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The increasing complexity of digital circuits and the limitations of heuristic methods have led to growing
interest in applying Machine Learning (ML) to Logic Synthesis (LS). ML provides a promising paradigm
shift by implementing automated, scalable, and data-driven optimization strategies. This survey provides a
comprehensive overview of the latest studies on ML approaches in LS, offering a deep understanding of the
fundamental ML methods, and analyzing their strengths and limitations through systematic comparisons. We
categorize existing works into two main types: ML-Assistance methods aiming at predicting performance
metrics and reducing the cost of traditional simulations, and ML-Agent methods directly replacing heuristic
processes in the LS flow. We further analyze ML methods and applications in different LS stages, including
Boolean circuit generation, Boolean circuit analysis, logic optimization, and technology mapping, showing
great achievements and improvement in exploring non-linear design spaces and discovering new optimization
strategies. Finally, we discuss the challenges and limitations in the current situation and further provide a
vision of future directions in LS.
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1 Introduction
In recent years, Machine Learning (ML) has made significant strides in various fields, and its
applications in Electronic Design Automation (EDA) have been no exception [127]. One of the most
promising areas where ML has begun to revolutionize the industry is in Logic Synthesis (LS). LS, the
process of transforming high-level descriptions of digital systems into gate-level implementations,
has traditionally been a highly complex and time-consuming task [60, 65, 104]. This complexity
arises from not only the need to simultaneously optimize multiple conflicting objectives adhering
to various constraints, such as Performance, Power, and Area (PPA), but also the difficulty of
cross-stage evaluation, where the impact of decisions made in earlier stages cannot be accurately
assessed in later stages of the synthesis flow.

Conventionally, Logic Optimization (LO) relies on heuristics, exact transformation and intuitions
by human experts [65, 107], which requires expertise in both LS and corresponding commercial
tools. Meanwhile, these traditional heuristic-based designs cannot guarantee optimality, especially
in the case of increasingly complicated Boolean functions. As such, it seems natural to move
towards more automatic and powerful methodologies for LS, and the relationship between ML
and LS is being reconsidered. There has been a recent emergence of applying ML in LS, which
embraces a twofold meaning: (1) the reduction of burdens on human experts designing optimization
recipes manually, and (2) enabling the discovery of novel optimization strategies that extend beyond
conventional human intuitions [127, 180]. By leveraging ML algorithms, the field has the potential
to revolutionize LS. Such integration is expected to significantly reduce the design time and cost,
while pushing the boundaries of what is achievable in LO.

Existing works applying ML to LS vary based on the application tasks. To provide a clear
taxonomy, we categorize them into two main types based on the role and goal of the ML model in
the synthesis flow:

• ML-Assistance: In this paradigm, the ML model acts as a helper tool to assist traditional
algorithms. It typically predicts intermediate metrics (e.g., Quality of Result (QoR), Satisfia-
bility (SAT), or cut quality) to guide a traditional, deterministic engine, such as the synthesis
tool [4, 164]. The traditional algorithm retains control over the final decision-making but
operates more efficiently within a refined search space provided by the ML model.

• ML-Agent: In this paradigm, the ML model acts as a decision maker or executor that replaces
the traditional heuristic process. It directly completes the task, such as generating a circuit
structure [126], exploring optimization recipes [56], or predicting the final output directly,
without relying on a traditional algorithm to execute the core logic.

While other excellent reviews like [16] exist, this survey provides several key additional contribu-
tions: (1) We strictly structure our analysis according to the LS flow, as shown in Fig. 1, dedicating
discussion to each stage. (2) This structure allows us to incorporate a dedicated section on “Boolean
Circuit Analysis”, covering the circuit representation learning, SAT, Design for Testability (DFT),
and Security, which was not detailed in [16] but is critical to the modern LS flow. (3) We also provide
a detailed review of the emerging field of “Logic Learning”, with a specific focus on recent progress
in generating functionally exact circuits from complete specifications, distinguishing our work
from [16] that focused on approximate synthesis from incomplete specifications.

This article provides a comprehensive overview of the latest advancements in ML-based methods
and applications for LS. We will explore how ML models are integrated into various stages of the
synthesis process, such as LO, Technology Mapping (TM), and other tasks. Fig. 1 briefly shows the
LS flow and the data format flow, according to which we organize this article. Table 1 presents a
general summary of the ML tasks, techniques, and applications reviewed in this article, categorized
by their corresponding LS stage. In Section 3, we first consider Boolean circuit generation, which,
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Fig. 1. Overview of the logic synthesis flow and data format flow.

although not part of the typical flow, plays a significant role in LS. We survey some recent works
on the logic learning problem. In Section 4, we consider the ML applications in the tasks of Boolean
circuit representation, which mainly analyze the characteristics of the circuits. We introduce the
problems and ML methods of circuit representation learning, which can be applied further in
extension problems, such as SAT, DFT, and security. We also survey some representative works in
ML methods addressing these problems. In Section 5, we consider the ML tasks in LO, including
the QoR prediction and recipe exploration task that is ML-Agent to directly help optimization,
and the Boolean classification task, which is ML-Assistance and indirectly applied in optimization.
In Section 6, we also provide a general discussion on ML applications in TM, which are mainly
used for cut selection. Finally, we review the studies associated with ML tools and ML dataset
management. Finally, we discuss the limitations of existing works and future prospects about ML
applications in LS.

2 Preliminaries
2.1 Logic Synthesis
LS is a foundational and critical technology in EDA that transforms a Register Transfer Level (RTL)
description of a circuit into gate-level representations of a Boolean circuit, then into a standard cell-
level netlist that is ready for physical design and manufacturing. The LS process plays an important
role in ensuring that the final netlist not only meets functional correctness, but also adheres to
design constraints. This process generally involves three main stages: defining the circuit’s Boolean
representation, performing logic optimization, and executing technology mapping.

2.1.1 Boolean Representation. The first step in LS involves modeling the logical functionality of a
digital circuit in a formal and manageable format [60]. The Boolean representation is the abstract
foundation where LO is performed, including:

• Sum-of-Products (SOP) : A traditional expression using logical AND and OR operations, such
as 𝑆 = 𝐴𝐵 + 𝐴𝐶 . SOPs are intuitive but often inefficient for large circuits due to a lack of
structure and redundancy. A related form is Conjunctive Normal Form (CNF).

• Binary Decision Diagram (BDD) : A graphical representation of Boolean functions that applies
decision trees and supports equivalence checking and formal verification.

• Boolean Network : A graphical representation that uses Directed Acyclic Graphs (DAGs), is
suitable for large-scale designs. Each node represents a logic operation (e.g., AND, OR) or
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a Primary Input/Output (PI/PO). Each edge represents a signal or an inverted connection
between operations.

• Look-Up Table (LUT) : Each LUT implements a small Boolean function by storing output
values for all possible input combinations. The size of a LUT is typically fixed (e.g., 4-input
or 6-input), and larger functions are constructed by combining multiple LUTs.

An important Boolean network is the And-Inverter Graph (AIG), which consists solely of two-input
AND gates and inverters (logical NOT) [107]. AIGs offer a compact and uniform representation
that is convenient for LO, making them popular in recent works. Fig. 2 provides an illustration
of an AIG representation and the result of its optimization. An alternative representation that is
designed for emerging technologies, such as spin-wave devices and quantum-dot cellular automata,
is the Majority-Inverter Graph (MIG)[10, 85]. MIG uses majority logic and inverters, and is also a
compact and uniform structure. Furthermore, some representations can extend AIGs and MIGs by
incorporating XOR gates, resulting in XOR-And Graphs (XAGs) and XOR-Majority Graphs (XMGs)
[35].

2.1.2 Logic Optimization. Once the Boolean representation is established, the next stage focuses on
LO. The goal is to transform the initial, suboptimal logic circuit into a more efficient form without
changing its functional behavior. LO aims to improve several circuit characteristics, including:
reducing logic depth, minimizing the number of logic gates and switching activity. Since these
objectives are tightly coupled with the PPAmetrics, LO plays a central role in high-quality synthesis.

LO is typically performed on the technology-independent Boolean networks. Many DAG-aware
algorithms have been developed, particularly targeting AIGs, including:

• Rewrite (rw): Rewriting performs template-based pattern matching on subgraphs of the AIG,
replacing them with functionally equivalent but potentially more optimized structures, which
are called Negation-Permutation-Negation (NPN) equivalence classes. The rewriting process
involves 𝑘-feasible cut enumeration, where each cut is analyzed to identify subgraphs to be
replaced [107].

• Refactor (rf): Refactoring is the extension of the rewrite, which targets large cuts or Maximum
Fanout-Free Cones (MFFCs), collapses them into an SOP or truth table, and then applies
minimization and factoring to dynamically create a new, optimized logical structure.

• Balance (b): Balancing aims to minimize the logical depth (and thus delay) by restructuring
the tree topology of the AIG. The process involves applying covering and tree-balancing
transformations that leverage the associative and commutative properties of logic functions
[106].

• Re-substitution (rs): Re-substitution aims to reduce redundancy and enhance logic sharing by
re-expressing a target node function by reusing other already existing nodes in the network
to discover and exploit global logic sharing [18].

These algorithms are combined sequentially to form synthesis recipes to optimize the circuit in LO.
The effectiveness of a recipe depends on how well it balances conflicting optimization goals. For
example, reducing depth may increase gate count, so the recipes are crucial to achieving the best
trade-off.

2.1.3 TechnologyMapping. The final stage is TM,which converts the optimized logic representation
into a technology-specific netlist composed of standard cells from a technology library [154]. This
step binds the technology-independent circuit to a real-world netlist implementation. During this
phase, the circuit is: (1) partitioned based on cut enumeration, and each of the partitions performs
a specific logic function, and then (2) matched to a standard cell, which includes both the primitive
gates (e.g., AND, OR, XOR) and complex components (e.g., adders, multiplexers). Each match must
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Fig. 2. AIG representation and its optimization result.

satisfy the PPA constraints imposed by the design specification. For instance, a subgraph with a
critical timing path may need to be matched with a high-speed gate, while a non-critical path can
be mapped to a low-power cell.
The goal of TM is to generate a fabrication-ready netlist that maintains the optimized logic

structure. If the netlist fails to satisfy the PPA constraints, additional post-mapping optimizations
are triggered to adjust the design. Otherwise, the RTL description must be revised, or the LO stage
must be rerun to return to the synthesis flow. Then netlist becomes the input to downstream stages
such as placement, routing, and physical verification.

2.2 Different ML Techniques
ML can be categorized into three frameworks: Supervised Learning, Unsupervised Learning, and
Reinforcement Learning (RL). These frameworks mainly differ in what data are sampled and how
these data are used to build learning models. In some cases, multiple models may be effective for a
given problem, and the optimal choice depends on factors such as available hardware resources,
data availability, implementation overhead, and performance targets.

2.2.1 Supervised Learning. Supervised learning involves learning rules from labeled datasets that
map inputs to outputs, enabling the model to generalize and make predictions for unseen inputs.
We briefly introduce several prevalent techniques in supervised learning.

• Regression is used to estimate the relationships between a dependent variable and one or
more independent variables. The most common form is linear regression [136], alongside
various non-linear regression methods [129].

• Support Vector Machine (SVM) [135] aims to identify the best hyperplanes to separate data
classes by maximizing margins. Predictions or classifications of new inputs can be decided
by their relative positions to these hyperplanes.

• Decision tree is used to build a tree structure where each node represents a feature and
branches correspond to feature values, guiding inputs from the root to a leaf that delivers a
prediction.

• Neural Networks (NNs) [58] are used to approximate a broad family of functions: a single-layer
perceptron is usually used for linear tasks. Deep Neural Networks (DNNs) [54], consisting of
multiple layers, are able to capture non-linear relations. Certain computational operations can
help DNNs to achieve better performance in specific fields: Convolutional Neural Networks
(CNNs) with convolution operations leveraging spatial features, Recurrent Neural Networks
(RNNs) with recurrent connections enabling learning from sequences and histories, and
Graph Neural Networks (GNNs) with aggregating and combining operations specifically on
graphs.

ACM Trans. Des. Autom. Electron. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2025.



1:6 Miao Liu et al.

2.2.2 Unsupervised Learning. Unsupervised learning is the process of identifying hidden patterns
within unlabeled datasets. Two primary methods are clustering and Principal Component Analysis
(PCA).

• Clustering is to group data objects into disjoint clusters based on similarity measurement,
ensuring that objects within the same cluster exhibit high similarity, while those in different
clusters have low similarity. The goal of clustering is to classify raw data reasonably and to
uncover latent structures or patterns in datasets.

• PCA aims to reduce the dimensionality of the high-dimensional variable space by representing
it with a few orthogonal variables that capture most of its variability. This dimensionality
reduction simplifies data analysis while retaining essential information.

Self-supervised learning is a type of unsupervised learning that aims to learn a universal feature
representation for downstream tasks by generating supervisory signals from the data itself. Self-
supervised learning can be mainly divided into two categories: generative methods and contrastive
methods.

• Generative learning focuses on understanding the underlying data distribution to generate
new samples based on this understanding. Typically, the generative model predicts the
probabilities of the next possible element in a sequence till completing the whole sequence.

• Contrastive Learning (CL) learns the effective representations of data by comparing the simi-
larity between samples, without manual annotations. During training, the model generates
multiple views of the same data (positive pairs) and treats different data views as negative
pairs. By maximizing similarity between positive pairs and minimizing it between negative
pairs, the model acquires discriminative feature representations.

2.2.3 Reinforcement Learning. In standard RL, an agent interacts with an environment E over a
number of discrete time steps [152]. At each time step t, the agent receives a state 𝑠𝑡 from the state
space S and selects an action 𝑎𝑡 from the action space A according to its policy 𝜋 , where 𝜋 is a
mapping from states 𝑠𝑡 to actions 𝑎𝑡 . In return, the agent receives the next state 𝑠𝑡+1 and a scalar
reward 𝑟𝑡 : S × A → R. This process, which defines a single episode, continues until the agent
reaches a terminal state, at which point the environment is reset for a new episode. The return 𝑅𝑡
is the total accumulated discounted reward over an episode. The goal of the agent is to maximize
the expected return for each state 𝑠 . There are two general types of methods in RL: value-based
and policy-based.

• In value-based RL, the state-action value function 𝑄𝜋 (𝑠𝑡 , 𝑎𝑡 ) = E[𝑅𝑡 |𝑠𝑡 , 𝑎𝑡 ] is approximated
by either tabular approaches or function approximations. At each state 𝑠𝑡 , the agent always
selects the optimal action 𝑎∗𝑡 that could bring the maximal state-action value 𝑄 (𝑠𝑡 , 𝑎∗𝑡 ).

• In policy-based RL, it directly parameterizes the policy 𝜋 (𝑎 |𝑠 ;𝜃 ) and updates the parameters
𝜃 by performing gradient ascent on 𝐸 [𝑅𝑡 ].

RL is modeled based on the principles of Markov Decision Process (MDP), making it particularly
well-suited for addressing control challenges and sequential decision-making tasks. Moreover, this
alignment also allows RL to explore the design spaces by deciding the parameters sequentially.
By embedding optimization objectives into reward functions, RL enables the discovery of optimal
behaviors with specified goals.

3 Boolean Circuit Generation
Boolean circuit generation aims to construct a logic circuit that functionally implements a given
specification, typically a truth table. Traditionally, this problem has been framed as “Exact Synthesis”,
which seeks to find a circuit with a guaranteed minimum of specific resources, such as area or
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Table 1. General Summary of ML Tasks and Techniques Applied in LS.

Flow Task ML
Domain Technique Input Output Type

Boolean
Circuit

Generation
(section 3)

Logic
Learning

AutoML NAS, DNAS

Truth Table Circuit ML-AgentGraph
Generative
Learning

RL, MCTS, AR, GNN,
Generative Transformer

Boolean
Circuit
Analysis
(section 4)

Circuit
Representation

Learning

Graph
Representation

Learning

GNN, GraphSAGE
MPNN, DAG-GNN Circuit Embedding ML-Agent

Algorithm
Engineering

DFT,
SAT,

Security

Meta-Model,
Meta-Learning Task-Specific Circuit Task-Specific Both

Logic
Optimization
(section 5)

QoR Prediction Regression Circuit: GNN
Recipe: RNN, Transformer

Circuit
Recipe QoR ML-Agent

Boolean
Representation
Classification

Classification CNN, GNN,
Clustering Subcircuits Desired

Representation ML-Assistance

Recipe Exploration
RL RL, GNN

Circuit Recipe ML-Agent
DSE Bayesian Optimization,

MCTS, NN

Algorithm
Engineering

Rewriting,
Balancing Meta-Model RL Circuit Optimized

Circuit ML-Assistance

Technology
Mapping
(section 6)

Cut Selection Classification GNN, Transformer Circuit Priority Cuts ML-Assistance

Library Tuning RL RL Library Partial Library ML-Agent

Cost Function Modification Regression GNN Cuts Cost ML-Assistance

delay. A truth table offers a complete and unambiguous representation of the function’s behavior,
serving as the ground truth for these generation tasks.

However, achieving a guaranteed optimal circuit is computationally intractable, with worst-case
scenarios requiring exponential time. This complexity defines a long-standing tension between
the search for optimality and the need for scalability. Early manual methods like Karnaugh maps
(K-maps) provide visual minimization but become practically infeasible for functions beyond six
variables [78]. Conversely, algorithms like Espresso offer efficient heuristics for two-level logic
minimization but do not guarantee global optimality for general multi-level circuits. This dichotomy
has motivated the search for new methodologies.
State-of-the-art exact synthesis often relies on SAT-based techniques, which transform the

problem into a Boolean satisfiability instance and employ an iterative “trial-and-error” search to
prove minimality. While capable of producing optimal results, the necessity of proving “UNSAT”
for all smaller resource counts makes this approach computationally expensive and slow for large
Boolean functions [147].

To address this bottleneck, ML techniques are being introduced as a powerful new paradigm for
Boolean circuit generation. While ML-based methods do not strictly offer the mathematical proof
of minimality inherent to exact synthesis, their fundamental objective is identical: to generate a
functionally correct circuit that implements the target truth table. Often framed as “Logic Learning”,
these ML-Agent approaches leverage generative models to explore the design space efficiently,
aiming to construct circuits that approximate optimal structures with significantly improved
inference speed compared to traditional iterative solvers.
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3.1 Logic Learning
The task of logic learning aims at transforming the design functionality into logic representations.
This task was first proposed by the International Workshop on Logic & Synthesis (IWLS) 2020
contest [126] and subsequently matured in the IWLS 2022 contest [2]. In the IWLS 2020 contest
[126], the provided dataset consisted of incomplete truth tables, where the goal was to learn an
incomplete function. This task is closely related to approximate analysis, which trades exactness for
generalization to achieve acceptable accuracy with reduced complexity. In contrast, the IWLS 2022
contest [2] provided complete truth tables, shifting the goal to learning the complete logic represen-
tation correspondingly. In this section, we discuss how recent ML techniques are applied to generate
complete logic functions. Conversely, logic learning methods can also motivate advancements in
ML theory, a topic surveyed in [16] and not elaborated further in this article.

Learning Boolean functions has long been an active area in theoretical ML, primarily under the
Probably Approximately Correct (PAC) [67] and Statistical Query (SQ) learning frameworks [128].
Moreover, neural network-based methods are emerging as a significant direction in next-generation
logic synthesis [162].

While truth tables fully specify the behavior of a Boolean function, they lack the structural details
needed to derive the corresponding AIG directly. The challenge in logic learning is to synthesize
the structure of the AIG that maps to the given truth table. More specifically, the core difficulty
lies in enabling the ML model to recognize gate functionality and establish wire connections.
Traditional ML models are inherently designed for continuous function approximation (learning
input-output mappings) rather than constructing discrete DAGs. Due to this fundamental mismatch,
ML architectures must be significantly adapted or used in entirely different ways to handle the
discrete nature of logic gates and wires. To address this, two general strategies have emerged for
circuit generation: sequential generation and architecture search, as illustrated in Fig. 3.
Problem Statement. Given a target truth table matrix 𝑇𝑇 ∈ {0, 1}2𝑛×𝑚 , the objective is to

construct an AIG with 𝑛 inputs and𝑚 outputs, such that the truth table 𝑇𝑇𝑜 of the generated AIG
satisfies either: (1) 𝑇𝑇𝑜 = 𝑇𝑇 for exact generation (functional equivalence) or (2) 𝑇𝑇𝑜 partially
matches 𝑇𝑇 for approximate generation.
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Fig. 3. Comparison between sequential generation and architecture search in logic learning.

Methodology. There are mainly two approaches to solve the problem, the details are in the
following:
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• Differentiable Neural Architecture Search (DNAS) transforms the traditionally discrete
problem of neural network architecture search into a continuous, differentiable optimization
problem, which enables the simultaneous optimization of both the network weights and
the architectural parameters using gradient descent [93]. DNAS methods can be leveraged
for generating circuit graphs by formulating the neural network as a circuit graph, where
each neuron represents a logic gate and connections between neurons represent the wires
connecting these gates. To facilitate differentiable training, [123] introduces continuous
relaxation into discrete components in the neural network. First, the logical operations
performed by logic gates are converted into their differentiable counterparts. For instance,
𝑎𝐴𝑁𝐷 𝑏 is relaxed to 𝑎 · 𝑏, and 𝑁𝑂𝑇 𝑎 is relaxed to 1 − 𝑎 [123]. Second, the discrete network
connections are parameterized, employing Gumbel-softmax [75] during forward propagation
to continuously sample the connections between nodes. Then, the optimization process to
explore a wide variety of connectivity patterns can be achieved by gradient descent.
In the DNAS training process, the goal is to identify an optimal circuit structure, as shown
in Fig. 3. The inputs of the network are the input vectors of AIG, and the outputs are the
corresponding truth table vectors, while the labeled target is the ground-truth output truth
table vectors. For example, when synthesizing an AIG, we denote the 𝑘-th neuron in the 𝑙-th
layer by 𝑜𝑙,𝑘 . The neuron 𝑜𝑙,𝑘 , modeling an𝐴𝑁𝐷 gate, has two inputs 𝑐𝑙,𝑘0 and 𝑐𝑙,𝑘1 , representing
either a normal or an inverted connection. Trainable parameters 𝑊 𝑙,𝑘 ∈ R2×∑𝑙−1

𝑖=1 𝐾𝑖 are
associated with the wires to capture the connection choices for each neuron. Each element
𝑤
𝑙,𝑘
𝑝,𝑖, 𝑗

in the parameter represents the probability of connecting the 𝑗-th neuron in the 𝑖-th
layer to the 𝑝-th input of the current neuron 𝑜𝑙,𝑘 . Another trainable parameter 𝐼 𝑙,𝑘 ∈ R2,
controls whether each connection is inverted. The computation of the forward propagation
is as follows:

𝑐
𝑙,𝑘
𝑝 =

𝑙−1∑︁
𝑖=1

𝐾𝑖∑︁
𝑗=1

𝑜𝑖, 𝑗 · softmax(𝑤𝑙,𝑘𝑝 )𝑖, 𝑗 , 𝑝 = 0, 1 (1)

𝑜𝑙,𝑘 = 𝑖
𝑙,𝑘
0 𝑐

𝑙,𝑘
0 · 𝑖𝑙,𝑘1 𝑐

𝑙,𝑘
1 (2)

Loss =
𝐾𝐿∑︁
𝑗=1

𝑙 (𝑜𝐿,𝑗 ,𝑇𝑇 [ 𝑗]) (3)

where 𝐾𝑖 denotes the number of neurons in 𝑖-th layer, 𝑇𝑇 is the truth table of dimension
𝐾𝐿×2𝑛 , and the loss function 𝑙 (e.g., MAE or MSE) is defined as the error between the network
outputs and the truth table. Through backpropagation, the network gradually adjusts its
parameters, converging toward a circuit structure that accurately reproduces the desired
truth table outputs.
The advantages of applying DNAS in LS are clear. By transforming the inherently discrete
problem of circuit design into a continuous, differentiable one, DNAS enables the use of
gradient-based optimization methods. This continuous formulation accelerates the search
process, allowing for an efficient, gradient-based exploration of the high-dimensional solution
space. In addition, DNAS offers a unified approach that provides an end-to-end framework,
which eliminates the need for a separate design stage and simplifies the entire LS flow.
However, this DNAS approach faces a critical scalability challenge regarding problem size.
Because it relies on the full truth table for calculating the loss, its applicability is limited by
the exponential 𝑂 (2𝑛) growth of the truth table with the number of primary inputs (𝑛).
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• Sequential Generation. Another popular ML roadmap models logic learning as the se-
quential generation process of the circuits, which construct node-by-node or edge-by-edge.
By doing so, the generative methods are naturally applicable. One of the representative
methods is the Autoregressive (AR) model [17], which leverages the chain rule of probability
to factorize a joint distribution over previous variables. Specifically, the AR model decom-
poses the circuit generation process into a series of sequential decisions, where each decision
determines the next element (node or edge) to add, conditioned on the current subgraph. The
process is formally expressed as:

𝑝 (𝐺𝜋 ) =
𝑁∏
𝑖=1

𝑝 (𝐺𝜋𝑖 |𝐺𝜋1 ,𝐺𝜋2 , · · · ,𝐺𝜋𝑖−1) (4)

where 𝑝 (𝐺𝜋
𝑖
|𝐺𝜋1 ,𝐺𝜋2 , · · · ,𝐺𝜋𝑖−1) represents the conditional probability of generating the 𝑖-th

element given the previously generated elements, and 𝜋 denotes a predetermined ordering
for node generation in the graph.
Despite their effectiveness in constructing circuits with correct structural connectivity, many
of these methods tend to generate circuits with arbitrary or imprecise Boolean functions.
Integrating truth-table information in the model training is crucial to address this shortcom-
ing [194]. By incorporating truth tables as conditional inputs or node features, the action
predictor can leverage latent representations drawn from a probability distribution to guide
the generation process toward producing functionally accurate circuits. Moreover, truth
tables can be directly used in the loss function to assess the correctness of the generated
circuit truth table.
However, the heuristic nature of ML generation methods inevitably leads to inaccurate graphs.
As a result, additional fine-tuning is necessary, which is critical for achieving functional
precision and structural correctness. Functional precision requires the synthesized circuit
to strictly correspond to the truth table specifications, and structural correctness refers to
adhering to the specific topological constraints of the target representation (e.g., an AND
node must have exactly two inputs and one output), which a generic model might otherwise
violate.

Representative Works. Based on the roadmap, recent ML works in Logic Learning can be
categorized into the following two types.

• DNAS. The method in [13] first leverages DNAS for generating logic networks from simple
truth tables. Their method utilizes universal logic units within the network architecture,
connecting these units through residual combinations to facilitate cross-layer interactions.
The architectural search focuses on selecting the appropriate unit for each layer, enabling
efficient LS. The team from Google DeepMind in the IWLS 2023 contest employs DNAS
for generating circuits from full truth tables [55] and achieved first place in the contest.
Their approach demonstrates superior performance in terms of final circuit size. By using
DNAS to generate novel circuit structures as a starting point, their method uncovered
optimization paths that, after post-processing with traditional tools, led to results unattainable
by traditional tools alone, highlighting the potential of DNAS in practical applications. The
method in [162] proposes a regularized triangle-shaped circuit network with skip-connection
in the DNAS model to address challenges such as excessive skip connections, inefficient
searches, and imbalanced connections. The method in [165] combines the AR model with
the DNAS model. The AR model is trained to generate the adjacency matrices representing
circuit structures, which are then refined through the DNAS process to generate the circuit.
The hybrid approach enhances the scalability and accuracy of logic circuit generation.
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• Sequential Generation. ShortCircuit [155] integrates a Transformer-based network with
an RL framework to learn generalizable patterns and efficiently explore the search space.
The Transformer encodes the historical subgraphs and predicts the probability of node
connections and the types of edges between nodes. The RL framework is employed to
fine-tune the network on unseen designs, facilitating the discovery of near-optimal circuit
architectures. Circuit Transformer [91, 92] proposes a sequential representation of circuits
based on recursive replacement of wildcard nodes. It encodes the contextual information
with a Transformer and employs Monte Carlo Tree Search (MCTS), which predicts the next
symbol in the logic formula. This method transforms a non-optimal AIG into an improved,
logically equivalent circuit. Boolformer [42] applies an embedding mechanism to map truth
tables into a limited-dimensional space, feeding these embeddings into a Transformer to
predict subsequent symbols in the circuit. SINE [161] brings symbolic regression into circuit
generation by employing a modified MCTS to search for the next logic expression. The
resulting expression is integrated with the current logic tree to construct the circuit. The
method in [184] develops an adaptive decision tree model to predict the next logic gate
in building the circuit. By learning from existing circuit structures, the decision tree can
guide the generation process. LayerDAG [90] proposes a layer diffusion model to generate
DAGs. This model systematically constructs the circuit layer by layer using an AR model,
ensuring the acyclic property essential for logical circuit functionality. To further improve
generation scalability, the method in [195] proposes a hierarchical conditional diffusion model
for synthesis, which decomposes the generation process into hierarchical stages to effectively
manage the structural complexity.

4 Boolean Circuit Analysis
The Boolean circuit analysis task primarily focuses on understanding the functional behavior
of the Boolean circuits and extracting key features. This involves not only examining how the
circuit processes inputs to produce outputs, but also delving into several critical areas, such as
QoR prediction, SAT solving, DFT checking, and security. This section reviews the ML methods
and applications in Boolean circuit analysis. Most of the ML methods apply GNNs in a supervised
manner for circuit modeling, as the circuits are naturally represented as graphs. Additionally,
traditional methods and other NNs are also applied in some tasks as the circuits can be represented
in images or syntactic structures. Table 2 provides a detailed summary of the ML techniques and
specific applications discussed in the following subsections.

4.1 Circuit Representation Learning
Circuit representation learning, which originates from graph representation learning, seeks to
obtain the representation embeddings of the circuit components (gates and graphs). This emerging
research field has significant potential for various applications in LS tasks.
The traditional representation approaches make use of the adjacency matrix or predefined

features (e.g., number of gates, edges, and levels, etc. ) to represent the circuits [70, 193]. Although
such methods may lose some structural information of the circuits, they tend to be acceptable
for simple tasks, such as serving as the state in an RL environment. However, for more complex
tasks such as SAT solving and DFT analysis, these simple representations are less effective. In
contrast, GNNs are then applied to extract features from the circuits to provide more informative
representations for these tasks [28]. According to the tasks and purposes, the circuit representation
learning methods are developed to perform various supervision tasks and downstream tasks.
Problem Statement. Let 𝐺 = (𝑉 , 𝐸, 𝑋 ) be the circuit graph, where 𝑉 is the node set, 𝐸 is the

directed edge set, and 𝑋 denotes the attributes of nodes and edges. The node embedding process
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Table 2. Summary of ML Techniques and Applications in Boolean Circuit Analysis.

Domain Task Technique Application Type

Circuit
Representation

Learning
(section 4.1)

Logic Probability Prediction

MPNN [88]
DAG-GNN [145]

SAT Sweeping
SAT Solver ML-Agent

RL [141],DQN [141],ANN [74] TPI ML-Agent

MPNN [8] Reverse Engineering ML-Agent

Transition Probability Prediction DAG-GNN [80, 81] Power Estimation
Testability Analysis ML-Agent

Structural Correlation Prediction DAG-GNN,Transformer [145, 146, 192] Circuit Classification ML-Agent

Node and Graph Classification GraphSAGE [168] Functional Reasoning ML-Agent

Contrastive Pair Comparison FGNN [158, 159] Circuit Classification
Subcircuit Classification ML-Agent

AIG Reconstruction GNN [52, 144, 166], LLM [166] QoR Prediction
Logic Equivalence Identification ML-Agent

SAT
(section 4.2)

SAT or UNSAT Prediction

Ridge Regression [170]
RF,DT,MLP,KNN,Bayes [40, 45]
RNN [20, 138],GNN [11, 142],MPNN [22, 138]
GAT [25, 26],Transformer [142]

SAT Solver ML-Agent

Unsatisfiable Core Prediction MLP[137],Transformer[142]
GNN[87, 142, 157, 178],RL[87] CDCL Solver ML-Assistance

Solver Statistic Prediction RNN [63],GNN [30, 188],RL [62] Solver Enhancement ML-Assistance

DFT
(section 4.3)

Fault Diagnosing Bayesian [72, 73],ANN [31] Scan Chain Design ML-Assistance

Test Point Selection MLP [105, 150],GCN [100, 163] LBIST ML-Assistance

Output Prediction ANN [131–133],PCA [131],GNN [190] ATPG ML-Assistance

Security
(section 4.4)

Structural Change Prediction Random Forest [24],GNN [140] Obfuscation Attack ML-Agent

Decryption Key Finding Genetic Algorithm [29],GNN [6–8, 69, 101] Logic Locking Attack ML-Agent

Leakage Detection GNN [41, 175] Defending ML-Agent

learns a mapping function 𝑓𝑣 : (𝑣𝑖 ,𝐺) → R𝑑 that encodes node 𝑣𝑖 into a 𝑑-dimensional vector.
This mapping is designed so that the similarity between nodes in the graph is preserved in the
embedding space. Similarly, graph embedding learns a mapping function 𝑓𝐺 : 𝐺 → R𝑑 that encodes
the entire graph𝐺 into a vector, ensuring that similarities between different graphs are maintained
within the embedding space. In the ML-Agent method, these circuit embedding vectors are then
processed by a decoder to accomplish the metrics prediction or other supervision and downstream
tasks. The flow of the circuits representation learning is shown in Fig. 4.
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Fig. 4. A general flow of circuit representation learning.

Circuit Embedding. GNNs are the most common architecture for this task. A GNN learns a
node embedding ℎ𝑖 by iteratively aggregating information from its neighbors N(𝑖) and combining
it with the node’s previous state. This general message-passing process is often formulated as:

ℎ𝑡+1𝑖 = 𝑓 (ℎ𝑡𝑖 , {ℎ𝑡𝑗 ,∀𝑗 ∈ N (𝑖)}) (5)

In matrix form, this update can be written as:

𝐻 𝑡+1 = 𝐹 (𝐻 𝑡 , 𝐴, 𝑋 ) (6)
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where 𝐻 𝑡 is the node embedding matrix at iteration 𝑡 , 𝑋 is the initial node feature matrix (derived
from 𝐺 ’s attributes), and 𝐴 is the adjacency matrix. After T iterations, the final embeddings are
used for further exploration.

Several popular GNN-based circuit embedding methods are presented below:
• GraphSAGE employs a sampling and aggregation strategy for inductive node embedding
[61]. It leverages node features, such as gate types and inverter connections [168], to capture
richer structural and functional information. In this approach, GraphSAGE learns a set of
aggregation functions that combine features from the local neighborhood of each node and
then propagates the aggregated information to the target node 𝑣𝑖 . Then the hidden state of
node 𝑣𝑖 at layer 𝑙 is updated as follows :

ℎ𝑙N(𝑖 ) = AGGREGATE𝑙 ({ℎ𝑙−1𝑗 |∀𝑗 ∈ N (𝑖)}) (7)

ℎ𝑙𝑖 = 𝜎 (W𝑙 · CONCAT(ℎ𝑙−1𝑖 , ℎ𝑙N(𝑖 ) )) (8)

where ℎ0𝑖 denotes the initial node attributes and AGGREGATE represents the differentiable
aggregator function. Common functions include mean aggregator, pooling aggregator, or
Multilayer Perceptrons (MLP)-based aggregator [61]. The subscript 𝑙 in AGGREGATE𝑙 signi-
fies that the differentiable aggregation function is specific to layer 𝑙 , as the model can learn
a distinct aggregator for each layer. N is the neighborhood function (typically the set of
1-hop topological neighbors [168]),W𝑙 denotes the weight matrices, and 𝜎 is a non-linear
activation function. After 𝐿 layers of propagation, the embedding of each node encodes both
structural and functional information from its neighborhood.

• DeepGate employs the Message Passing Neural Network (MPNN) architecture [53], inte-
grated with DAG-GNN [153] to capture both functional and structural information of the
circuits, which performs the message propagation in a topological order between nodes
and only considers the predecessors in the AGGREGATE operation. Furthermore, Deepgate
applies the same model recurrently for 𝑇 times to generate the final embedding, as described
by

ℎ𝑙𝑖 = COMBINE𝑙 (ℎ𝑙−1𝑖 ,AGGREGATE𝑙 ({ℎ𝑙𝑗 |∀ 𝑗 ∈ P(𝑖 ) } ) ) (9)

ℎ𝑡𝑖 = COMBINE(ℎ𝑡−1𝑖 ,AGGREGATE({ℎ𝑡𝑗 |∀ 𝑗 ∈ P(𝑖 ) } ) ) (10)

where P(𝑖) denotes the set of predecessor nodes (direct fan-ins) of node 𝑖 . The COMBINE
(or layer-specific COMBINE𝑙 ) function is a differentiable update function that merges the
node’s previous state with the newly aggregated message from its predecessors.The major
difference between Eq. 7 and Eq. 9 is that in DAG-GNN, the aggregation for node 𝑣𝑖 will be
only executed after all of its predecessor hidden states have already been computed. Moreover,
DeepGate incorporates an attention-based aggregation mechanism [156] and employs a Gated
Recurrent Unit (GRU) [185] as the update function, which are formulated by

𝑚𝑡
𝑖 =

∑︁
𝑗 ∈P(𝑖 )

𝛼𝑡𝑖 𝑗ℎ
𝑡
𝑗 where 𝛼𝑡𝑖 𝑗 = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥

𝑗 ∈P(𝑖 )
(𝑤⊤

1 ℎ
𝑡−1
𝑖 + 𝑤⊤

2 ℎ
𝑡
𝑗 ) (11)

ℎ𝑡𝑖 =𝐺𝑅𝑈 ( [𝑚𝑡
𝑖 , 𝑥𝑖 ], ℎ𝑡−1𝑖 ) (12)

where𝑤1 and𝑤2 are learnable weight vectors of the attention mechanism, 𝑡 represents the
current recurrent iteration step, 𝛼𝑡𝑖 𝑗 denotes the attention coefficient,𝑚𝑡

𝑖 is the aggregated
message and 𝑥𝑖 is the initial feature. By introducing attention and the GRU mechanism,
Deepgate effectively captures context-aware features and accelerates the convergence of the
training process.
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• FGNN aims to distinguish functionally equivalent and inequivalent netlists via CL [159].
Similar to general circuit representation learning, netlist representation is also built upon the
DAG-GNN architecture to generate embeddings. The key innovation of FGNN is the design
of its CL loss function. Positive samples are generated by applying the Boolean equivalent but
topologically distinct transformations to subnetlists. This procedure ensures the functional
behavior remains consistent while the structural form changes, making the contrastive
objective clear and explicit. Negative samples are the netlists with different functionality
and are much more than the positive samples. To encourage the model to learn functionally
discriminative features, a contrastive loss is used to minimize the feature distance between
positive pairs while maximizing the distance between negative examples. The loss is defined
as:

𝐿 =
1
𝑁

𝑁∑︁
𝑛=1

𝑙1,2 (𝑛) + 𝑙2,1 (𝑛), where (13)

𝑙𝑖,𝑗 (𝑛) = − log
exp(CST(ℎ𝑛,𝑖 , ℎ𝑛,𝑗 ) )

𝑁∑
𝑢=1,𝑢≠𝑛

CST(ℎ𝑛,𝑖 , ℎ𝑢,𝑖 ) +
𝑁∑
𝑢=1

CST(ℎ𝑛,𝑖 , ℎ𝑢,𝑗 )
(14)

CST(ℎ𝑛,𝑖 , ℎ𝑛,𝑗 ) =
ℎ⊤𝑛,𝑖ℎ𝑛,𝑗

| |ℎ𝑛,𝑖 | | | |ℎ𝑛,𝑗 | | · 𝜏
(15)

whereℎ𝑛,𝑖 denotes the embedding of the 𝑖-th augmentation of𝑛-th netlist, and CST represents
the cosine similarity between two embeddings scaled by a temperature parameter 𝜏 . The CL
framework [159] generates one positive pair of augmented netlists (ℎ𝑛,1, ℎ𝑛,2) per sample 𝑛.
Eq. 13 thus calculates the average symmetric loss (𝑙1,2 + 𝑙2,1) for all 𝑁 pairs in the mini-batch.

Supervision Tasks and Downstream Tasks. Although GNN can generate feature embeddings
for circuits, these embeddings differ significantly according to different tasks. The supervision tasks
are specifically designed to help GNNs develop a deeper understanding of the circuit functionality
and structure by deciding their convergence directions and the generalization ability according to
the specific task. In contrast, downstream tasks, while ideally correlated with these supervision tasks,
are challenging to integrate directly into the model training process. Furthermore, downstream
tasks are more closely aligned with the LS flow, including applications such as SAT solving, DFT
analysis, and other tasks.
The supervision tasks involve predicting circuit behavior, assessing performance metrics, or

comparing circuits against negative samples. Here are some examples:
• Truth Table-based Functionality Prediction. DeepGate [88] first proposes the logic
probability prediction task, which estimates the probability of being logic ‘1’ for every node.
Based on this, DeepGate2 [145] evaluates the logic discrepancies of node pairs by comparing
the predicted truth tables.

• Transition Probability Prediction. DeepSeq [80] introduces the prediction of transition
probability, which is the frequency of the node signal 0 → 1 and 1 → 0 transition. DeepSeq2
[81] employs the pairwise Flip-Flop (FF) similarity, which assesses the occurrence of identical
state transitions for FF pairs under the same input conditions.

• Structural Correlation. DeepGate2 [145] also proposes a loss function to indicate whether
a node pair has a common predecessor to embrace structural information. In DeepGate3
[146], metrics such as graph edit distance, logic levels, pair-wise connections, and more are
computed for loss convergence.

• Node and Graph Classification. Gamora [168] classifies the nodes by their functionality,
such as XOR, MAJ, etc. ConVERTS [32] and the method in [50] use the functional similarities
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of circuits as supervision. Then ConVERTS [32] utilizes the clustering method to classify the
representative embeddings into different classes.

• AIG Reconstruction.MGVGA [166] applies a masked autoencoder and selectively obscures
portions of the graph, such as node features or edges, through a masking operation. The
AIG reconstruction is achieved by the prediction of gate types and gate-level degrees. In
addition, GNP [52] predicts the reconstructed adjusted adjacency matrix, and DeepCell
[144] reconstructs the masked netlist by predicting the logic-1 probability and functional
similarities.

• Contrastive Pairs Comparison. FGNN [159] designs some Boolean equivalent pairs manu-
ally in the dataset and compares the similarities of these pairs. FGNN2 [158] also compares
pairs, but specifically compares the similarity of their corresponding truth table vectors. Both
tasks are unsupervised without labeled data.

Downstream tasks aim to utilize the representation models to enhance performance in specific
applications, including:

• SAT Sweeping. DeepGate2 [145] integrates the model into the SAT sweeper to guide the
equivalence class selection task, and a SAT solver to solve the instances from the logic
equivalence checking task.

• SAT Solving. DeepSAT [89] formulates SAT solving as a conditional generative proce-
dure constructs more informative supervisions with simulated logic probabilities. The logic
probability of PO is approximated to solve the SAT problem.

• QoR Prediction. The DeepSeq family [80, 81] employs the dynamic power estimation for
sequential circuits as the prediction problem. Circuit-GNN [173] employs routing congestion
prediction and net wirelength prediction in placement as downstream tasks. GNP [52] predicts
the QoR as the downstream task.

• DFT. The method in [74] presents an ANN to predict the logic probability and applies the
ANN to test point insertion (TPI) to improve fault coverage. DeepTPI [141] formulates the
TPI as an RL problem and finds the optimal test point via the combination of a trained deep
Q-learning network and the DeepGate model.

• Reverse Engineering. The method in [66] learns the representation of circuits to predict
the boundary of arithmetic blocks in the circuit. The method in [189] detects functional
operators and applies reverse engineering on the netlist to generate the original RTL. Gamora
[168] takes the node classification as supervision and couples the classification result into
the symbolic reasoning task.

• Technology Mapping. DeepCell[144] integrates multiview information from both AIGs
and Post-Mapping netlists. It is primarily used to enhance the efficiency and performance of
two critical EDA tasks: functional Engineering Change Orders (ECOs) and TM.

However, in addition to utilizing circuit representation learning methods to accomplish these
downstream tasks, researchers have developed some unique ML-based methods for each task. Some
are ML-Agent methods that directly supervise the required metrics, and others are ML-Assistance
methods that use statistics produced by traditional algorithms as supervision. In the following
sections, we will briefly review the ML methods and applications in different tasks.

4.2 Boolean Satisfiability
The Boolean SAT problem is reviewed here because its solvers serve as a core computational
engine for many LS tasks, including equivalence checking, SAT sweeping, and SAT-based exact
synthesis. The Boolean SAT problem asks: Given a Boolean formula, does there exist an assignment
to each variable such that the formula is TRUE? The LS technology can be applied to the SAT solver
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by reconstructing the instances to improve the internal structure and logical representation of
the circuits, transforming the original SAT into a more easily solvable version. Additionally, ML
methods provide attractive solutions to SAT problems, as surveyed in [57, 68].
The standalone ML-based SAT solvers can predict the SAT and decode assignments with end-

to-end deep learning models solely. NeuroSAT[138] is a pioneering model that first introduces
learning an SAT solver from single-bit supervision and utilizing both RNN and GNN to process the
CNF formula for SAT classification, but it leads to failure because of the dataset imbalance [30].
By modeling SAT formulas as literal-clause graphs and employing MPNNs, NeuroSAT effectively
captures structural relationships within SAT formulas. However, its scalability diminishes notably
when applied to larger and more complex problem instances. Similar works that give the direct
prediction or the indirect probability for SAT problem include [11, 22, 25, 26, 142]. Furthermore,
Query-SAT [118] introduced a query mechanism and unsupervised loss functions, enabling itera-
tive refinement of SAT-solving strategies by reducing the search space and enhancing reasoning
efficiency. These studies provide insights into the strengths and limitations of GNNs in SAT-solving,
paving the way for future advancements in the field.

On the other hand, ML-Assistance methods that combine ML models with modern SAT solvers
have also emerged as a promising research direction. These methods improve traditional SAT solvers
by leveraging NN predictions to develop heuristics, significantly enhancing the performance of
Conflict-Driven Clause Learning (CDCL) solvers and local search algorithms [103]. For instance,
NeuroCore [137] predicts unsatisfiable cores, enabling periodic adjustments to variable activity
scores in CDCL solvers to prioritize challenging instances. Graph-Q-SAT [87] combines RL with
GNNs to optimize branching decisions in SAT solvers. By learning effective branching heuristics,
Graph-Q-SAT reduces the number of iterations required to solve SAT instances, thereby improving
solver efficiency. Similarly, the method in [178] trains a GNN with RL to learn a local-search
heuristic that finds a solution by flipping a single variable in each step. The GVE algorithm integrates
glue variable elimination with graph learning to simplify formulas and enhance efficiency [157].
Learning cubing heuristics from DRAT proofs improves variable selection in the cube-and-conquer
framework [63]. It is also theoretically shown that GNN can learn to mimic the WalkSAT algorithm
[30]. Additionally, learned heuristics improve local search methods by refining diversification and
intensification strategies, enabling solvers to tackle more complex SAT instances [178, 186]. These
approaches broaden the adaptability of traditional solvers, enabling them to handle a wider variety
of SAT challenges.

It is worth noting that although ML-Agent and ML-Assistance methods show improvements in
search efficiency and effectiveness, these methods fall short in applicability to industrial production
of large instances and suffer from high computational cost. Moreover, the intrinsic explainability
problem of NNs challenges the trust and safety, which requires additional proof and verification.

4.3 Design For Testability
The DFT technique refers to the set of design techniques and methodologies integrated into the
LS process so that the final design is more amenable to testing. The techniques during DFT in LS
include: scan chain design, Logic Built-In Self-Test (LBIST) [47], Automatic Test Pattern Generation
(ATPG), etc. A detailed survey of ML in DFT can be found in [134]. Here, we list some ML-based
works in DFT of the circuits.

Scan Chain Design. A scan chain is a “shiftable” chain formed by concatenating registers of
signal “0, 1, 𝑋 ” in a specific order, used to inject test data into circuits and read responses to test
whether the internal logic is normal. The methods in [72, 73] introduce Bayesian learning in an
unsupervised manner for identifying faulty scan cells, which shows positive results in diagnosing
designs containing intermittent faults. Another work proposes an Artificial Neural Network (ANN)
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in a supervised manner to diagnose faults in the scan chain by inputting the fault features and
directly outputting the scan cells [31].

LBIST and TPI. To improve the fault coverage of LBIST, TPI techniques find high-quality TPs to
improve fault coverage or reduce test vector count. The method in [105, 150] uses a fully-connected
NN to evaluate the impact of control-0 and control-1, and predicts the impact of TPs on the stuck-
at-fault coverage for pseudo-random stimulus, which improves the fault coverage and significantly
reduces TPI time. The method in [100] uses a Graph Convolutional Network (GCN) to classify
signal nodes as either easy-to-observe or difficult-to-observe. The method predicts the observation
of TPI for each node and its neighbors, improving the TPI efficiency. The method in [151] proves
that increasing the NN complexity can improve the LBIST performance with higher fault coverage
and fewer test points while reducing the computation time. The method in [163] uses GCN trained
with RL to identify the optimal combination of test points that maximizes the random testability of
large-scale logic circuits.
ATPG. The application of ML in ATPG is related to the heuristic part of the ATPG algorithm

[134]. All programmed algorithms have used heuristics to speed up the search, and ML techniques
can accelerate the generation process. The method in [131] uses an ANN and PCA to distill circuit
topological information and testability to guide the heuristic search. Methods in [132, 133] supervise
circuit data to enhance ATPG and reduce backtracks by replacing conventional heuristics to decide
backtracing direction using an NN trained with data on hard-to-detect faults. The method in [190]
introduces a GNN-based autoencoder to predict hard-to-detect faults in ATPG preprocessing.

4.4 Security
Circuit security mainly refers to protecting circuit designs and hardware Intellectual Property (IP)
from the risk of unauthorized copying, theft, or overproduction. Common protection measures
include logic locking and obfuscation. Most existing ML-based works are more interested in
attacking the circuits, and only a few works focus on providing a defense to secure their ICs.
For obfuscation attacks, SAIL [24] utilizes a random forest ML model to retrieve the design

of obfuscated circuits and predict the transformations in circuit topology made by obfuscation
methods. CUTSAIL [140] applies the GNN on the adjacency matrices of circuits to predict their
functionality and the missing 𝑘-cut parts of the obfuscated circuits. UNTANGLE [5] formulates the
key-extraction task as a link prediction problem and trains a GNN to predict the links that can be
used for attacking the obfuscating blocks.

For logic locking attacks, GALU [29] first introduces the Genetic Algorithm (GA)-based logic
unlocking attack by gradually searching the decryption key in the key space. OMLA [7] employs the
GNN-based subgraph classification to find the key-bit values of the key gates to attack logic locking.
MuxLink [6] extracts structural and functional hints from the subgraph and uses GNN to perform
binary classification on the extracted subgraph to predict the correct links. The method in INSIGHT
[101] introduces an explainability-guided GNN attacker that recovers secret keys from existing
locking techniques. The method in [69] formulates the logic de-camouflaging problem as the node
classification problem and proposes a GNN that aggregates features from fan-in and fan-out nodes
to classify the camouflaged nodes. The method in [8] focuses on reverse engineering, which refers
to identifying different parts of circuits with the intent of duplicating them. By leveraging the GNN,
the method can convert circuits back to different modules, such as adders, multipliers, control logic,
etc.
For defending these attacks, Flip-Lock [41] first develops its own ML-based analysis tool to

identify potential structural leakages near FFs. In addition, it uses this trained ML model within
its design flow to evaluate and strengthen the resilience of the final Flip-lock design, ensuring the
attacker’s accuracy is reduced to near random guessing. GNN4IP [175] proposes a GNN-based IP
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piracy detection technique that evaluates the similarity between two circuits to identify the pirated
circuit.

5 Logic Optimization
The AIG has become a cornerstone in LO, largely due to its common implementation using struc-
tural hashing [108]. This technique ensures that identical logic subgraphs are uniquely represented
and reused automatically. This automation simplifies algorithm development by minimizing the
need for manual tuning or trial-and-error within algorithms to find and merge redundant logic.
Additionally, reductions in AIG node count and logic levels provide a clear, quantitative measure-
ment of improvement. This metric aligns well with both standard-cell and Field-Programmable
Gate Array (FPGA) mappers, which typically use AIGs or similar graph structures [107]. AIG also
supports a variety of structural optimizations, such as rewriting, balancing, and refactoring.

Given a Boolean network, designers must arrange these subgraph heuristics in a carefully chosen
sequence to achieve the best overall results. The process is a complex sequential decision-making
task in which these optimization algorithms interact with each other to produce an optimized
gate-level implementation.

Researchers traditionally rely on years of synthesis experience to craft effective transformation
sequences for new IPs. However, as designs grow in complexity, manual adjustments are increasingly
too slow and inefficient to generate optimal netlists. ML-based approaches are emerging to automate
and accelerate this process. Key ML tasks in LO include:

• QoR Prediction. The foundational ML task is to estimate the QoR for a given design and
recipe. This capability not only speeds up evaluation but also supports other ML research
efforts. Variants include predicting QoR for: (a) Seen IPs with unseen recipes, (b) unseen IPs
with seen recipes, and (c) unseen IPs with unseen recipes [34].

• Boolean Representation Classification. Different optimizations are most effective on
specific graph representations (e.g., AIG, MIG, XMG). Classifying which representation best
suits a subcircuit enables the selection of the most appropriate optimization algorithms,
improving the final QoR [110].

• Recipe Exploration. One roadmap formulates recipe search as an MDP, where the future
AIG depends on the current AIG (state) and synthesis transformation (action). RL agents
sequentially generate recipes to maximize QoR. An alternative roadmap is the Design Space
Exploration (DSE) approach, which evaluates the recipes holistically, often via heuristic
sampling or evolutionary strategies [56, 59].

• Algorithm Improvement. Since traditional heuristics cannot guarantee optimality, ML
models are integrated directly into synthesis algorithms, either to guide heuristic choices or
to propose entirely new transformations [121].

In the following sections, we will introduce ML methods and applications for each task.
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5.1 QoR Prediction
Determining the optimal synthesis recipes in LO is a complex challenge. Empirical observations
indicate that no single synthesis strategy performs optimally across all IPs. Because each synthesis
run can be computationally expensive, accurately predicting the QoR for a given IP-recipe pair
helps designers quickly identify the most promising strategies. For example, using the normalized
number of AIG nodes remaining after synthesis as the QoR metric provides a clear, quantitative
basis for comparing different recipes.

Beyond its direct value, QoR prediction can support many other tasks in LS. In recipe exploration,
predicted QoR scores can guide the search process, either by getting quicker rewards back for the
agents or by ranking candidate recipes in advance in DSE. While traditional synthesis tools can
estimate QoR, ML models offer far greater efficiency.

Most state-of-the-art works encode circuit structure and recipe sequences separately, usually use
graph neural networks for the former and sequence models for the latter, and then jointly predict
the expected QoR for any unseen recipe–IP combination. A general process for QoR prediction is
illustrated in Fig. 5.

Problem Statement. Let𝐺 = (𝑉 , 𝐸, 𝑋 ) denote the circuit graph and𝑂 = {𝑜1, 𝑜2, · · · , 𝑜𝑛} denote
the set of available subgraph transformations.A recipe 𝑟 is an ordered sequence of operations drawn
from𝑂 . Given a circuit𝐺 and a recipe 𝑟 , the TM stage produces a mapped netlist on which the QoR
can be measured by standard EDA tools. We denote the measured QoR by 𝑦 = QoR(𝐺, 𝑟 ), which
serves as the ground truth label during model training. In the inference phase, the goal is to predict
𝑦 from the pair (𝐺, 𝑟 ), enabling rapid estimation of QoR without performing full synthesis.

Formally, the QoR prediction task is to learn a mapping function 𝑓 that takes a circuit-recipe
pair (𝐺𝑖 , 𝑟 𝑗 ) as input and outputs a numerical value 𝑦𝑖 𝑗 , which represents the predicted QoR. We
train 𝑓 by minimizing a loss function, such as the common Mean Squared Error (MSE), between
predictions and ground truth:

𝑦𝑖 𝑗 = 𝑓 (𝐺𝑖 , 𝑟 𝑗 ) (16)

𝑙𝑜𝑠𝑠 =
∑︁
𝑖

∑︁
𝑗

(𝑦𝑖 𝑗 − 𝑦𝑖 𝑗 )2 (17)

In this way, 𝑓 learns to approximate the expensive synthesis process, providing fast and accurate
QoR estimates for unseen circuits and recipes.

Methodology. Most QoR prediction methods adopt an encoder–predictor pipeline comprising
four key components: a graph encoder, a recipe encoder, a fusion mechanism, and a predictor.

• Graph Encoder. For the AIG encoder, GNNs (as generally defined in Section 4.1, Eqs. 5 and
6) are a widely used architecture. The GNN variants frequently employed in QoR prediction
include the GCN [82] and the Graph Isomorphism Network (GIN) [169]. These models
represent different design trade-offs: GCN is often valued as an efficient and simple baseline,
while GIN is chosen for its maximum theoretical expressive power. The GCN [82] architecture
provides a localized first-order approximation of spectral graph convolutions with a layer-
specific trainable weight matrix that performs the feature transformation. Conversely, GIN
[169] is designed to be as powerful as the Weisfeiler-Lehman graph isomorphism test.

• Recipe Encoder. Recipes are the ordered sequences of subgraph transformations. These
transformations can be naturally represented as one-hot vectors since they are discrete and
uncorrelated. Therefore, the recipes can be encoded numerically by one-hot matrices. These
matrices are then projected into a dense embedding space via a learnable weight matrix. To
capture sequential patterns, the embedded recipe can be processed by: (1) 1D convolution
layers [34], (2) Recurrent Networks such as Long Short-Term Memory (LSTM) [167], or (3)
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Transformer encoders [171]. Furthermore, alternative encodings, such as randomly initialized
embeddings or heuristic-based vectors, have also been explored.

• Fusion Mechanism. A straightforward fusion is to concatenate the graph and recipe embed-
dings. However, simple concatenation may underutilize cross-modal interactions, especially
when embedding dimensions differ [149]. To better capture complex, non-linear relationships
between graph embeddings and recipe embeddings, more advanced fusion strategies are used:
(1) graph pooling [46] can harmonize embedding sizes before fusion, (2) attention mechanism
[77, 171] can learn to weight graph versus recipe features dynamically, or (3) hybrid model
interaction [167], to better comprehend the complementary information between circuits
and recipes.

• Predictor. Finally, the fused embedding is decoded to a QoR estimate. Common predictors
include: (1) MLPs are the simple and efficient decoders for regression, (2) the Transformer
decoder is used when leveraging cross-attention between graph and recipe embeddings, and
(3) Binary Classifiers [180] predict whether the recipe is good or bad for a given circuit rather
than producing a numerical score.

Table 3. Summary of ML Methods in QoR Prediction.

Method Input Technique Predicted QoR Highlight

OpenABC-D[34] AIG + Recipe GCN Area & Delay Public dataset

[181] Recipe LSTM Area & Delay Transfer learning on physical design

GRANNITE[187] Netlist + Feature data MP-GNN Power GPU acceleration

LOSTIN[167] Circuit + Recipe GNN + LSTM Area & Delay Exploiting spatio-temporal info
GNN with supernode

[171] Circuit + Recipe GNN + Transformer Area & Delay Applying Transformer to extract feature from recipes
Experiments on various methods

Bulls-Eye[12] AIG + Recipe GCN + 1D-CNN #Nodes & Area Few-shot learning

LSOformer[77] AIG + Recipe set GCN + Transformer Trajectory of Area & Delay Cross-attention fusion of graph and recipe embeddings

LSTP[191] AIG + Recipe GNN + Transformer Delay RTL-analyzer

AiLO[21] AIG + Recipe GNN + Transformer Area & Delay Multi-scale cross-attention fusion; Ranking preservation

CongestionNet[83], CeConP[15] Netlist
Node centrality, Cell feature[15] GAT Congestion Prediction of physical metrics

[71] Netlist Decision Tree Delay Guiding optimizations in earlier logic synthesis

Representative Works. Recently, there has been a considerable amount of work on the QoR
prediction tasks. Here we survey some of the representative works, as listed in Table 3. OpenABC-D
[34] employs the GCN layer on each node’s embeddings and aggregates them by both max and
mean readout functions to get the graph embeddings. It also experiments on the three variants of
the tasks and provides a baseline for research. The method in [181] proposes an LSTM regression
architecture to encode the recipe as a time-ordered sequence of optimizations, regressing directly
to the QoR. Moreover, it shows the cross-design transfer learning by pretraining on large data
and fine-tuning on small data. GRANNITE [187] introduces a GNN-based power estimation model
whose key feature is transferability. After training on one set of designs, it can directly infer the
average power of new, unseen netlists without retraining, thereby accelerating power analysis
flows that traditionally require days of simulation. LOSTIN [167] jointly encodes the netlist with a
GNN (spatial) and the recipe with an LSTM (temporal), then concatenates the spatial and temporal
embeddings for QoR prediction. In order to learn the “spatial information” of AIG graphs, this article
explicitly explores GCN and GIN as architectural options for its GNN components. In addition, the
recipes are embedded into a supernode and added to the circuit for better fusion. The method in
[171] combines a GNN with a Transformer under a joint learning policy to establish the correlation
between the circuit structure and the recipe language feature. Similarly, AiLO[21] introduces a
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Table 4. Comparison of ML Methods in QoR Prediction and Their Practical Utility Analysis

Core ML Method Reported Metrics Practical Utility Analysis

Concatenating AIG (GCN) + recipe (1D-CNN)
encodings for prediction [34]. MSE = 0.536 ±0.03 on unseen IP-recipe. Providing a baseline model allowing for basic screening.

Model fine-tuning using transfer learning (14 nm
→ 7 nm) [181].

MAPE ≤ 3.7% on unseen recipe and
library.

Highly practical. Designers can run a few recipes to
fine-tune an accurate screener.

Concatenating spatial and temporal encoders for
prediction [167]. MAPE ≤ 3.1% on unseen designs. Providing accurate, “off-the-shelf” recipe screener

without re-training.

Concatenating AIG (GCN) + recipe (Transformer)
encodings [171].
[77] applies cross-attention for fusion.

MAE = 0.412 on unseen circuit-recipe
[171].
MAPE: 4.35%-17.06% improvement on
unseen circuit [77].

The Transformer can use long-range dependencies to
find complex, non-linear “good” recipes.

Few-Shot Active Learning for model fine-tuning
[12].

Generating recipes of 95% quality on
unseen designs with a 2x-30x speedup.

Operating within a limited budget by running “most
informative” recipes to rapidly find solutions.

Multi-scale cross-attention mechanism to fuse
graph and recipe embeddings [21].

Top-10% ranking accuracy: 40.46%;
Avg. improvement 42.5%

High ranking fidelity. The model prioritizes maintaining
the relative order of recipes.

predictive framework utilizing a multi-scale cross-attention Transformer to effectively capture long-
range dependencies and structural features for accurate QoR prediction. Bulls-Eye [12] employs
few-shot transfer learning and active sampling to adapt QoR prediction models to unseen IPs with
minimal additional data. The method also makes experiments on different combinations of circuit
encoders and recipe encoders, showing that the combination of GraphSAGE and Transformer gives
the best results. LSOformer [77] applies the level-wise pooling to convert the DAG to the circuit
embeddings and then applies the cross-attention fusion for circuit and recipe embeddings, followed
by a Transformer decoder to predict the trajectory of QoRs. LSTP [191] introduces a hierarchical
cone sampling strategy and a specialized GNN to learn the intrinsic features of AIG. Methods in
[15, 83] apply GAT on gate-level netlists to predict the routing congestion in physical design before
placement. Similarly, the method in [71] utilizes a gradient boosting decision tree [79] to predict
the post-technology-mapping delay based on pre-mapped gate-level netlists, allowing it to guide
optimizations in earlier synthesis.
To provide a clearer comparative analysis for the specific task of recipe screening, Table 4

provides the practical utility of each architectural approach, which highlights the characteristics
that a designer must consider when selecting a model to efficiently find high-quality synthesis
recipes.

5.2 Boolean Representation Classification
The motivation for Boolean representation classification arises from both the divide-and-conquer
strategy and the TM stage, in which each 𝑘-bounded subgraph of the circuit is sequentially matched
to a physical cell. Because different optimizations perform best on different graph representations,
it becomes advantageous to partition the circuit into subgraphs and select the most suitable Boolean
representation for each one. Concretely, this task seeks to learn a classifier that, given a subgraph
extracted from the circuit, predicts which representation, such as AIG, MIG, or XMG, will produce
the highest QoR under each synthesis recipe.

Problem Statement. Given a Boolean network represented as a DAG, the first step is to decom-
pose the DAG into smaller subnetworks (partitions). Each partition is handled as a separate module
and should determine the most appropriate Boolean representation. Then, the best synthesis recipes
suited to the predicted representation are applied to each partition to perform local optimizations
independently. After that, partitions are merged back into the original DAG structure and ensure
the functional correctness of the recomposed circuit. This process flow is illustrated in Fig. 6.
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Fig. 6. Flow of Boolean classification process.

Methodology. Similar to the QoR prediction problem, Boolean representation classification
also relies on informative graph embeddings. However, models trained on full circuits cannot be
directly applied to subgraphs due to structural and functional domain gaps. Some recent methods
address this challenge.
In LSOracle [110], each partitioned subcircuit is small enough to be represented as a moderate

Karnaugh map [78], where the input combinations that evaluate the function to logic true are grey
pixels, while input combinations that evaluate the function to logic false are denoted by black
pixels. Then this image is fed into an MLP trained to predict the optimal Boolean representation
(e.g., AIG and MIG). By converting Boolean functions into a visual format, LSOracle bridges the gap
between circuit structure and learnable features. In HeLO [124], the partitioned circuits are encoded
via a GNN to generate embedding vectors that capture local topology. Then these embeddings
are agglomeratively clustered in the feature space. Each cluster corresponds to a recommended
Boolean representation, as determined by cluster centroids and GNN predictions. For very small
partitions, the clustering process excludes them and instead receives a default or independently
learned optimization flow.

5.3 Recipe Exploration
The exploration of synthesis recipes can be broadly categorized into two paradigms based on
the underlying generation patterns: (1) Sequential Generation via RL. This approach models the
recipe exploration as an MDP, where an RL agent builds a recipe step-by-step. At each step, the
agent selects the next transformation based on a reward signal reflecting the current QoR. This
MDP allows dynamic adjustments, enabling adaptive refinement of the synthesis strategy. (2)
Holistic Exploration via DSE. In contrast, DSE methods take a comprehensive view of the entire
synthesis recipe space. Instead of sequential construction, DSE systematically evaluates diverse
transformation combinations, often using heuristics or sampling. This method aims to identify
promising recipes across possibilities, potentially uncovering high-performing solutions missed by
sequential approaches. Both paradigms offer distinct advantages. RL-based sequential generation
excels at adaptive fine-tuning using immediate performance feedback, while DSE provides a broader
search that can reveal novel and effective strategies across the solution space.
Problem Statement. Given an AIG representing Boolean functionalities, the problem is to

determine the sequence of optimization steps that yields a functionally equivalent AIG with optimal
characteristics (e.g., minimal size or depth). The timing complexity of the problem is

∑2
𝑝 -Hard [34].

RL Methods. To apply the RL framework for recipe exploration in LO, the task is formulated as
an MDP problem. The core components of this MDP are:

• State: A state 𝑠 consists of the statistical information from the current Boolean circuit and other
useful information from the history experience, to represent the feature of the environment
at a specific timestep
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• Action: An action 𝑎 performs a synthesis optimization provided in the synthesis tool and
changes the status of the DAG. The action space is a set of valid actions that can be taken for
the Boolean circuit.

• Reward: After finishing the action, the environment will reach the new state, and give the
reward to the agent as the feedback. The reward 𝑟 is defined to indicate the improvement on
the final objective.

• State transition: The process of moving from one state to another is called transition. The
transition probability describes the probability distribution over the next states.

The RL agent sequentially executes an action at a time. This process is shown as:

𝑠0
𝑎0−→ 𝑠1

𝑎1−→ · · · 𝑠𝑛−1
𝑎𝑛−1−→ 𝑠𝑛 (18)

where 𝑠0 refers to the state of original Boolean network, 𝑠𝑖 refers to the 𝑖−th step of the circuit state.
Given an action 𝑎𝑖 , the agent will interact with the LS environment and observe the reward.

During the process of exploring the environment, the agent interacts with the environment in a
continuous way until reaching the terminal state. The interaction experience from the initial state
to the terminal state constitutes the trajectory in an episode. For a single episode, the series of
chosen actions performed by the agent constitutes a synthesis script.
Based on the modeling of the synthesis tasks, the learning framework for exploring the design

space of LS is presented in Fig. 7. The framework combines two major parts: the RL agent and the
LO environment. For the LO environment, the Boolean network, technology library, and design
constraint are used as inputs and sent into the LS tool, such as ABC [19]. The next state and reward
are then sent back to the RL agent. For the RL agent, the state and reward are used to guide the
training process of the neural network, which outputs the next action based on a value-based or
policy-based strategy.
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Fig. 7. The RL framework of the recipe exploration task.

The basic principle of the agent is to learn a policy that maximizes the expected long-term
reward. This long-term reward, formally known as the return 𝑅𝑡 at a given time step 𝑡 , is defined
as the total discounted accumulated reward from that step until the end of the episode at step 𝑛. It
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Table 5. RL vs. DSE Comparison

Evaluation Metric RL DSE

Core Paradigm Sequential decision-making. Holistic black-box optimization.

Sample Efficiency Low. Requiring expensive synthesis tool calls at each step. High. Using a surrogate model to minimize expensive tool
calls.

Reward Handling Relying on dense rewards. Designed for sparse rewards.

Branching Factor Effective for manageable, discrete action spaces. Struggling with a large branching factor.

Parameterized
Operators Difficulty with hybrid or continuous spaces. Well-suited for continuous or mixed spaces.

Tool Runtime Viable if “runtime-per-step” is cheap. Viable if “runtime-per-evaluation” is expensive.

Generalizability Classic RL has poor generalizability, while offline RL or
pre-training can achieve great generalizability.

None. It is an inherent “per-design” optimizer; the model is
not reusable.

Scalability Bottleneck Limited by GNN difficulty in circuit size. Limited by search space dimension.

Multi-Objective
Handling Optimizing a single reward or the weighted sum. Natively designed for multi-objective.

*Note: The discussions in the table refer to representative methods such as DRiLLS (RL) [70] and BOiLS (DSE) [56].

is expressed as:

𝑅𝑡 =

𝑛∑︁
𝑖=𝑡

𝑑𝑖−𝑡𝑟𝑖 (19)

where 𝑟𝑖 is the immediate reward received at step 𝑖 , 𝑛 is the terminal step of the episode, and 𝑑 is
the discount factor (𝑑 ∈ (0, 1]) that balances the importance of immediate versus future rewards.
DSE Methods. In contrast to the state-dependent, sequential construction paradigm of RL,

the DSE methods treat LO as a black-box evaluation problem. Here, the entire synthesis recipe
is the atomic unit of optimization, not the individual actions. These search methods operate on
a high-level search space A𝐿 , where 𝐿 is the length of the recipe and A is the set of possible
operations. The similarity of different recipes is calculated by a kernel function for the search
strategy to decide the search directions.
The DSE process iteratively proposes a new holistic sequence based on the QoR scores of

previously evaluated sequences. The key components are:
• Search Algorithm. The search algorithm includes: (1) Bayesian Optimization (BO) [51, 56],
(2) MCTS [33, 122], (3) GA, (4) Random search, (5) Simulated Annealing (SA), and even (6)
Neural Networks [39].

• Design Point. The design point is the recipe vector in the feature space, as well as the specific
function/algorithm with an equivalent and potentially more efficient variant, such as the NN
encoding.

• Evaluation. The evaluation can be performed by LS tools or alternatively, using estimators or
ML predictors to produce cost metrics such as QoR.

RL vs. DSE Comparison.While both RL and DSE aim to find an optimal synthesis recipe, their
exploration mechanics, computational costs, and application scenarios are fundamentally different.
RL typically models the task as an MDP, learning a policy through trial and error to construct
a recipe sequentially. DSE treats the entire recipe as a single “black-box” input and attempts to
find the global optimum in the fewest evaluations possible by learning a surrogate model. We
summarize the direct comparison and ideal scenarios for these two approaches in Table 5.
Representative Works. The earliest RL approach in LS was proposed by [59], which applies

the GCN to MIGs to predict the probabilities for each available action (subgraph algorithm) to
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apply. DRiLLS [70] introduces the Advantage Actor-Critic (A2C) method on exploration. DRiLLS
characterizes the AIG features (e.g., counts of primary I/Os, nodes, edges, levels, and percentages
of AND/NOT gates) specifically as the state vector for the A2C agent. The custom AIG feature
representation and A2C learning allow DRiLLS to autonomously discover effective optimization
recipes. The method in [196] utilizes GCN to extract graph features as state representation, and the
REINFORCE agent for RL exploration. The method in [172] extends graph-based RL by adding an
LSTM to capture temporal context. The environment uses the AIG structural feature embedded
by the GIN and the historical transformation information embedded by the LSTM as the state
representation. Then the combined state is fed into the Proximal Policy Optimization (PPO) agent
to select the next optimization step. EasySO [182] reframes LS as a hybrid discrete–continuous
optimization. Rather than only selecting discrete optimizations, its PPO agent simultaneously
selects the next operator and tunes its numeric parameters, which covers all LS stages (LO, TM, and
post-mapping optimizations). FlowTune [111] adopts the multi-armed bandit algorithm to select
actions for both AIG and MIG optimization in different synthesis stages (Boolean minimization,
post-mapping, and placement optimization). The method in [125] proposes a unified RL framework
that can operate on multiple logic representations (AIG, MIG, LUT networks) to cover different
synthesis phases.

In DSE-based methods, BOiLS [56] first introduces BO to navigate the DSE in LO by treating the
recipe exploration as a continuous optimization over QoR. The Gaussian process models the cost
and guides the selection of operator sequences. The method in [51] combines RL with BO to target
multi-objective trade-offs. It uses RL to propose candidate recipes and then applies BO to fine-tune
flow hyperparameters, seeking the Pareto front of each action. The method in [39] reformulates the
hyperparameter tuning as a classification problem. Rather than sequentially searching, they treat
each choice of optimization parameters as a class label. A supervised classifier is trained on features
of the circuit to predict the best configuration. By avoiding expensive searches, the classifier can
quickly generate recipe parameters. A notable exception is AlphaSyn [122]. AlphaSyn applies a
neural network, which is trained through an RL process, to predict both the estimated long-term
return and policy priors. These predictions are then used to improve and guide the MCTS policy
selection. It proves that core DSE challenges, such as the “long-term effect”, can be successfully
modeled and resolved using an RL framework.

5.4 Optimization Algorithms Improvement
Another method for optimizing the Boolean circuit is to improve the optimization algorithm with
ML methods. Most of the existing methods focus on the rewriting and balancing algorithm. The
rewriting operation traverses the graph to find opportunities to replace a k-feasible cut with a
logic-equivalent form, given that the replacement brings about the most node count decrease [107].
AISYN [121] modifies the traditional greedy-based approaches in AIG-rewriting with RL and

representation learning methods, which model the AIG-rewriting as an MDP. The state is the
AIG representation, and the action is the different k-feasible cuts to be selected for rewriting, and
demonstrates this problem can be addressed by RL methods, which have the potential to find higher-
quality solutions than purely greedy heuristics. The method in [115] takes the selection of the most
suitable node-rewriting algorithm as an action in the optimization process and formulates it in
an RL framework. The method in [160], named PruneX, proposes a circuit domain generalization
framework. It aims to learn domain-invariant representations using GNNs, based on transformation-
invariant domain knowledge. Instead of modifying the optimization recipe, PruneX incorporates
the learned classifiers within specific optimization algorithms. The classifier then predicts and filters
out target nodes for which a transformation would be ineffective, thereby reducing the number of
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ineffective node-level applications to accelerate the operator. The methods in [130, 148, 199] utilize
RL and DSE to optimize the specific logic designs, which lack generality for common designs.

6 Technology Mapping
TM is the process of transforming a technology-independent Boolean network into a netlist
composed of primitive cells from a specific technology library. The initial network is typically
represented as a 𝑘-bounded subject graph, where each node has at most 𝑘 fan-ins, such as the AIG
and MIG.

The mapping algorithm is typically formulated as a three-step process: (1) Identifying 𝑘-feasible
cuts using a rapid enumeration procedure [120], (2) matching these cuts to library elements via
Boolean matching [14], and (3) selecting a graph cover that optimizes a specific cost function (e.g.,
area or delay) while adhering to given constraints. This leads to distinct optimization goals, such as
delay-driven mapping and area-driven mapping [94]. Table 6 shows how ML models are integrated
in TM according to the process.

6.1 Cut Feature Sets
The effectiveness of ML models in TM comes from their ability to handle high-dimensional data,
moving beyond simple scalar heuristics.
Structural Features.ML models, particularly GNNs, excel at processing complex graph data.

This allows them to directly process the raw graph topology as a high-dimensional feature, surpass-
ing simple scalar values like “volume” or “area flow”. The AiMap+ framework [96] utilizes ML to
process the local topology by applying feature engineering to transform each cut into a feature set.
This set captures the cut’s topological signature, boundary properties, and structural information.
This high-dimensional representation allows the ML model to distinguish between cuts that are
optimal for area versus delay, even if they have identical scalar properties [96].
Reconvergence, a critical non-local feature where paths fan out and later merge, is crucial to

capture within a cut to prevent logic duplication [27]. While traditional mappers struggle to capture
this structure, MLmodels can utilize reconvergence in two distinct ways: (1) Predicting and selecting
the optimal optimization strategy for a reconvergence cut [115], and (2) Guiding resynthesis on the
mapped netlist by identifying reconvergence paths [84].

Timing Features. Estimated slack, which predicts the final timingmargin, is a critical component
of the mapping algorithm’s cost function. It is crucial for guiding the mapper’s delay-area trade-off.
However, directly predicting slack with ML is challenging due to its global and highly sensitive
nature, making it a difficult prediction target.
Consequently, alternative strategies have emerged. One alternative is to predict fundamental

components, such as cell and net delays, rather than the final slack value [191]. Another is to use
estimated slack as an input feature for an RL agent that guides a related logic optimization process
[197].

6.2 Mapper Guidance
Cut Selection. Traditional TM optimization algorithms, such as FlowMap [36] and CutMap [37],
focus on cut selection and graph matching. Both use the maximum-flow algorithm to identify
“good” cuts for depth reduction, but often at the expense of area and runtime. Priority cuts [109]
were introduced to address this, generating only a small, fixed number of “good” 𝑘-feasible cuts at
each node. This approach achieves high-quality area optimization while minimizing memory and
runtime overheads.

SLAP [112] is the first framework to leverage ML for guiding this cut-pruning process. Traditional
cut selection in tools like ABC [19] relies on handcrafted heuristics, often sorting cuts by a single
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Table 6. ML insertion points in TM

Insertion Point Objective Task ML Technique Advantage/Problem Solved

Feature
Representation

Extracting
high-dimensional, non-local
features.

Predicting fundamental
component delays. GNN [96, 191] Embedding the

high-dimensional data.

Mapper Guidance
Optimizing the cut-pruning
process and reducing
runtime overhead.

Multi-class classification
CNN [112],
Transformer
[174]

Enabling non-local choices and
improving prediction accuracy.

Library Tuning
Guiding heuristic mappers
by constraining the search
space.

Selecting an optimal
subset of cells as input
to the mapper.

RL [97, 179] Optimizing the mapper’s input
and preventing local optima.

Cost Function
Modification

Replacing traditional static
estimators with high-fidelity
predictive models.

Predicting delays of the
cut. GNN [95, 96]

Providing more precise cost
estimation, empowering the
mapper to select truly optimal
cuts.

static attribute, e.g., number of leaves. This is an inherently “local” choice, lacking precise timing
and area information at the technology-independent stage, forcing a trade-off between algorithm
complexity and QoR. SLAP reformulates cut pruning as a multi-class classification problem. It
operates on the hypothesis that the cut’s structure itself carries enough information to enable
non-local choices. It uses multiple structural features, including node embeddings, leaf levels,
fanouts, and cut volume, to construct a cut embedding, then trains a CNN to predict its contribution
to the final QoR. Building on SLAP, the method in [174] introduced an attention mechanism to
extract more critical information from the cut and improve prediction accuracy.

Library Tuning. “Library tuning” addresses a core TM challenge: providing a massive standard
cell library to a mapper can paradoxically degrade the final circuit QoR. This occurs because the
vast search space “confuses” the mapper’s heuristics, leading to sub-optimal, local choices. The
central hypothesis is that a smaller, intelligently selected “partial library”, tailored to the design,
will constrain the search space and guide the existing heuristic mapper to a superior solution.

Frameworks like MapTune [97] and FuseMap [179] employ RL to find this optimal subset. The
“cell selection” problem is modeled as an RL task: the agent “action” is to select a specific cell from the
full library to include in the partial library. After a full subset “state” is chosen, the computationally
expensive mapping flow is executed. The final circuit QoR serves as the “reward”. By iterating
this process, often using Multi-Armed Bandit strategies, the agent learns which cell combinations
produce the best results.

This method functions as a typical ML-Agent. It does not modify the mapper’s internal algorithms
(like cut selection). Instead, it optimizes the input given to the mapper. By pruning the library
pre-mapping, this method removes poor cell choices that could trap the heuristics, which allows
the mapper to operate more effectively within a smaller and higher-quality search space, achieving
QoR improvements for both Application-Specific Integrated Circuit (ASIC) [97] and FPGA [179]
flows.

Cost Function Modification. Rather than pruning the search space, this application leverages
ML to directly replace the inaccurate cost functions that drive the mapper’s core optimization
algorithm.

Traditional mappers rely on static, statistical heuristics to estimate cost:
• Delay: The primary estimator is the Wire-Load Model (WLM), a statistical look-up table that
approximates interconnect resistance and capacitance based on fanout.
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Fig. 8. A general ML framework integrating into technology mapping, which is used to predict the cut cost.

• Area: The estimator cost function is typically a simple summation of static cell areas derived
from the technology library [102].

However, these methods are physically agnostic, often selecting cuts that are logically optimal but
physically suboptimal due to a lack of layout awareness.
ML improves mapping quality by substituting these static proxies with high-fidelity predictive

models. Acting as direct surrogates for internal evaluation functions, these models analyze the
high-dimensional features of a candidate cut to generate a precise cost estimate. Fig. 8 illustrates a
general framework for this ML integration, where the model is used to predict the cost of various
cuts.

• Delay: AiMap [95] utilizes a deep learning framework that integrates an attention mechanism
to weight specific pin delays and employs CNNs to fuse structural logic features with standard
cell physical data. This allows the mapper to predict load-dependent supergate delays with
high fidelity, rejecting cuts that appear logically optimal but suffer from excessive physical
latency due to complex connectivity or fanout.

• Area: Research applying ML specifically to area-driven mapping is less prevalent. Historically,
area minimization efforts have focused on the FPGA domain, targeting the reduction of LUT
counts. A related method [193] applies RL to optimize area costs in optimization. Although
distinct from mapping, this methodology offers significant potential for adaptation.

In conclusion, the integration of ML models improves the mapping process by providing more
precise cost functions. The enhanced accuracy empowers the mapper to distinguish candidate cuts
that are truly optimal from those that are merely locally favorable. Consequently, this paradigm
significantly boosts the QoR, achieving netlists with superior timing performance and reduced area
compared to traditional mapping heuristics.

7 ML Datasets and Tools
The actual capability of problem-solving from ML is mainly due to advances in the computational
capability of current computing devices and the introduction of big data.

7.1 Existing Datasets
There are several initiatives to provide datasets about circuit designs at distinct levels of abstraction
and with relevant details for different EDA problems.
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• OpenABC-D is an extensive labeled dataset created by synthesizing open-source designs
with ABC [19, 34]. This dataset offers a valuable resource for developing, evaluating, and
benchmarking ML-aided LS techniques. OpenABC-D includes 870,000 AIGs from 1500 syn-
thesis runs, with labels like optimized node counts and delay metrics. Area and delay data
are obtained by mapping AIGs using the NanGate 45 nm library.

• The IWLS contest of 2020 proposes introducing the LO problem as a logic learning problem
[126]. The contest has provided an ML dataset composed of 100 incomplete truth tables, each
with a single primary output. The goal is to learn a Boolean function from a training set
consisting of a small sample of random minterms of the function and try to infer the probable
values for the unknown set. The benchmark set also includes image classification instances
based on MNIST [44], and CIFAR-10 [86].

• The IWLS contests of 2022 and 2023 provide a set of 100 benchmarks, including the
binary truth tables composed of 0’s and 1’s. The goal is to synthesize the completely specified
multi-output circuits in AIG or XAIG format [2].

• The CircuitNet 2.0 provides the cross-stage multi-modal data generated by commercial
EDA flow and tools with a convenient data format for various ML tasks [23, 76].

• CircuitGen is a pseudo-circuit generation framework, and can generate RTL and logic-
level circuits on a large scale based on ML prediction, user specifications, and predefined
constraints [98].

• ForgeEDA is a comprehensive multimodal dataset composed of RTL, AIGs, post-mapping,
and placed netlists across diverse design types, such as RISC-V cores and accelerators [143].

7.2 Tools
This section reviews the available LS tools, including the synthesis flow tools and specialized tools
designed for ML dataset generation.

• ABC is the well-known open-source system for LS based on AIGs. It supports a wide range
of optimizations, technology mapping, and equivalence checking, and is highly scriptable for
research and benchmarking [19].

• Yosys is an open-source synthesis tool, which integrates ABC as a backend for advanced
AIG-level optimization and supports RTL-to-netlist generation [164].

• Mockturtle is a logic network library, which provides several logic network implementations
(such as AIGs, MIGs, and LUTs) and generic algorithms for LS and logic optimization [99].

• ALSO is based on the EPFL Libraries, and provides advanced LS tools for both modern FPGA
and emerging nanotechnologies [198].

• CULS is a GPU-accelerated LS tool and uses GPU parallelism to provide high-performance
implementations of common AIG optimization algorithms [3].

• OpenLS-DGF introduces an LS dataset generation framework that covers three pivotal
stages[114]. By using the framework, OpenLS-DGF can generate an adaptive LS dataset
similar to OpenABC-D.

• OpenLANE is built out of open-source EDA tools from different projects such as OpenROAD
[4] and Qflow [1], providing the overall flow from RTL to layout [139]. In LS, the OpenLANE
provides several synthesis strategies that are available for different RTL designs.

7.3 Benchmark Suites
Modern industrial circuit designs often scale to millions of logic gates. Applying GNNs to such
designs requires passing messages through enormous computational neighborhoods, a process that
is often computationally prohibitive for academic research. To address these practical limitations,
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researchers rely on benchmark suites of a manageable scale. These suites facilitate the development
of new methods, such as generating task-specific labeled data via LS tools [88] or applying self-
supervised learning to unlabeled circuits [166], without the burden of full industrial complexity.

The use of standard benchmarks in microelectronics dates back to ISCAS 1985 [64]. Since then,
the landscape has expanded significantly, driven largely by conferences and contests like the IWLS
[9], which has introduced numerous suites following classical EDA flows.

Conventional benchmarks usually imitate real circuits, while larger instances are often formed
by replicating existing designs or injecting synthetic logic [113]. However, a persistent limitation
in EDA datasets is the lack of known optimal implementations. To address this, approaches like
those in [113] generate synthetic circuits with known exact solutions. Beyond synthetic logic, the
community also utilizes diverse resources such as OpenCores for open-source IP cores [117] and
ITC99 [38] for RTL ATPG standards.

8 Discussions
In this section, we discuss the limitations and prospects of ML techniques for LS, extending beyond
the entire development process that involves data, algorithms, implementation, and targets.

8.1 Limitations and suggestions
Despite these achievements and the progress of ML applications in LS, there are still several
limitations remaining. For each limitation, we not only analyze the root cause but also try to
propose potential suggestions.

• Data Gaps. Data is fundamental to ML, yet datasets in LS often lack consistency in format
and scope. LS data are inherently heterogeneous: some are graph-structured (AIG/MIG), while
others consist of coding languages (RTL descriptions), logic literals, or numerical attributes.
This heterogeneity limits ML model generalization. As described in Section 5.1, supervised
learning methods often struggle to fuse different representations when predicting the QoR
of mapped circuits. While some efforts utilize self-supervised learning to align Verilog and
AIG representations [166], aligning modalities without clear correspondences remains a
significant challenge. Additionally, significant domain gaps exist between varying benchmark
suites and industrial designs. Models trained on specific circuit datasets often fail to generalize
to unseen datasets due to distributional shifts.
To bridge these gaps, we propose some strategies focusing on these problems.
– Unified data generation. Instead of relying on fragmented datasets, the community should
adopt unified generation frameworks. Tools like OpenLS-DGF [114] allow for adaptive
dataset generation across synthesis stages, while platforms like CircuitNet [23, 76] provide
aligned, cross-stage data. These tools provide strict, one-to-one mappings of identical
designs across different representation formats.

– Domain Adaptation. To handle feature disparities and distribution shifts, researchers should
leverage cross-domain fusion and domain adaptation techniques. GenEDA [49] advances
this field by proposing a Large Language Model (LLM) decoder that achieves functional
reasoning through cross-modal alignment between circuit encoders and text embeddings,
effectively bridging the gap between different circuit representations.

• Inconsistent standards. Current research lacks a unified evaluation framework. For instance,
QoR prediction models are evaluated using inconsistent metrics such as MAE [171], MSE
[34, 187], MAPE [77, 167, 181, 191], and self-defined reduction factors [12]. Beyond metrics,
most studies, across recipe exploration, logic learning, and representation learning, rely
on disparate benchmark suites, arbitrary train/test splits, and varying tool versions. This
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Table 7. Recommended Metrics and Decision Risk of ML in LS Tasks

Task Domain Metrics Explanation Decision Risk

Boolean Circuit
Generation

Accuracy Functional equivalence Strict verification required, but
possible security removal

#Nodes & #Levels Proxy for QoR Physical unfeasibility

QoR
Prediction

MAE, MSE, MAPE Prediction fidelity per design Misleading recipe ranking

Ranking (e.g.,
NDCG@k) Recipe ranking accuracy Blindness to absolute constraints and

time waste

Logic
Optimization

Top-1 Improvement Peak QoR gain vs. baseline Excessive search cost

Search Trials & Time Convergence speed May be trapped in local optima

Technology
Mapping

End-to-End QoR Post-TM result or Post-P&R
result Inference latency bottleneck

Cut Ranking Identification of good cuts Local-global objective mismatch

inconsistency makes cross-paper comparisons nearly impossible and unfair. Such disparity
leads to (1) overfitting risks on small or proprietary datasets and (2) misleading performance
claims, where a metric value (e.g., 1% MAPE) implies accuracy in one context but failure in
another.
To address this, we identify the mapping between statistical metrics and industrial decision
risks. As detailed in Table 7, relying on inappropriate metrics can mask critical engineer-
ing failures, such as timing closure violations or computational waste. In our opinion, the
community requires a reference evaluation protocol and centralized benchmarking platforms.
– Unified metric reporting. Researchers are strongly encouraged to incorporate the full set of
recommended metrics listed in Table 7. A holistic evaluation that covers statistical fidelity,
ranking capability, and engineering constraints is essential to prevent biased conclusions.

– Open-source leaderboards. Similar to evaluation standards in Computer Vision (e.g., Im-
ageNet [43]), the field should establish an open-source online evaluation platform. This
platform would host containerized environments (e.g., Docker) with fixed logic synthesis
tools and standard datasets. By submitting models to a unified test harness, we can ensure
fair comparison, reproducibility, and clear identification of state-of-the-art performance.

• Interpretability. Like other ML models, GNNs are complex “black boxes” for LS. They lack
the interpretability to explain why a specific optimization decision (e.g., a cut selection in
TM) is superior. This lack of transparency creates a trust barrier: even if an ML-generated
circuit passes logical equivalence checking, engineers may hesitate to adopt it if the structure
appears counter-intuitive or poses potential risks for physical design. Merely comparing
results with traditional algorithms proves capability but fails to provide insight.
To increase trust and human-ML collaboration, we propose some strategies inspired by both
ML and LS.
– Explainable architecture. Researchers can employ more explainable ML tools specifically
for graphs (e.g., GNNExplainer [176]). These tools can identify and visualize the critical
subgraphs or feature attributions that contributed most to a model’s prediction, converting
intransparent numerical weights into structural logic insights, and in turn deepening
understanding of Boolean circuits.
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– Prioritizing ML-Assistance. We recommend favoring the ML-Assistance paradigm over the
ML-Agent approach. The ML model does not necessarily directly replace the synthesis tool;
instead, it acts as a guide by predicting heuristics or search directions. While the actual
synthesis operations are executed by trusted, deterministic symbolic engines (e.g., ABC
[19]), this ensures the process remains interpretable and verifiable, as the final circuit is
constructed by well-understood algorithms.

• Limited tasks. Most existing works focus on combinational and gate-level circuits. Sequential
circuits, multi-bit arithmetic units, asynchronous circuits, and complex physical synthesis
tasks are largely untouched. Focusing solely on combinational logic often leads to local
optima, as improvements in logic depth or size may disappear after Place and Route (P&R).
Furthermore, TM remainsmostly heuristic-driven; existingMLworks in TMprimarily support
cut selection rather than directly generating mapped netlists. Extending ML techniques to
these broader and downstream-aware areas remains an open challenge.
To expand the scope of ML in LS, several works have been proposed to address the problem:
– Generalized circuit modeling. ML architectures must evolve to capture the unique charac-
teristics of diverse circuit types beyond simple combinational logic. For instance, in the case
of sequential circuits, models should transition from static DAGs to Sequential GNNs. This
involves treating FFs as special temporal nodes or learning state transition features (similar
to approaches in [80, 81]), thereby enabling message-passing across clock boundaries.
Similarly, specific inductive biases should be introduced for arithmetic or asynchronous
structures.

– LLM-driven task generalization: To significantly broaden the problem-solving scope, re-
searchers can leverage LLMs. Unlike task-specific GNNs, LLMs can process multi-modal
inputs (e.g., RTL code, synthesis logs, and constraints) to handle diverse tasks that tra-
ditional models struggle with. However, LLMs also face problems such as difficulty in
graph learning and massive resource consumption, posing challenges for deployment in
cost-sensitive EDA flows [48, 119].

8.2 Prospects
Despite these limitations and suggestions discussed in Section 8.1, there are some potential directions
for researchers to explore.

• New ML schemes. Classical ML-based methods typically adopt a bottom-up approach,
simulating specific processes or predicting isolated results (e.g., RL for optimization). The
future may lie in redesigning the synthesis flow to beML-Native. While section 8.1 addressed
the technical need for hybrid and LLM-based solutions, the broader prospect is how these
schemes fundamentally alter the design ecosystem. The circuit generation process discussed
in Section 3 may reflect the ML-Native scheme, if there is no additional fine-tuning. We
anticipate a move towards autonomous design agents that can self-correct, negotiate trade-
offs without human intervention, and generate the target circuit autonomously. The new
ML-Native scheme not only inspires exploration of non-intuitive circuit structures that
traditional human logic has never imagined, but also lowers entry barriers by allowing
non-experts to use natural language for high-quality synthesis, thus potentially reshaping
the semiconductor industry and business landscape.

• Safety. The integration of ML into LS introduces a dual-front challenge regarding safety and
security. On one hand, the ML models themselves (e.g., QoR predictors) are vulnerable to
adversarial attacks, where slight circuit adjustments could cause wildly different predictions,
misleading the synthesis flow. On the other hand, ML techniques have proven alarmingly
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effective at invalidating existing IP protection strategies, as discussed in Section 4.4. The
potential future direction is not only to advance ML algorithms to make ML difficult to attack,
but also to redesign hardware to have inherent structures and features that are difficult to
decipher by ML, making it difficult to launch attacks.

• Scalability. The increasing scale of circuits poses severe scalability challenges to GNNs.
Developing a GNN that satisfies the industrial scale is computationally impractical due to the
neighborhood explosion phenomenon [183]. While segmenting large circuits into partitions
is an efficient data-side method (as exemplified in Section 5.2 and [192]), this approach is
often unexplored in broader contexts and risks losing global context information. The future
direction may lie in hierarchical graph learning [177]. Besides, applying ML to simplify
large circuits is also a feasible method. BoolSkeleton [116] proposes a Boolean network
skeletonization technique via homogeneous pattern reduction, which simplifies the graph
structure while preserving essential functional information. Future models may adopt multi-
level pooling techniques or transfer learning (training small circuits to generalize to large
circuits), rather than directly processing large circuits.

• Implementations. To enable practical industrial adoption, improvements must be made
from both the model and flow perspectives. Currently, high-accuracy models are often
computationally prohibitive for logic synthesis, while lightweight predictive models may lack
robustness. The possible direction is applying network pruning, quantization, and knowledge
distillation to create “Tiny” versions of GNNs that can run within millisecond latency budgets
inside C++ synthesis kernels. Furthermore, future ML model implementations will be moving
beyond static offline training to online and continuous learning, allowing tools to learn
as they synthesize, and becoming smarter with every design iteration performed by the
customer.

9 Conclusion
The rapid progress of ML in LS is motivated by sophisticated synthesis flows and frameworks,
which provide a multitude of tasks for ML to explore, as well as the EDA infrastructures that are
capable of processing and generating circuit data, founding the basis of ML models. The survey
broadly shows the ML applications in different LS flows, which can be categorized into two patterns:
(1) the ML-Agent method that directly leverages ML as a synthesis tool, and (2) the ML-Assistance
method that involves predicting metrics or some intermediate variables or criteria of interest. The
methods of ML in LS are not limited to GNN and its variants, although circuits and netlists can be
naturally represented as graphs. The RL and DSE methods are also widely utilized in LS, both in
improving the efficiency of LS algorithms and in the exploration of optimization recipes. Moreover,
the image-based CNNs, text-based RNNs and Transformers are also used for specific tasks. We
review the emerging ML datasets and tools developed specifically for ML tasks, reflecting the
increasing maturity of the field. We also discuss the limitations, potential suggestions, and future
prospects of ML applications in LS and industrial production, hoping the ML techniques can be
beneficial and revolutionary in LS.
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