
AI4X – Accelerate, Singapore, 16–19 June 2026

Electronic Circuit Optimization
With Graph and Sheaf Neural Networks

Eva Hita Sogorb 1 Cristian Sestito 1 Alexandros Keros 1 Themis Prodromakis 1

1APRIL AI Hub, University of Edinburgh, Edinburgh, United Kingdom. Correspondence to: Eva Hita Sogorb
E.Hita-Sogorb@sms.ed.ac.uk.

1. Introduction
Moore’s law refers to the observation that the num-

ber of transistors in an integrated circuit doubles ev-
ery two years [1]. Since 1965, the growth in integrated
circuit complexity had accurately followed this trend,
until it started to plateau due to economical and physi-
cal barriers. Nowadays, themain physical constraints
affecting system performance are related to power,
heat generation, and the physics of complementary
metal-oxide semiconductor (CMOS) transistor switch-
ing, all of which act as limiting factors [2]. In terms of
economic limitations, Gordon Moore also observed
a second law that described how the exponential in-
crease in fabrication costs would become a limiting
factor before physics [3].
As Moore’s law becomes less applicable to the

current technological development situation, new
paradigms are needed to ensure power, performance
and area savings (PPA) [4] for maintaining modern
circuit-scaling demands. Approximate computing
arises as a possible answer to this challenge, exploit-
ing the trade-off between computational accuracy,
power, and area requirements [5]. Gate-level pruning
(GLP) stems from this paradigm by omitting gates
from a circuit design while striving to maintain task-
specific accuracy requirements. Current examples
of tools that perform GLP require a time-consuming
iterative simulation process. For example, a previ-
ous study [6] presented a probabilistic pruning-based
tool [7] that is integrated in the digital circuit design
flow to perform automatic GLP. This tool requires
gate-level hardware simulations to be run in order to
obtain a SwitchingActivity Interchange Format (SAIF)
file to inform the decision of which wires are to be
pruned. However, a more efficient approach that al-
lows to skip the iterative simulation step is needed.
Artificial intelligence has been successfully ap-

plied across several domains to automate complex
tasks by making accurate predictions, leading to sig-
nificant time savings in fields such as healthcare [8].
Graph Neural Networks (GNN) provide the frame-
work for performing learning and inference on com-
binatorial data, with successes in antibiotic discov-
ery [9], where graphs encode molecular networks
and their interactions, and in analogue circuit repre-
sentation [10]. Sheaf Neural Networks (SNNs) appear
as generalizations of GNNs, where information on
vertices and edges is modeled as data in appropri-
ate vector spaces, with consistency maps between
them, forming what are known as cellular sheaves
[11] [12]. SNNs have been successfully used in applica-
tions such as recommendation systems, outperform-

ing GNNs [13].
GNNs have been explored in EDA problems such

as congestion prediction [14], testability analysis [15],
and classification of sub-circuits in netlists for reverse
engineering (RE) purposes. For example, DeepGate
is a GNN-based solution for the representation learn-
ing of logic gates [16]. The purpose of this model, as
well as that of its subsequent versions such as Deep-
Gate2 [17], is to create a general-purpose neural rep-
resentation framework for logic circuits, as well as a
circuit-aware GNN architecture that can be applied
as the basis to solve several EDA problems. However,
even the latest version of the algorithm, DeepGate4,
is susceptible to the inherent limitations presented
by GNNs, such as oversmoothing, which suggests that
another approach might be necessary.
We hereby show the representation of digital cir-

cuits as sheaves (Figure 1), and propose the use of
SNN to learn and automate GLP. By representing op-
erational characteristics, power demands, and area
requirements concisely as stalks, and circuitry opera-
tions as restrictionmaps of a circuit sheaf, we propose
to learn a sheaf diffusion operator that performs GLP.

2. Methods
This section introduces the concept of GLP and

provides an overview of SNN. It then describes the
project framework, from the creation of a dataset
to model training and evaluation, highlighting the
integration of sheaf neural networks and GLP.

2.1 Gate-Level Pruning
GLP is a technique that can be used to trade off

accuracy for PPA savings by removing the parts of
the circuit with the lowest contribution towards ac-
curacy. There are several parameters that need to be
considered when performing GLP. Firstly, the error
tolerance, whichdepends on the applicationof the cir-
cuit to be pruned. Checking that the error introduced
by pruning is below the threshold set by the designer
is the first step in a GLP pipeline. Secondly, the signif-
icance and activity or toggle count (TC), which are the
two criteria that can be used to decide which nodes
should be pruned. The significance-activity product
(SAP) indicates which nodes are pruned first, starting
with those with a lower SAP, while the TC measures
howmany times a signal changes state.

2.2 Sheaf Neural Networks
A cellular sheaf is a combinatorial structure gen-

eralizing graphs that represents data on vertices and
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Fig. 1: An example showing a simple digital circuit
and its corresponding sheaf representation. The
vector spaces (represented as squares) contain in-
formation relevant to each of the edges and nodes
of the sheaf. The restriction maps (represented by
F ⊤) correspond to the learnable part of the SNN.

edges as sheaves i.e. elements of some vector space,
with consistency maps, called restriction maps, be-
tween them [12]. While graphs can only represent
the structure of the data being used, sheaves provide
a way to capture how information at different parts
of a graph is related. In the context of digital cir-
cuits, graphs represent logic gate connectivity (Fig-
ure 1), whereas sheaves can store information on the
relationship between the input and the output of a
logic gate. In the application discussed in this paper,
sheaves provide a way to store SAP information for
each of the edges, and to capture the complex rela-
tionship between different circuit components, thus
informing the SNN-led GLP process.
Sheaf neural networks assume that restriction

maps are parametrized and aim to learn them
through sheaf diffusion [18]. SNNs address the two
main limitations arising in GNNs: heterophily and
oversmoothing. The heterophily problem describes
the underperformance of GNNs on graphs where
neighboring nodes do not have similar features, as
they are designed to assume homophily or similarity
between neighboring nodes. Oversmoothing refers
to the reduction in performance as the depth of a
GNNmodel is increased. As such, SNNs are ideal can-
didates for learning to automate GLP, as they are able
to consistently represent diverse node data while not
being hindered by the limitations that plague GNNs.

2.3 The Framework
Firstly, we are generating a dataset of full-precision

and approximate arithmetic circuits. The AMD Vi-
vado tool is being used to obtain the switching activ-
ity of the wires in these circuits through simulations.
Then, circuits are being represented as sheaves by
equipping them with the data extracted from Vivado,
with information such as activity being attached as
stalks to edges on the sheaves. These will then be
used to train a SNN to automate GLP by learning the
restriction maps relating vectors and edges. This is
a classification problem where the SNN will learn to

classify nodes and edges as either prune or keep. A
multi-part loss function will be used during training,
as in Equation 1:

Ltotal = Larea + Ltoggle
count

+ Laccuracy + Lpower (1)

The total loss consists of several components: the
area loss, Larea, which accounts for howmuch area
the circuit uses; the toggle count loss, Ltoggle count,
which measures how many times the gates change
state; the accuracy loss, Laccuracy, which measures
how the accuracy changes depending on the accu-
racy of the circuit; and the power loss, Lpower, which
accounts for the energy consumption of the circuit.
We will eventually evaluate the effectiveness of

the learned pruning by comparing the approximate
circuits (post-pruning) with the full-precision coun-
terparts (before pruning).
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