-specific outputs. Under the same depth, the encoder-
decoder architecture has twice the number of network layers
compared to the other two architectures. Considering both
computational efficiency and general applicability, decoder-
only architecture emerges as a preferable option. The study
in [21] compares the training effectiveness of prevalent mod-
els. It finds that a causal decoder-only architecture with the
full language modeling objective exhibits superior zero-shot
generalization capability, provided that the large model is
pre-trained in an unsupervised way. This observation can be
partially explained by theoretical reasoning.
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Fig. 1. Transformer decoder architecture of GPT.

As shown in Fig. 1, in text prediction, the aim is to deter-
mine the probability distribution of the given text sequence.
For the input sequence of tokens uj,us,...,u,, the resulting
output from the language model is:

n
P, o) = pn) [ T plwibr . owi). (1)

i=2
Consider the single-head model as an illustrative example.
Given an input sequence with n tokens, each of dimension d,
denoted as X € R¥*", the self-attention is calculated as follows:

(WkX)T(WqX):| @)
Vdi. ’

where W, € R%xd W, € R%*d and W, € R¥*4_ Since the
number of heads is 1, we have d, = d; = d, = d.

The Softmax component in Eq. (2) corresponds to the
attention matrix P, given by:

Attention(X) = W, X Softmax |:

3)

T
P = Softmax [w] .

Vdy

P € R"™" captures the relationships between words. In prac-
tice, the relationships between words in text are complex, so
there must exist appropriate matrices W, and W; to convert X
into P as shown in Eq. (3). Failure to achieve this reduces the
expressiveness of the model, making training less effective.
In [22], it shows that a necessary condition for the existence
of such a solution is d > n. Regarding the encoder, its two-way
attention mechanism can lead to a low-rank issue. In contrast,
the decoder, which employs an unidirectional attention, forms
a triangular array that is more likely to be of full rank,
potentially enhancing its expressiveness.

B. Approximate Circuits

Approximate circuit design can be divided into three main
categories based on the design layers: algorithm, architecture,
and circuit [23], [24]. At the algorithm layer, the research
in [2] refines the multiplication tasks into shifts and addi-
tions, aiming to lower the energy used in the computations,
which is ideal for neural network applications where a large
error is tolerable. In terms of floating-point computations, the
work [25] proposes a linear fitting strategy combined with
error management to reduce energy consumption, while the
work [26] introduces the RMAC technique that enables flexi-
ble precision tuning by adding mantissas.

At the architectural level, the work [27] focuses on reducing
hardware complexity and energy consumption through the
static segment method applied to the input stage. The work
[28] introduces the under-designed multiplier (UDM) strategy
tailored for non-error-tolerant applications by integrating par-
tial product correction. Furthermore, the work [29] improves
4-2 compressor designs by incorporating error recovery mod-
ules, which considerably decreases hardware cost and power
consumption.

At the circuit level, Boolean rewriting techniques have
been applied to approximate multipliers to further reduce
power consumption [28], [29]. Additionally, [30] adopts an
evolutionary algorithm to develop EvoApprox8b, a library of
approximate circuits with different trade-offs among accuracy,
area, and delay.

As artificial intelligence becomes more prevalent, machine
learning-based approaches for automated design have attracted
increasing interest. Cartesian genetic programming is applied
in [31] to enhance circuit design and augment the EvoAp-
prox8b library, although its ability to handle complex circuits
is still limited. Machine learning techniques are used in [32]
for faster exploration of the design space, whereas the work
[33] introduces a hybrid integer genetic algorithm for optimiz-
ing partial product compression, aiming to reduce hardware
cost.

Another approach for automated approximate circuit design
is through approximate logic synthesis (ALS), in which many
methods are greedy. For example, ALSRAC [34] generates
high-quality approximate circuits through the use of approx-
imate care sets and the resubstitution techniques, achieving
significant reduction in hardware cost. However, the error esti-
mation approach in ALS faces challenges in simultaneously
achieving high accuracy and efficiency, particularly for large
designs. To address this, VECBEE [5] introduces a method
to accelerate the error estimation process while maintaining
the accuracy. It not only improves the circuit quality but also
significantly accelerates the process, demonstrating superior
results on multiple benchmark circuits.

III. OVERVIEW OF GPTAC

The workflow of GPTAC is divided into three main phases:
1) circuit representation and dataset generation, 2) model
training, and 3) approximate circuit generation, as shown in
Fig. 2. The dataset generation phase involves the creation and
augmentation of domain-specific data, tailored to encapsulate
the details and variability of various circuit designs. This phase
ensures that the data not only reflect current standards, but also
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Fig. 2. The training and inference workflow of the GPTAC domain-specific model: the workflow sequentially progresses from left to right through training,

output generation, and validation/feedback iteration.

incorporate a diverse range of modifications and enhancements
to support robust model learning.

After the dataset is prepared, the model training phase
begins. Here, the model undergoes an initial phase of self-
supervised learning, where it learns to recognize and predict
patterns and structures inherent to circuit design without
explicit external labels. This is followed by a fine-tuning pro-
cess, where the model’s parameters are adjusted and optimized
based on a smaller, more specific set of training data. This
phase is crucial to refining the ability of the model to generate
precise and functional circuits.

After rigorous training and validation of the accuracy and
reliability of the model, it progresses to the approximate
circuit generation phase. In this final stage, GPTAC employs
a sophisticated interface that integrates with the output circuit
token. This mechanism enables the model to generate the
desired approximate circuits based on the specifications and
constraints from the user. The integration of the output token
with the model’s inference engine enables the generation of
circuits that not only meet the desired functional requirements
but also optimize for parameters such as area, delay, and
power. This phase is the culmination of the model’s capabili-
ties, which demonstrates its practical utility to produce viable,
efficient, and innovative circuit solutions.

For error characterization, we adopt Mean Squared Error
(MSE) in Eq. (4) as the primary metric, leveraging second-
order moment analysis to effectively capture significant
statistical deviations—a methodology aligned with state-of-
the-art approximate circuit frameworks like VECBEE [5]. The
sample generation phase employs embedded C scripts for
automated circuit code expansion and simulation, integrat-
ing syntax verification and structural integrity checks while
constraining MSE estimates within 2% tolerance. Behavioral-
level simulations subsequently validate precise error metrics.
Performance evaluation implements a two-stage methodology:
Preliminary area estimation via integer-normalized cell sum-
mation based on SMIC 55nm process design kit (PDK) enables
rapid model training, while Synopsys Design Compiler-based
implementation provides final metrics (physical area, power
consumption, critical path delay) for hardware-accurate bench-
marking.

N
1
MSE = N ;(approximatei — accurate;)”. @)

The system’s operational objective is to explore approx-
imate circuit designs that simultaneously satisfy the MSE
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Fig. 3. The gate and netlist representation (Left: 2-input logic gate representation; Right: Standard cell implementation).

constraint with minimal deviation and achieve the lowest
estimated area under the given MSE bound.

IV. CIRCUIT REPRESENTATION AND
DATASET GENERATION

Initially, we gather data on approximate multipliers from
EvoApproxLib [30], a publicly available library for approxi-
mate computing, to form the dataset. However, the amount of
available data in the library is limited. To extend the dataset,
we employ the VECBEE [5] synthesis method for additional
data augmentation, creating our preliminary dataset. To further
improve the data quality, we implement a random exploration,
which modifies the base dataset through random deletion and
modification of gates, resulting in an expanded dataset.

We then proceed to standardize the circuits necessary for
constructing the dataset intended to train the GPT model.
For circuit representation, the Verilog language is utilized
first. Then, we evaluate the model’s training performance by
comparing two data formats: logic expressions using two-input
gates and those based on standard cells after converting the
HDL into a gate-level netlist format, as shown in Fig. 3.

The first option, with full expansion, entails a greater
amount of text but captures simpler graph connections akin
to a binary tree. In contrast, the second option reduces text
volume by utilizing multiple-input gates, but leading to more
complex graph connections.

Furthermore, it is important to include the MSE and circuit
area as prefix information in the dataset. MSE is determined
by comparing the approximate and exact outputs of the circuit.
Area can be efficiently estimated by summing the areas of all
gates in the circuit.

For the tokenization strategy, we employ two techniques
illustrated in Fig. 4: single-character slicing and circuit-
node slicing. The single-character slicing method divides the
expression into its individual characters, which minimizes the
dictionary size but loses the graph structure information of the
circuit. In contrast, the circuit-node slicing approach considers
signals, ports, module names, logical operators, and formatting

symbols as nodes within the dictionary. Although it increases
the total number of entries in the dictionary, it retains the graph
structure information of the circuit.

The impact of various circuit representations and tokeniza-
tion techniques on the performance of model training is
evaluated, with detailed results presented in the experimental
section. Subsequently, we proceed to tokenize the gate-level
netlist. The netlist includes a considerable amount of redundant
linguistic information, making the direct application of the
GPT LLM ineffective and hindering the convergence. There-
fore, we refine it by excluding non-essential keywords that do
not impact the circuit, followed by tokenizing the pertinent
keywords. We then designate module and wire keywords as
individual tokens, which helps shorten the prediction length
and enhance the standard semantics. As illustrated in Fig. 2,
each keyword in the netlist is tokenized, and only the terms
relevant to the circuit are retained. This process produces a
domain-specific dataset enabling efficient model training.

Note that we will modify the data selection in accordance
with the network training performance, balancing the trade-off
between specialization and generalization. Thus, the dataset
evolves through an iterative process.

V. GPTAC NETWORK ARCHITECTURE
AND MODEL TRAINING

To exploit GAI in designing approximate circuits through
textual circuit descriptions, two main strategies are sug-
gested for task formulation. The first strategy treats it as
an outcome-oriented task following particular problem spec-
ification, similar to machine translation, aligning with the
Transformer model that includes both encoder and decoder
components. The second strategy approaches it as a text
prediction task based on initial conditions, consistent with
the decoder-only Transformer architecture used extensively in
LLMs like GPT.

While both architectures are generally effective, they
have limitations in exploring approximate circuit design.
The encoder-decoder setup excels in tasks where input
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and output requirements are relatively balanced, such as
in machine translation. However, in our scenario, the data
includes brief constraints along with complex circuit encod-
ings, resulting in multiple potential solutions for a single
constraint, thereby complicating direct one-to-one mappings.
The encoder-decoder can comprehend broad text relationships
via global self-attention, performing optimally when input and
output complexities are similar. However, with simple inputs
and complex outputs, this architecture may use resources
inefficiently and introduce redundant parameters, especially in
the encoder component.

The decoder-only model, commonly employed in text pre-
diction frameworks such as GPT, encounters a different issue.
In our context, constraints are located at the start of the circuit
text and impact the output only when they remain within
the prediction window. As the window progresses past the
location of the constraints, the linkage to them diminishes,
and the relationship between the constraints and circuit text
weakens. Moreover, the autoregressive nature of the decoder-
only model, where each step is contingent on the prior output,
struggles to preserve robust context. This poses significant
challenges in lengthy texts with complex constraints, as subse-
quent tokens exhibit reduced responsiveness to initial inputs.

In summary, it is essential to create a neural network
architecture capable of delivering context-aware inference
for extensive texts while effectively transforming input
instructions to meet the requirements of approximate cir-
cuit exploration tasks. For this purpose, we propose an
instruction-enhanced decoder-only model, which involves a
slight modification but results in significant performance
improvement.

Specifically, throughout both the training and inference
stages, we incorporate the constraint instructions into the mov-
ing prediction window, ensuring that each window integrates
these constraints while concealing the constraint text in the
final output to preserve syntactic accuracy. As shown in Fig. 5,

before the encoding phase, the prediction window advances
with the constraint instruction remaining at the starting point.
This ensures its persistent role as explicit guidance in subse-
quent inferences. This technique capitalizes on the advantages
of a decoder-only framework in text prediction tasks, while
preserving a robust connection between the generated text and
the constraints. We evaluated the performance of three distinct
structural models via pre-training, with related data presented
in the experimental section.

VI. APPROXIMATE CIRCUIT GENERATION

Once the GPTAC model has undergone fine-tuning, we
can provide it with a prompt specifying the desired area or
accuracy, allowing it to automatically generate the circuit
tokens. During the token generation process, we utilize a
probability distribution-based expansion sampling method to
enhance the diversity of the circuits produced.

Although large models demonstrate impressive general-
ization abilities, even the top-performing model in our
study—which has been trained on gate-level netlists and
tokenized by circuit nodes. GPTAC employs an instruction-
enhanced decoder-only configuration, which can occasionally
generate circuits containing syntax errors such as broken lines
or duplicate assignments. To mitigate this, we implement a
specialized mask mechanism for the output phase, acting as
a filter designed to rectify circuit errors using a design rule
checking tool. This approach aims to impose constraints on
the composition of circuit expressions in the output vector,
thereby preventing incorrect assignment of output signals to
input ports, avoiding repeated assignments of the same signal
to output ports, and ensuring the complete presence of signals
at input ports. Further details can be found in Algorithm 1.
Specifically, we first initialize the output signal set by incor-
porating the input ports. Subsequently, during the model-based
circuit generation process, we examine the properties of the
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<b>

_area_591.50 MSE_5130.00;

assign(N[34])=1;
AOIB2HDVO(.A1(A[6])..A2(B[0]),.B(N[34]),.Z(O[6]));
CLKNAND2HDVO(A1(A[7]),.A2(B[0]), ZN(N[36]));
CLKINHDVO(I(A[6]),. ZN(N[37]));
CLKINHDVO(I(B[1]),ZN(N[38]));
NOR2HDVO(.A1(N[37]),.A2(N[38]), ZN(N[39]));
CLKINHDVO(I(A[5]),. ZN(N[40]));
NOR2HDVO0(.A1(N[40]),. A2(N[38]), ZN(N[41]));
CLKNAND2HDVO(A1(N[34]), A2(N[41]),.ZN(N[42]));

Prompt

%)

A

e

— o] =

i

Content

=

[ Prediction 1 | cLriNmbvo |} 0.32

[ Prediciion2 | Nor2upvO |} 0.16

[ Predictions | vi23p ]} .04

XBWos

|Predictionn-1 (N[285]) | 0.02

Decoder

[ Predgictionn | oanssupvo |} 0.00

Mask

—=>  [CPtiion

NOR2HDVO |(| Al | (N[33])| | A2 | (N[SO])l ~~~~~ |(N[52])| ) |—>| CLKINHDVO |

|);| CLKINHDV0 |—>| ( |

(Jar]ossp] a2 [ovsop | -
Al |(N|33|) | | A2 | (N|50|)| ------

[): | ckmmovo [ ¢ |—>| 1 |

Fig. 5. Neural network architecture and data flow specifically designed for approximate circuit exploration task.

Algorithm 1 The Mask Mechanism.

Algorithm 2 Generalization Enhancement Algorithm.

Require: P,: probability distribution of the prediction; M:
maximum number of words;
Ensure: R: The correct circuit code;

1 Initialize output signal set S « {Port;,};

2 for iin range(0, M) do

3 while x « Sampling by P, do

4 if xis an input signal then

5 if xnot in S then

6 Set the probability of x to zero;
7 else

8 Push x to R;

9 break;

10 end if

11 else if xis an output signal then

12 Push xto Sand R;

13 else if xdoes not conform to syntax then
14 Set the probability of x to zero;

15 end if

16 end while

17 end for

circuit. Specifically, we modify the output probability dis-
tribution and perform resampling whenever open circuits or
language errors occur, until a correct circuit is obtained.
Furthermore, to improve the generalizability of the output
results, we introduce a generalization exploration method
applied during the output sampling phase. One simple
approach is to sequentially replace gates in the pre-output
results with the second most likely vector from the proba-
bility distribution. This subtle modification triggers a chain
reaction in subsequent text predictions, producing a variety of
diverse approximate circuits. The details of the implementation
can be found in Algorithm 2. Specifically, we construct an
approximation set A by representing some cells as their
approximate counterparts. Subsequently, we achieve a balance

Require: P,: probability distribution of the prediction; A:
approximate substitution set; A: randomness factor
Ensure: Enhanced output variety

1 while Ris not over do

2 x < Sampling from P,

3 | « Sample uniformly from [0, 1]

4 if / < A then

5 if [ < % then

6 Replace previous cell using A
7 else

8 Set probability of x to zero
9 continue>Resampling

10 end if

11 end if

12 if xdoes not cause an error then
13 Push x to R

14 end if

15 end while

in randomness and select the approximation method through
uniform sampling. Specifically, if the uniform sampling value
is less than A, we replace the last cell with its substitute;
otherwise, we set the prediction’s probability to zero and
continue sampling. Through the self-correction mechanism,
the model is able to generate new viable circuits.

VII. EXPERIMENTAL RESULTS
A. Experimental Setup

At present, our data is based on the 8-bit signed
multiplier. All the system demonstrates deployability on cost-
efficient hardware configurations, with detailed specifications
of computational resources, software toolchain versions, and
employed PDK systematically documented in Table I. This
implementation substantiates the framework’s adaptability for
resource-constrained environments while maintaining design
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TABLE 1
CONFIGURATION OF THE EXPERIMENTAL PLCATFORM

Experimental Parameters

CPU Intel i9-14900KF
GPU NVIDIA RTX4090D 24GB
RAM DDR5-5200 128GB

Ubuntu 24.04.2 LTS
S-2021.06-SP5
SMIC 55nm PDK
20ns

Operating System
Synopsys Design Compiler
Process Design Kit

Simulation Clock Cycle Constraints

integrity. During the pre-training stage, a dataset comprising
43,000 unfiltered circuit samples generated by VECBEE [5]
was utilized. This was augmented with 3,000 additional circuit
samples produced through random and greedy search tech-
niques, derived from the EvoApprox8b [30] dataset. For the
training and evaluation processes, the dataset was randomly
partitioned into a 9:1 ratio. In the fine-tuning phase, 700 circuit
samples were carefully selected from the total of 46,000,
ensuring high precision and optimal performance to enhance
the model’s accuracy concerning performance constraints in
output circuits. The training loss L(f) and accuracy are deter-
mined according to Eq. (5) and Eq. (6).

N
1
L(6) = = > logP(ili,6), )
i=1
Number of Correct Predictions

A = O
ceuracy = = " al Number of Predictions ©

where 6 denotes the model parameters, N indicates the number
of samples, and P(y;|x;, ) represents the predicted probability
for the i-th instance by the model.

To achieve the optimal training results, it is essential to
adjust these parameters dynamically. A larger model does not
always yield better performance due to two primary reasons:
limited computational resources, and the risk of overfitting
when the input size is small and the task is relatively simple,
which results in reduced generalization performance. This
issue is more noticeable in deeper neural networks. Thus,
balancing the depth of the network is crucial, along with
increasing the number of attention heads and their dimensions
to enhance multi-layered attention. This strategy aids in effec-
tively capturing shared features in high-quality circuit data for
improved outputs. Through extensive testing, we identified the
optimal parameters for pre-training and fine-tuning. Table IV
lists the detailed information on model parameters, training
settings, durations, evaluation loss, and accuracy for pre-
training and fine-tuning phases.

B. Experimental Analysis and Comparison

We investigate four alternative approaches, which result
from combining two circuit representation formats (two-input
logic gates and standard cells) with two tokenization strategies
(single-character and circuit-node based tokenization). Each
approach was incorporated into our neural network framework
to evaluate the training performance, as detailed in Table II.

TABLE I

TRAINING PERFORMANCE WITH DIFFERENT DATA
FORMATS AND TOKENIZATION METHODS

Performance Tokens Syntax Circuit
per sample | error rate | error rate
Single 26531 62.10% | 93.36%
Tow-input | Character
logic gate ireui
gie e Circuit 5192 23.16% | 86.72%
node
Single 16578 89.32% | 31.65%
Standard | character
cells P
Circuit 3215 31.65% | 46.93%
node
TABLE Il

PERFORMANCE COMPARISON OF DIFFERENT
NEURAL NETWORK ARCHITECTURES

Model architecture
Performance
Encoder + Decoder | Decoder-only | GPTAC
Model parameters 201.88M
Evaluation accuracy 67.92% 97.67% 99.68%
(24h pre-training) ’ ’ ’
Error output 86.31% 46.19% 23.61%
(syntax & circuit)
Output variation 13.85% 9.63% 21.37%
per input token o T -

The evaluation metrics include the syntax error rate of the
resulting circuits calculated by Eq. (7) and the circuit error
rate, specifically addressing broken lines and multiple assign-
ments, calculated by Eq. (8).

N
1
Syntax error rate = v ; P(Syntax Error|x;,0), (7)
N
Circuit error rate = l Z P(Circuit Error|x;,0), (8)
N (4] )

i=1

where 6 represents the model parameters, N denotes the
number of samples, and x; is the limiting words.

Based on the experimental results shown in Table II, we
chose the expression based on the standard cells combined
with node-based tokenization as the optimal training resource
for the domain-specific large model.

We implemented training for large models across three
different neural network architectures, with an equal number
of parameters for each. To evaluate their performance, we
sampled 1,000 outputs and summarized the results in Table III.
Our assessment concentrated on three key metrics: accuracy
as defined in Eq. (6), syntactic correctness, and the impact of
approximate constraints on output variability. This impact is
measured by the average percentage of token deviations in the
output concerning its total length, stemming from alterations
to a single input token.

We compared the approximate multipliers from the EvoAp-
prox8b library, derived from the VECBEE synthesis tool, and
generated by GPTAC through batch generalization. For each
MSE constraint, we selected representative circuit samples for
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Fig. 6. Performance-error trade-off plot of sampled designs from Evoapprox8b, VECBEE, and GPTAC.

TABLE IV
DETAILED PARAMETERS FOR GPTAC MODEL

PRE-TRAININ

G AND FINE-TUNING

Detailed Model Training Parameters (on RTX4090D*1)
stages of training Pre-training | Fine-turning
n_layer 16
n_head 32
n_embd 1024
parameters 201.88M
block_size 1024
batch_size 32 31
Dataset size 46000 700
eval_iters 1600
weight_decay le-1
betal 0.9
beta2 0.95
grad_clip 1.0
warmup_iters 9600 0
conséziclrtr?g:triition 7% 100%
dropout 0.2 0.3
Gradient Accumulation 1
max learning rate Se-4 le-4
minimum learning rate Se-5 le-5
d\r’lﬁfgr;‘f;i 24127MB | 23201MB
Time to stable loss 23h 17h
Stable evaluation accuracy 99.68% 99.85%
R sosou
Inference speed 15s per sample (4096 tokens)

accuracy evaluation and performance comparison, as outlined
in Table V. All tabular data presented in this work have
been published in our GitHub repository: https://github.com/
YiRen19/GPTAC-finished.git, where we have additionally

open-sourced the model implementation codes. Additionally,
performance-error trade-off line plots for the tabular sam-
ples are visualized in Fig. 6 to enable intuitive comparative
analysis. The results show that when the MSE constraint
is more than 500, designs produced by both VECBEE and
GPTAC considerably outperform those from EvoApprox8b.
The experiment demonstrated that GPTAC is reducing area
by 10-40% compared to the accuracy multiplier, contingent
on diverse accuracy requirements.

For MSE constraints under 5000, GPTAC achieves perfor-
mance comparable to VECBEE, with a difference within 1%.
However, for MSE constraints over 5000, GPTAC increasingly
outperforms VECBEE. With an MSE constraint of 30,000,
circuits generated by GPTAC achieve a 26.7% improve-
ment in MSE over VECBEE under nearly area, along with
a 41% reduction in area compared to the exact 8-bit signed
multiplier.

With an MSE approaching 15,000, GPTAC-generated
samples exhibit a 7.3% area advantage over VECBEE.
As demonstrated by the partial circuit analysis in Fig. 7,
during high-bit computations (e.g., the most significant bit
O[15]), GPTAC achieves computational results nearly identical
to VECBEE samples while employing fewer logic units. This
optimization reduces the total cell count, thereby decreasing
both circuit area and power consumption.

Trained on extensive datasets of approximate circuits,
GPTAC efficiently identifies hidden characteristics of top-
quality approximate circuits. By improving the model’s
generalization and output potential, GPTAC finds approximate
circuits that are closer to the global optimal solution. For the
8-bit signed multiplier, when the MSE constraint surpasses
5000, GPTAC effectively explores optimization spaces that the
greedy strategy neglects.

Furthermore, when the MSE constraints are set
below 5000, GPTAC reliably produces several circuits
that nearly match VECBEE’s performance. Among these,
a few circuits demonstrate an area advantage ranging from
0.3% to 1% under the same MSE conditions. Although
their performance is similar, these circuits display significant
structural variability, showcasing GPTAC’s capability to
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TABLE V
COMPARISON OF APPROXIMATE MULTIPLIERS FROM EVOAPPROX8B LIBRARY, PRODUCED BY VECBEE TOOL, AND PRODUCED BY GPTAC

Performance of Approximate Multiplier
Output Results | - Value Simulated using Synopsys Design Compiler with the SMIC 55nm PDK.
Comparison Evoapprox8b VECBEE GPTAC
N Area(qu) Power(uW) | Delay(ns) MSE Area(qu) Power(uW) | Delay(ns) MSE Area(qu) Power(uW) | Delay(ns) MSE
30 487.76 9.48 2.25419 34 505.40 9.18 2.45591 34 505.12 9.16 2.45432 37
300 449.6 8.49 2.31074 248 462.84 8.93 2.41909 233 449.96 8.55 2.31613 235
500 — — — — 436.52 8.43 2.39327 567 432.60 8.04 2.39831 566
Constraints: 1400 — — — — 408.52 7.70 232694 | 1322 413.84 7.79 217669 | 1419
MSE 3000 437.92 7.80 2.10971 2731 384.16 7.44 2.38628 2682 382.48 7.47 2.37563 2481
5000 376.04 6.52 2.01487 5462 368.48 7.02 2.33234 5398 364.28 7.00 2.29133 5246
15000 — — — — 341.88 6.16 2.19667 15709 316.96 6.09 2.38666 15131
20000-30000 341.04 5.89 1.86821 19690 285.60 5.50 1.90915 28517 293.72 5.43 1.98717 20899
The area/power/delay of the exact 8-bit signed array multiplier is 496.44/:m?/9.10.W/2.04371ns with MSE = 0.
GPTAC: VECBEE:
234 units 241 units
module sample. GPTAC_mse15000(A,B,0); rﬁ:ﬁﬁle[s;gq]p}\eﬁVECBEEﬁmse] SELERIOR e
1:npul (GO input [7:6] B;,
i [70) 1% output [15:0] O;
Tl 150 O wire [241:0] N;
wire [234:0] N;

OR4HDVO0 U188(.A1(A[6]),.A2(N[194]),. A3(N[91]),.A4(N[99]),. Z(N[228]));
4 || NOR2HDVO0 U191(.A1(N[229]),.A2(N[230]),.ZN(N[231]));

AND2HDV0 U194(.A1(N[232]),.A2(N[233])..Z(N[234]));

NOR3BHDV0 U196(.A1(N[228]),.A2(N[231]),.A3(N[234]),.ZN(O[151));

NOR3HDVO0 U194(.A1(N[68]),.A2(N[233])..A3(N[106]),.ZN(N[234]));
AOI3THDVO U195(.A1(B[7])..A2(N[233])..A3(N[68]),.B(N[234]),. ZN(N[235]));
OAI21HDV0 U197(.A1(N[226]),.A2(N[230]),.B(N[236])..ZN(N[237]));
AND2HDVO0 U201(.A1(N[239])..A2(N[240]),.Z(N[241]));

AOI21 THDV0 U203(.A1(N[235]),.A2(N[237])..B(N[234]),.C(N[241]),.ZN(O[15]));

endmodule

l Local Circuit l

endmodule
OR4HDV0
Al6] =
OR2HDV N[194] 2 N8
N[229] N[O1] 7 [N228
— Al o IN231] " A3
N[230] A2 N9 | a4
U188 NOR3BHDV0
U191 Al
1
AND2HDV o N 0[15]
NR321|
— N[234] A3
MR
N[233] z
— A2 U196
U194

B{7] AOI31HDV0 OAI21HDV0
—— Al N[68] | A1
N[233 -
23311 45 N[235] N[233] N[237
[237]
N[68] ZN —— A2 2N
A3 N[106]
N34l | s
AOI211HDV0
U195 U197 N
NOR3BHDV0 I— A2 O[15]
AND2HDV ZN |—
N[68] | A1 I_ B
— N[232]
MEEL b N N[233] Al Z IN[241
N[106] N[234] A2 [241] 0203
— | A3
U194 U201

Fig. 7. Comparative analysis of localized structural discrepancies between GPTAC- and VECBEE-generated specimens under an MSE constraint of 15,000.

explore a wider range of optimization options in approximate
circuit design compared to VECBEE.

Although GPTAC incurs 7.5% higher latency than Evoap-
prox8b under MSE constraints, it achieves superior area
efficiency (9.9% improvement) and lower power consump-
tion with MSE constraints over 3000. This latency-area
trade-off aligns with low-power and low-area design prior-
ities. Crucially, GPTAC supports continuous gradient-based
MSE-constrained optimization, unlike the discontinuous MSE
gradient characteristics of Evoapprox8b.

Notably, the GPTAC-generated sample with MSE in 5246
exhibits an area occupation of 364.28um?, demonstrating com-
parable post-simulation area characteristics to the open-source
8-bit approximate multiplier from the DeBAM [3] framework.
A comprehensive comparison of these two multipliers across
multiple metrics is presented in Table VII. The analysis reveals
that GPTAC achieves superior power efficiency and significant

MSE advantages at the cost of partial timing performance
degradation. However, DeBAM demonstrates distinct superi-
ority in MAE metrics. This mutual exclusivity in optimizing
different objectives highlights the critical challenge of design-
ing models capable of holistically balancing diverse error
and performance metrics. Developing such multi-objective
optimization frameworks to attain balanced Pareto-optimal
solutions constitutes a primary objective of our future research
agenda.

Moreover, we assessed the practical performance of
VECBEE and GPTAC when implemented on desktop com-
puting systems in Table I. GPTAC delivered notably superior
performance relative to VECBEE running in a single-thread
mode. Additionally, for 8-bit signed multipliers, under low
MSE constraints, the search space for greedy optimization
narrows, resulting in a reduced number of unique and valid
samples. In contrast, with high MSE constraints, such as those

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on June 27,2025 at 02:04:23 UTC from IEEE Xplore. Restrictions apply.



YT et al.: GPTAC: DOMAIN-SPECIFIC GPT MODEL FOR APPROXIMATE CIRCUIT DESIGN EXPLORATION

TABLE VI
COMPARISON OF RUNNING PERFORMANCE BETWEEN VECBEE SYNTHESIS TOOL AND GPTAC DOMAIN-SPECIFIC LARGE MODEL

359

of 8»bitPs‘ai';;fr(l)er:it1 ?;;r(irillﬂizsﬁrcuits VECBEE [3] GPTAC
(N, M) Single-threaded 32-threaded
(0,100) 15 23 31
Usable data generated per hour (100,1000) 43 96 56
with N < MSE <M (1000,10000) 51 132 62
(10000,20000) 25 48 51
(20000,30000) 17 26 37
Computational Resource Overhead RAM 17.3GB RAM 62.5GB | RAM 4.6GB + VRAM 3.97GB

DEBAM vs. GPTAC UNDER AREA PROXIMITY TO 365 ymz

TABLE VII

based on specified area and precision requirements by an
efficient GAI approach. The improved tokenized representa-
tion facilitates feasible machine learning in the dataset. The

Performance  DeBAM  GPTAC
Area(upm?)  368.76 364.28
Power(uW)  7.25 7
Delay(ns) 1.71154  2.29133
MSE 747139 5246
MAE 333 554

exceeding 10,000, the variability introduced by Monte Carlo
simulations significantly influences the evaluation results,
yielding a lower count of samples meeting the performance
criteria. Increasing the Monte Carlo sampling iterations by a
factor of ten can somewhat mitigate this problem; however,
the rate of valid samples generated over time decreases.

We optimized the Monte Carlo sampling iterations to
enhance the quantity of valid samples produced by VECBEE
per time unit, maintaining the error allowance within 30%
of the MSE limit. In the case of GPTAC, we performed
generalized batch output sampling across different constraints.
The numbers of valid samples produced by both techniques
were statistically aggregated and compared in Table VI.

GPTAC’s uniquely designed generalized generation mech-
anism ensures the output diversity within the specified limits.
In contrast, with extensive MSE constraints, GPTAC, which
has been both fine-tuned and retrained using high-quality
datasets, significantly reduces sample errors. In both extreme
cases, GPTAC consistently outperforms VECBEE. Specif-
ically, in the task of exploring 8-bit signed approximate
multipliers, GPTAC showed more effective exploration in
over half of the assessed MSE constraints, outperforming
the VECBEE synthesis tool, which utilized 32 threads at
maximum capacity.

Importantly, the deployed GPTAC model demands under
4 GB of GPU memory, enabling its implementation on budget-
friendly hardware for inference operations. Consequently,
GPTAC serves as a computationally efficient approach for
approximate circuit optimization.

VIII. CONCLUSION

This paper introduces GPTAC, a domain specific generative
pre-trained model tailored for designing approximate circuits.
GPTAC is capable of generating specific approximate circuits

lightweight and rapid inference of GPTAC presents a fresh
viewpoint on the design of approximate circuits.
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