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CircuitFlow: Learning Dynamic Representations for
Logic Optimization

Miao Liu , Xinhua Lai , Liwei Ni , Xingyu Meng , Rui Wang , Junfeng Liu , Xingquan Li , Jungang Xu

Abstract—Graph neural networks have emerged as a powerful
tool for learning circuit representation but largely ignore the
dynamic nature of logic optimization (LO), leading to a severe
“domain gap” where embedding quality degrades after heuris-
tic transformations. To address this, we propose CircuitFlow,
a framework learning representations for both circuits and
optimization algorithms. CircuitFlow is distinguished by three
features: (1) it employs circuit motifs and DAGTrans for robust
encoding; (2) it utilizes a dual-component architecture where
OPTrans models optimization operations via Transformers; and
(3) it seamlessly integrates into LO pipelines to predict op-
timized circuit statistics.Experimental results demonstrate that
CircuitFlow reduces physical metric prediction loss by up to
72% compared to baselines. Crucially, it effectively bridges the
domain gap, bringing the generalization error on optimized
circuits down from over 65% to within 20%. Furthermore,
integrating CircuitFlow into the LO flow yields an average QoR
improvement of 3.97% alongside a 3.11× speedup. Finally, we
leverage CircuitFlow to introduce orientational logic optimization,
a new paradigm guiding synthesis toward target structures, which
reduces the runtime of Combinational Equivalence Checking
(CEC) by 76% on average.

Index Terms—EDA, logic optimization, representation learn-
ing, Transformer,

I. INTRODUCTION

In chip design, Logic Optimization (LO) is a pivotal step
for refining circuit structures to enhance Power, Performance,
and Area (PPA). As the final quality of a chip heavily relies
on LO, developing smarter and more efficient optimization
methods remains a primary challenge. Recently, deep learning
has emerged as a transformative force in this domain. Graph
Neural Networks (GNNs), with their native ability to process
graph-structured data, have become the dominant architecture,
successfully applied to tasks such as Boolean satisfiability [1],
[2], circuit classification [3], and testability analysis [4], [5].
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Fig. 1. The “domain gap” challenge for GNNs in logic optimization and
CircuitFlow’s solution.

Building on this progress, pioneering works have inte-
grated GNNs directly into synthesis flows. For instance,
LSOformer [6] and MILS [7] utilize advanced architectures
to model optimization sequences. Similarly, approaches like
OpenABC-D [8] and RL-based methods [9], [10] employ
GNNs to encode circuit states for Quality of Result (QoR)
prediction or policy learning. While effective on established
benchmarks, these methods exhibit two critical limitations
when applied to the dynamic nature of LO:

• Insufficient representation capability: Standard GNNs
fail to capture the Boolean functionalities and high-order
structural patterns of logic circuits. Although functional-
aware methods like DeepGate2 [1] and others [3], [11],
[12] attempt to mitigate this via truth table supervision
or specialized embeddings, they trade structural fidelity
for functional accuracy, limiting their depth.

• Domain gap in predictive tasks: A significant semantic
chasm exists between the input representation and the
output prediction. Existing approaches typically learn a
static embedding from a pre-optimization circuit but are
tasked with predicting a post-optimization outcome [8].
As illustrated in Fig. 1, the GNN remains blind to the
drastic, non-linear structural transformations occurring
during LO, such as rewrite, balance, and refactor. This
disconnect results in a severe performance drop when
generalizing to optimized circuits.

However, there is little research to address the second
limitation. While efforts to improve circuit representation have
advanced on the functional front, they often do so at the
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expense of structural fidelity and, more importantly, they do
not address the fundamental domain gap inherent in dynamic
optimization tasks. The core challenge, therefore, is not merely
to represent a single circuit state with higher accuracy, but to
understand and model the evolutionary trajectory of a circuit
when it undergoes a sequence of complex transformations. An
effective solution must not be blind to the optimization process
but rather embrace it as a core component of the problem.

The core challenge, therefore, is not merely representing
a static circuit state, but modeling its evolutionary trajectory
under complex transformations. To address this, we propose
CircuitFlow, a novel framework designed to bridge the do-
main gap in dynamic logic optimization. CircuitFlow employs
a dual-component architecture:

• DAGTrans: A specialized graph Transformer that tran-
scends the local receptive fields of conventional GNNs.
By leveraging motif-based encodings and leaf aggrega-
tion, it captures high-order structural patterns and long-
range dependencies for robust static embedding.

• OPTrans: A dynamic modeling Transformer trained to
approximate the effects of optimization algorithms di-
rectly within the embedding space. It learns a non-
linear mapping from an initial state to a predicted post-
optimization state.

By jointly learning from the circuit’s state and the opti-
mization actions, CircuitFlow effectively bridges the semantic
border between states. Our primary contributions are summa-
rized as follows:

• We propose CircuitFlow, a unified framework combining
the static representation power of DAGTrans with the
dynamic simulation capability of OPTrans.

• Experimental results demonstrate that CircuitFlow
achieves over a 2.3× accuracy improvement in gate-level
prediction and 2× in QoR prediction compared to base-
lines, achieving near-oracle fidelity in post-optimization
metrics.

• Integrated into logic synthesis flows, CircuitFlow yields
superior downstream performance, achieving an average
QoR improvement of 3.97% with a 3.11× acceleration in
DRiLLS [13], and a 7.11% improvement in CBtune [14].

• We introduce Orientational Optimization, a new paradigm
enabled by our framework, which reduces the runtime by
76% on average for Combinational Equivalence Checking
benchmarks.

The remainder of this paper is organized as follows: Sec-
tion II covers preliminaries; Section III outlines the problem
formulation; Section IV and Section V detail the data process-
ing and model architecture; Section VI presents experimental
results; Section VII explores applications; and Section VIII
concludes the work.

II. PRELIMINARIES

A. Logic Optimization Algorithms

A logic circuit can be formally represented as a DAG,
denoted as G = (V,E), where V is the set of nodes and E is
the set of directed edges representing signal flow. In a common
representation like an AIG, the nodes v ∈ V correspond to

Primary Inputs (PIs), Primary Outputs (POs), and two-input
AND gates. Inverters are implicitly represented by attributes
on the edges.

LO transforms an initial circuit G0 into more optimal
circuit Gt with equivalent functionalities. This is achieved by
applying a sequence of transformation algorithms, referred as
“recipes”. Let O = {o1, o2, · · · , om} be a predefined set of
available optimization operations, such as rewrite, balance,
and refactor [15], [16]. An optimization recipe is a sequence
of these operations, S = {s1, s2, · · · , st}, where each si ∈ O.
The application of the recipe is a deterministic, sequential
process by applying each operation in order. The goal of logic
optimization is to find an optimal sequence S∗ that minimizes
a cost function, which is typically a weighted combination
of area and delay or the product of them. Finding S∗ is an
NP-hard problem, and thus modern LO tools rely on expert-
designed heuristics and scripts.

B. Circuit Representation Learning

To apply machine learning to circuit tasks, Circuit Repre-
sentation Learning aims to learn an encoder mapping a circuit
G to a d-dimensional vector. GNNs are the standard approach
for this task, utilizing iterative message passing to update
node features based on their neighbors. Recent architectures
have significantly improved this standard process. For instance,
Hoga [17] optimizes the aggregation via hop-wise attention to
capture long-range dependencies, while PolarGate [12] and
MILS [7] enrich node representations by integrating polar
coordinate-based functional embeddings and mixed-level ab-
straction information, respectively. DynamicRTL [18] utilizes
simulation traces to capture the temporal changes of signal
values during execution. Finally, a readout function generates
a graph-level embedding hG, facilitating downstream tasks
such as Boolean satisfiability [1], [2], circuit classification
[11], and testability analysis [4], [5].

C. Algorithm Representation Learning

Beyond merely learning static circuit embeddings, repre-
sentation learning can also be extended to model the dynamic
impact of heuristic optimization algorithms. This paradigm,
termed Algorithm Representation Learning, aims to capture
the transformations applied in the feature space. Specifically,
for a given heuristic algorithm A, we seek to learn a mapping
function fA : Rd → Rd that represents the changes made by
heuristics on the embedding vector.

The Transformer model is well-suited for this task due
to its inherent self-attention mechanism, which enables the
model to dynamically weight the importance of different gates
or subgraphs within the input embedding vector, simulating
the focus of the optimization algorithm on the most salient
features. Specifically, given the initial vector hg ∈ Rd, which
is the circuit representation embedding, the output of the
final Transformer layer is the transformed embedding vector
hA(g) = fA(hg). This new vector hA(g) represents the circuit
state after the application of heuristic algorithm. Similarly,
these embeddings, representing the circuit, can also be the
input for the downstream tasks.
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Fig. 2. The overall framework of CircuitFlow. The DAGTrans and MLPs are
frozen during the training phase 2.

III. PROBLEM FORMULATION AND FRAMEWORK
OVERVIEW

This section formalizes the dual challenges of representing
static circuits and dynamic optimization algorithms, followed
by a concise overview of the CircuitFlow framework.

Problem 1 (Circuit Representation Learning): Learn a
mapping function Φ : G → Rd that encodes a logic circuit G
into a low-dimensional feature vector. This representation must
capture both functional semantics and structural topology to
facilitate downstream tasks such as component identification
and property prediction.

Problem 2 (Algorithm Representation Learning): Learn
a transition function Ψ : (Rd,A) → Rd that models the effect
of an optimization operator a ∈ A in the feature space. The
objective is to ensure that Ψ(Φ(G), a) ≈ Φ(G′), where G′ is
the circuit obtained by applying a to G.

As illustrated in Fig. 2, CircuitFlow addresses these prob-
lems through a three-stage pipeline:

• Preprocessing: We generate a comprehensive dataset of
AIGs and their optimized variants using ABC operators
(e.g., rewrite, balance, refactor). This establishes ground-
truth pairs for learning structural evolution and records
corresponding QoR labels.

• Training: We employ a two-phase strategy. Phase 1 uti-
lizes DAGTrans to extract static functional and structural
features via leaf aggregation mechanisms. Phase 2 trains
OPTrans to model optimization operators as learnable
transformations, enabling the simulation of circuit evolu-
tion in the latent space.

• Validation & Application: The pre-trained models are
fine-tuned and deployed for downstream tasks, including
high-fidelity QoR prediction and the proposed orienta-
tional logic optimization (refer to Sections VI and VII).

IV. CIRCUIT INFORMATION AND DATASET

To facilitate robust representation learning, we extract two
fundamental modalities from logic circuits: scalable functional
signatures via simulation and high-order structural patterns via
motifs.

A. Circuit Function Capture

The truth table serves as the canonical representation of
circuit functionality, providing an exhaustive mapping from
all possible input combinations to their corresponding outputs.
Formally, for a combinational circuit with n inputs and m
outputs, its functionality is precisely defined by a Boolean
function f : {0, 1}n → {0, 1}m. However, the applicability of
full truth tables is severely constrained by their exponential
complexity. As the state space scales as 2n, generating or
processing these tables becomes computationally intractable
for circuits with even a moderate number of PIs (e.g., n > 20).
To circumvent this scalability bottleneck, existing methods
typically restrict training to circuits with narrow input widths
(e.g., n < 12) [1], [11], or resort to partitioning the circuit
into smaller subgraphs for both GNN processing and label
generation [2], [19].

To ensure scalability, we designate the logic-1 probability
as the supervision target. For a node v, P (v) is defined
as the likelihood that its output evaluates to True under a
stochastic distribution of inputs. Estimated via Monte Carlo
simulation, this metric remains computationally tractable even
for high-dimensional input spaces. Crucially, it distills high-
dimensional functional semantics into a differentiable con-
tinuous scalar. By regressing these probabilities, the model
enforces an embedding space where functional similarity
translates into geometric proximity.

B. Circuit Structure Capture

While circuits are modeled as DAGs, standard GNNs are
inherently limited by their local receptive fields, often failing
to distinguish complex topological dependencies. To mitigate
this, we enrich the representation by explicitly encoding circuit
motifs, which are small, recurring subgraph patterns that
represent fundamental building blocks of logic circuits.

Formally, we define a library of K motifs, M =
{M1, . . . ,MK} , as shown in Fig. 3. For each node v ∈ V ,
we compute a feature vector xmotif

v ∈ NK , where the i-th
entry records the frequency with which node v participates in
motif Mi. This encoding yields three critical advantages: (1)
Scalability: It offers a computationally efficient alternative to
NP-hard metrics like Graph Edit Distance, enabling large-scale
circuit comparison; (2) Global Perception: It explicitly cap-
tures high-order structural patterns, transcending the locality
of standard GNNs; (3) Contextual Differentiation: It enables
the model to distinguish identical gate types based on their
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Fig. 3. All 12 2-input motifs that cover some combinations of logical truth-
table, except 1111, 1100, 1010, and their reverses. M2 and M5 have 2 truth-
tables. M7 and M8 share the same truth-table but different structures.

structural context (e.g., differentiating an AND gate in an XOR
structure from one in an XNOR).

The encoding pipeline proceeds in two steps: (1) Motif
Selection, where a set of basic subgraphs is curated based on
their functional significance; and (2) Isomorphic Matching,
where we compute the distribution of these motifs across the
circuit, accounting for structural symmetries. For instance, if
a node v maps to role a in motif M1 once and role c in motif
M2 twice, its feature vector is populated as [1, 0, . . . , 2, . . . , 0],
where each index corresponds to a specific role within a
specific motif. Notably, this counting process is efficient, with
a time complexity of O(mn) [20], where m and n denote the
sizes of the motif and the circuit, respectively.

To optimize this representation, we utilize a contrastive
learning objective, ensuring that structurally isomorphic com-
ponents are mapped to proximate locations in the embedding
space. Crucially, this learned embedding aligns with the motif
vector, enabling our OPTrans model to predict the structural
composition of an optimized circuit directly from its initial
state. By anchoring the representation in functionally sig-
nificant subgraphs, we emulate the semantics of technology
mapping, thereby empowering the GNN to capture robust,
context-aware structural dependencies.

C. Dataset Preparation

To effectively train the proposed framework on both static
circuit properties and dynamic optimization trajectories, we
construct a comprehensive dataset designed to capture state
transitions. The preparation pipeline consists of two phases:
iterative data generation and multi-modal annotation.

1) Iterative Data Generation: To model the optimization
process, we employ an iterative expansion strategy. For each
source circuit Gi, we apply three distinct logic optimiza-
tion algorithms to generate variants: Grw = rewrite(Gi),
Gb = balance(Gi), and Grf = refactor(Gi). This yields
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paired examples (e.g., (Gi, Grw)) that serve as ground truth
for learning operator-specific transformations. Crucially, the
newly generated circuits are fed back into the source pool for
subsequent rounds. We cap this recursive process at 3 iterations
to mitigate exponential data growth, resulting in a dataset that
is a four-fold expansion of the original benchmarks.

2) Comprehensive Annotation: Following generation, we
perform an extensive annotation phase for every circuit graph.
As established in preceding sections, we compute labels for
both functional and structural modalities: specifically, the
simulation-based logic-1 probability and the motif-based fea-
ture vector for each node. Additionally, we calculate similar-
ity distances for graph motif features to support contrastive
learning. Finally, to facilitate downstream QoR prediction, we
perform technology mapping on all circuits to acquire ground-
truth physical statistics (area and delay). Section V-C details
the integration of these labels into our multi-task learning
objective.

V. TRANSFORMER-BASED MODEL FOR CIRCUIT
REPRESENTATION AND OPTIMIZATION OPERATORS

This section presents CircuitFlow, implemented via a se-
quential, two-phase strategy. First, we train DAGTrans to en-
code static functional and structural semantics. Subsequently,
utilizing DAGTrans as a frozen feature extractor, we train
OPTrans to model the dynamic transformations induced by
optimization algorithms. The specific architectures and learn-
ing objectives are detailed below.

A. DAGTrans
A primary limitation of conventional GNNs is their reliance

on localized message passing, where the receptive field of
a node expands by only one hop per layer. This constraint
hinders the efficient capture of the long-range dependencies
and hierarchical structures inherent in logic circuits. Inspired
by recent works that leverage positional or level-based infor-
mation to enrich graph representations [2], [17], we propose
DAGTrans, a Transformer-based architecture specifically de-
signed to directly capture non-local structural information and
global circuit dependencies.

The cornerstone of DAGTrans is the leaf aggregation mech-
anism, as illustrated in Fig. 4. We formally define the leaves
of a target node v, denoted L(v), as the set of all nodes
in its transitive fan-in cone. That is, a node u is in L(v) if
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and only if there exists a directed path from u to v. This set
represents the entire logic passing history of node v. Its logical
state is exclusively determined by the states of its leaves.
Consequently, these nodes are more relevant than other nodes
in the circuit both functionally and structurally.

The core operation of each layer is to update a node’s
embedding by aggregating information directly from its leaves,
rather than just its immediate parents. The aggregation at layer
k is defined as :

hk
L(v) = AGGREGATEk({hk−1

u ,∀u ∈ L(v)}) (1)

where hk−1
u is the embedding of a leaf node u from the

previous layer. Because the leaves L(v) naturally span multiple
levels of logic depth within the circuit, this single aggregation
step can capture high-order structural information without the
need for many message-passing iterations.

In order to implement a powerful AGGREGATE function,
we employ a self-attention mechanism, which allows the
model to dynamically weight the importance of each leaf
node when updating the target node v. Unlike simple pooling
operations, self-attention aggregation enables the model to
selectively focus on the most relevant parts of the fan-in
cone, learning a context-dependent aggregation strategy. The
attention-based aggregation is formulated as:

Attention(hv) =
∑

u∈L(v)

κ(hv, hu)∑
w∈L(v) κ(hv, hw)

f(hu). (2)

where f(x) = WV · x, (3)

and κ(x, y) = exp

(
⟨xWQ, yWK⟩√

dK

)
(4)

where WQ,WK,WV are trainable weight matrices that
project the embeddings into Query, Key, and Value spaces,
respectively. The attention score κ(hv, hu) quantifies the rel-
evance of leaf node u (key) to the target node v (query).

By capturing features directly from all antecedent nodes,
this mechanism can naturally model complex structural phe-
nomena. Such as reconvergent fan-outs, where a node influ-
ences a downstream target via multiple paths, it will be implic-
itly captured by different weights of the attention parameters.
The self-attention mechanism can learn to assign a higher
weight to such a fan-out node, recognizing its heightened in-
fluence as a shared logic. This ability to generate structurally-
aware embeddings is not only powerful for static analysis but
also provides a robust foundation for the subsequent OPTrans
to learn the effects of circuit transformations.

B. OPTrans
The primary objective of the Optimization Transformation

models (OPTrans) is to learn a set of non-linear transfor-
mations in the embedding space, where each transformation
models the effect of a specific logic optimization algorithm.
Formally, for an optimization algorithm op and any given
circuit G, we seek to learn a function Fop : Rd → Rd , such
that Fop(hG) ≈ hop(G), where h is the embedding produced
by DAGTrans. Once trained, these models allow us to predict
the properties of an optimized circuit directly from the initial
circuit embedding.
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Fig. 5. The architecture of OPTrans is inspired from the optimization
algorithm.

The training of each OPTrans model is conducted after the
DAGTrans model has been fully trained and its parameters are
frozen, ensuring that OPTrans learns on a stable representation
space. A core principle of our design is that the architecture of
each OPTrans must be tailored to the intrinsic properties of the
algorithm it models. To achieve this, we propose specialized
architectures for these fundamental optimization algorithms.

1) Rewriting OPTrans: Rewriting is a localized and
stochastic process, as shown in Fig. 5(a). It iteratively identifies
small k-feasible subgraphs (cuts) rooted at a node and replaces
them with functionally equivalent substitutions found in a pre-
computed library. This implies two key properties: (1) the
transformation is local, affecting only a small subset of nodes,
and (2) the structural context and topological order remain
unchanged for the majority of nodes in the circuit.

To precisely model this behavior, Rewriting OPTrans,
shown in Fig. 6, receives the node embeddings from DAG-
Trans as its primary input. To accommodate potential node
generation, we employ a Latent Expansion Buffer by con-
catenating zero vectors to the input sequence. Furthermore, to
retain the topological context of nodes within the DAG, we
explicitly add sinusoidal positional encodings to the embed-
dings, ensuring that structural order is preserved during batch
processing. It serves strictly as an implementation convention
to provide unique structural identifiers for the permutation-
invariant Transformer, rather than implying an inherent linear
semantic order within the DAG.

Reserved Space Allocation Strategy. We empirically set
the size of this reserved buffer to 20% of the input node count.
This configuration is based on two key considerations:

• Sufficiency vs. Noise: Allocating excessive space intro-
duces “padding noise” that dilutes valid attention sig-
nals, while insufficient space risks truncation. A 20%
margin empirically strikes an optimal balance, providing
sufficient capacity for localized node growth without
compromising attention density.

• Structural Placeholders: Since OPTrans operates in a
predictive mode targeting high-level metrics (e.g., Motif
Counts) rather than exact netlist reconstruction, these
reserved vectors act as “structural placeholders.” They al-
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Fig. 6. The architecture of rewriting OPTrans and refactoring OPTrans.

low the embedding space to represent increased structural
complexity without requiring a strict one-to-one mapping
to physical gates.

The model architecture is built around a main residual
connection, which passes the initial embeddings directly to the
final output. This preserves the representation of unchanged
nodes, while the transformative layers learn to compute the
updates. The core building block is repeated four times,
including: (1) Four Transformer layers, each utilizing a multi-
head attention mechanism to capture global dependencies, and
(2) a ResNet block composed of graph convolutional layers
with residual connections to refine local structural features.

By integrating a Transformer for global context, a GCN-
based ResNet for local structure, and the latent expansion
buffer, Rewriting OPTrans effectively captures the dynamics
of the rewriting algorithm. The deep, multi-layered structure
learns the complex transformation for the affected nodes,
while the global residual connection preserves stability for the
unaffected majority.

2) Balancing OPTrans: Balancing is a structurally pre-
dictable transformation aimed at reducing logic depth, as
shown in Fig. 5(b). It proceeds in two main steps: first, it
groups chains of two-input AND gates into larger, multi-input
supergates (covering), and second, it decomposes these as
balanced trees (tree-balancing). A key invariant in this process
is that the root nodes of these logic cones preserve their
functional role and connectivity to the rest of the circuit, while
the internal nodes are systematically reorganized.

This structure, characterized by invariant roots and recon-
structed internals, strongly motivates a U-Net-like architecture
with hierarchical pooling and unpooling layers, inspired by
Graph U-Net [21]. As illustrated in Fig. 7, the Balancing OP-
Trans features a multi-layer encoding path and a corresponding

M
ark To

ke
n

CUT

Encoder Layers

U
n

P
o

o
lin

g

Tran
sfo

rm
er En

co
d

er

Tran
sfo

rm
er En

co
d

er

P
o

o
lin

g

U
n

P
o

o
lin

g

Tran
sfo

rm
er En

co
d

er

Tran
sfo

rm
er En

co
d

er

P
o

o
lin

g

Attention Block

U
n

P
o

o
lin

g

A
tten

tio
n

 B
lo

ck

A
tten

tio
n

 B
lo

ck

P
o

o
lin

g

U
n

P
o

o
lin

g

A
tten

tio
n

 B
lo

ck

A
tten

tio
n

 B
lo

ck

P
o

o
lin

g

Attention Block

U
n

P
o

o
lin

g

A
tten

tio
n

 B
lo

ck

A
tten

tio
n

 B
lo

ck

P
o

o
lin

g

U
n

P
o

o
lin

g

A
tten

tio
n

 B
lo

ck

A
tten

tio
n

 B
lo

ck

P
o

o
lin

g

Skip 
Connection

Tran
sfo

rm
er En

co
d

er

Tran
sfo

rm
er En

co
d

er

Tran
sfo

rm
er En

co
d

er

M
ark To

ke
n

Overview of OPTrans

CUT

M
ark To

ke
n

Overview of OPTrans

CUT

Rewriting and Refactoring OPTrans

Balancing OPTrans

Encoder Layers

U
n

P
o

o
lin

g

Tran
sfo

rm
er

En
co

d
er

P
o

o
lin

g

U
n

P
o

o
lin

g

P
o

o
lin

g

Skip 
Connection

Tran
sfo

rm
er

En
co

d
er

Tran
sfo

rm
er

En
co

d
er

Tran
sfo

rm
er 

En
co

d
er

M
ark To

ke
n

Overview of OPTrans

CUT

M
ark To

ke
n

Overview of OPTrans

CUT

Balancing OPTrans

Tran
sfo

rm
er

En
co

d
er

Tran
sfo

rm
er

En
co

d
er

Tran
sfo

rm
er

En
co

d
er

Tran
sfo

rm
er 

En
co

d
er

++ ++

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

L
ay

er
 N

o
rm

al
iz

e

0 1

5 6

2

43

0 1

5 6

2

43

D
A

G
T

ra
n

s

R
es

N
et

 B
lo

ck

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

×4

Rewriting/Refactoring OPTrans

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
L

P

L
ay

er
 N

o
rm

al
iz

e

M
L

P

L
ay

er
 N

o
rm

al
iz

e

Transformer Layer ResNet Block

0 1

5 6

2

43

0 1

5 6

2

43

D
A

G
T

ra
n

s

R
es

N
et

 B
lo

ck

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

×4

Rewriting OPTrans

M
S

A

L
ay

er
 N

o
rm

al
iz

e

M
S

A

L
ay

er
 N

o
rm

al
iz

e

M
L

P

L
ay

er
 N

o
rm

al
iz

e

M
L

P

L
ay

er
 N

o
rm

al
iz

e

Transformer Layer ResNet Block

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

M
S

A

L
ay

er
 N

o
rm

al
iz

e

M
L

P

L
ay

er
 N

o
rm

al
iz

e

Transformer Layer ResNet Block

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

0 1

5 6

2

43

0 1

5 6

2

43

D
A

G
T

ra
n

s

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
L

P

L
ay

er
 N

o
rm

al
iz

e

M
L

P

L
ay

er
 N

o
rm

al
iz

e

Transformer Layer ResNet Block

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

0 1

5 6

2

43

0 1

5 6

2

43

D
A

G
T

ra
n

s

R
es

N
et

 B
lo

ck

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

×2

Rewriting OPTrans

Rewriting OPTrans

MLP

0 1

5 6

2

43

0 1

5 6

2

43

D
A

G
T

ra
n

s

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Unpooling

Transformer Layer

Unpooling

Transformer Layer

Unpooling

Transformer Layer

Unpooling

Transformer Layer

Unpooling

Transformer Layer

Unpooling

Skip

connection

0 1

5 6

2

43

0 1

5 6

2

43 D
A

G
T

ra
n

s

R
es

N
et

 B
lo

ck

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

T
ra

n
sf

o
rm

er
 L

ay
er

×4

Rewriting OPTrans

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
L

P

L
ay

er
 N

o
rm

al
iz

e

M
L

P

L
ay

er
 N

o
rm

al
iz

e

Transformer Layer

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
L

P

L
ay

er
 N

o
rm

al
iz

e

Transformer Layer

ResNet Block

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

ResNet Block

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

M
L

P

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

S
k

ip

co
n
n

ec
ti

o
n

M
L

P

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

S
k

ip

co
n
n

ec
ti

o
n

M
L

P

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

S
k

ip

co
n
n

ec
ti

o
n

M
L

P

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

S
k

ip

co
n
n

ec
ti

o
n

Balancing OPTrans

0 1

5 6

2

43

0 1

5 6

2

43 D
A

G
T

ra
n

s

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
H

A

L
ay

er
 N

o
rm

al
iz

e

M
L

P

L
ay

er
 N

o
rm

al
iz

e

M
L

P

L
ay

er
 N

o
rm

al
iz

e

Transformer Layer ResNet Block

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

R
el

u

G
ra

g
h
C

o
n
v

PE

MHA

Layer Normalize

MHA

Layer Normalize

MLP

Layer Normalize

MLP

Layer Normalize

MHA

Layer Normalize

MLP

Layer Normalize

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

ResNet Block

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

ResNet Block

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer  Layer

ResNet Block 

OPTrans Block

Rewriting & Refactoring

OPTrans

ResNet Block

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

O
P

T
ra

n
s 

B
lo

ck

O
P

T
ra

n
s 

B
lo

ck

O
P

T
ra

n
s 

B
lo

ck

O
P

T
ra

n
s 

B
lo

ck

0 1

5 6

2

43

0 1

5 6

2

43

D
A

G
T

ra
n

s

PE

Rewriting & Refactoring

OPTrans

O
P

T
ra

n
s 

B
lo

ck

O
P

T
ra

n
s 

B
lo

ck

O
P

T
ra

n
s 

B
lo

ck

O
P

T
ra

n
s 

B
lo

ck

MHA

Layer Normalize

MHA

Layer Normalize

MLP

Layer Normalize

MLP

Layer Normalize

MHA

Layer Normalize

MLP

Layer Normalize

Transformer  Layer

MHA

Layer Normalize

MLP

Layer Normalize

Transformer  Layer

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

ResNet Block ResNet Block 

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

Relu

GraghConv

ResNet Block 

ResNet Block

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

ResNet Block

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

OPTrans Block

ResNet Block

Transformer Layer

Transformer Layer

Transformer Layer

Transformer Layer

OPTrans Block

M
L

P

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

S
k

ip

co
n
n

ec
ti

o
n

M
L

P

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

U
n

p
o
o

li
n

g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

T
ra

n
sf

o
rm

er
 L

ay
er

P
o

o
li

n
g

S
k

ip

co
n
n

ec
ti

o
n

Balancing OPTrans
MLP

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Unpooling

Transformer Layer

Unpooling

Transformer Layer

Unpooling

Transformer Layer

Unpooling

Skip

connection

MLP

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Unpooling

Transformer Layer

Unpooling

Transformer Layer

Unpooling

Transformer Layer

Unpooling

Skip

connection

Transformer Layer

Pooling

Transformer Layer

Pooling

Transformer Layer

Unpooling

Transformer Layer

Unpooling

Fig. 7. The architecture of balancing OPTrans.

decoding path, connected by a central bottleneck and skip
connections.

The encoding path comprises a series of blocks, each con-
sisting of a Transformer layer followed by a pooling operation.
The Transformer layer processes the node embeddings to
capture global dependencies via self-attention, similar to the
rewriting OPTrans. The subsequent pooling layer is designed
to progressively downsample the graph embeddings, selecting
and compressing the most salient features while reducing
dimensionality. This process iteratively extracts higher-level,
abstract representations as information flows deeper into the
encoder.

At the bottleneck of the encoder, the most compressed repre-
sentation is passed through an MLP, which acts as a projection
mapping the invariant node features to their counterparts in the
balanced circuit. Symmetrically, the decoding path consists
of unpooling operations followed by Transformer layers. The
unpooling layer is responsible for restoring dimensionality
and propagating the learned changes back to individual node
embeddings. Crucially, skip connections (dashed gray arrows
in Fig. 7) are employed to directly transfer features from the
encoding path to the corresponding levels of the decoding path.
These connections are vital for preserving fine-grained details
that might otherwise be lost during pooling, thereby allowing
the decoder to reconstruct the transformed circuit embeddings
with high fidelity.

Leveraging Transformer layers for global context and
pooling/unpooling operations for multi-scale processing, the
encoder-decoder architecture enables Balancing OPTrans to
explicitly capture the structural equivalences inherent to the
balancing algorithm. Consequently, it effectively predicts the
resulting depth reduction and structural reorganization.

3) Refactoring OPTrans: Refactoring serves as a special-
ized variation of rewriting. While it shares the underlying
mechanism of subgraph replacement, its primary objective is
to mitigate logic reconvergence by identifying and synthe-
sizing factored-form representations. Consequently, although
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refactoring remains a localized transformation, it targets dis-
tinct structural outcomes compared to standard rewriting.

Given this operational similarity, we reuse the masked
residual architecture for the Refactoring OPTrans. This strat-
egy is both parameter-efficient and architecturally unified.
Despite sharing the same framework, the model is trained
with a distinct set of weights, enabling it to specialize in
the nuances of refactoring. By doing so, the model learns
a transformation function tailored to specific structural mod-
ifications—such as creating shared logic to reduce fan-out
reconvergence—thereby distinguishing itself from pure size-
minimizing rewriting.

4) Scalability Analysis: Although the current instantiation
of OPTrans focuses on only three representative operators,
the proposed Transformer-based architecture is designed to
support the scalability requirements of modern logic synthesis
tools, driven by its representation learning capabilities.

• Intra-operator (e.g., rewrite -z): The model supports
parameter extensions via hierarchical prediction heads,
leveraging the fine-grained structural features already
captured by the encoder.

• Inter-operator (e.g., resubstitution): We clarify that OP-
Trans predicts latent feature representations rather than
explicit structural modifications. Therefore, extending
to other operators does not require a new modeling
paradigm, but rather the construction of a tailored Trans-
former structure. By configuring the attention mechanism
to aggregate global functional dependencies into the
feature vectors, the framework can effectively simulate
operators, decoupling the feature learning from the other
specific Boolean transformations.

C. Training Tasks

To produce meaningful embeddings that capture both fine-
grained gate properties and global circuit statistics, we employ
a multi-task learning strategy. This process is divided into
specific gate-level and graph-level objectives.

1) Gate Level Tasks: We enforce context-aware node repre-
sentations through two mechanisms: functional prediction and
structural contrast.

To capture the functional behavior of gates, we adopt
the logic-1 probability as a supervision target. Estimated
via extensive logic simulation, this probability serves as a
continuous and differentiable proxy for the discrete truth table.
By predicting this value, the model is compelled to capture the
probabilistic behavior of the entire logic cone. We minimize
the Mean Absolute Error (MAE) between the predicted
probability and the simulated ground truth pk:

Lgate
prob =

1

|V |
∑
k∈V

|pk − MLPprob(hk)| (5)

To encode structural similarity, we employ a contrastive
learning mechanism. We define similarity based on the motif
vectors encoded in Section IV. For any given anchor node
va, we identify a positive sample vp as a node with a highly
similar motif vector (normalized Hamming distance < τ ), and
a negative sample vn as a node with a dissimilar vector. We

minimize the triplet margin loss to pull similar nodes closer
while pushing dissimilar ones apart:

Lgate
dist =

1

|T |
∑

(a,p,n)∈T

max
(
0, d(ha, hp)− d(ha, hn) + α

)
(6)

where d(·) denotes the squared Euclidean distance and α is
the margin hyperparameter.

2) Graph Level Tasks: A graph-level embedding hgraph is
obtained via a sum readout to capture global circuit composi-
tion and physical metrics.

We predict the motif vector Mg with MSE loss, forcing the
global embedding to retain information about circuit building
blocks:

Lgraph
motif =

1

|G|
∑
g∈G

||Mg − MLPmotif (h
graph
g )||22 (7)

Crucially, to ground the abstract representation in pragmatic,
physical-level outcomes, we perform regression on the post-
synthesis Area and Delay using Mean Squared Error (MSE):

Lgraph
area =

1

|G|
∑
g∈G

(Areag − MLParea(h
graph
g ))2 (8)

Lgraph
delay =

1

|G|
∑
g∈G

(Delayg − MLPdelay(h
graph
g ))2 (9)

3) Two-Phase Optimization Strategy: Instead of optimizing
all objectives simultaneously, we employ a curriculum learning
strategy to establish a high-fidelity static space before learning
dynamic evolution.

Phase 1: Static Representation Pre-training. We focus
on training the DAGTrans encoder. The loss function is a
weighted sum of the static tasks, ensuring precise magnitude
calibration for physical properties:

LPhase1 = λ1L
prob
gate + λ2L

dist
gate

+ λ3L
motif
graph + λ4(L

area
graph + Ldelay

graph) (10)

Phase 2: Optimization Transformation Learning. We
introduce OPTrans dynamics model while freezing the en-
coder. To capture evolution of circuits during optimization, we
minimize the Cosine Embedding Loss between the predicted
next-state embedding ĥt+ 1 and the ground truth ht+ 1:

ĥt+1 = TOPT (ht) (11)
ht+1 = TDAG(Gt+1) (12)

LPhase2 = 1− CosineSimilarity(ĥt+1, ht+1) (13)

This decoupling ensures the embedding space is first geomet-
rically structured to reflect physical metrics , and then trained
to preserve semantic orientation during state transitions.

VI. EXPERIMENTS

A. Preparation and Setup

• Dataset and Tools: We utilize the DeepGate dataset [25],
comprising 10,824 AIG subcircuits. The dataset is strictly
partitioned into training, validation, and testing sets with
an 8:1:1 ratio. The ground-truth labels for optimized
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TABLE I
LOSS COMPARISON WITH DIFFERENT REPRESENTATION MODELS FOR TASKS ON TEST DATASET

Loss
Model GraphSAGE [22] DeepGate2 [1] DeepGate3 [2] PolorGate [12] HOGA [17] DAGformer [23] GraphFormer [24] Our DAGTrans

Lprob 0.3072 0.0225 0.0159 0.0276 0.157 0.1572 0.2189 0.0102
Ldist 1.714 0.8598 0.8163 0.9122 1.3128 1.211 1.598 0.6316

Lmotif 1.533 0.8352 0.6924 0.8965 1.4980 0.6309 0.9553 0.5013
Larea 0.9836 0.2826 0.1594 0.1662 1.16 0.4325 0.5331 0.0836
Ldelay 0.9861 0.7892 0.2291 0.3427 4.9061 0.925 0.6775 0.2095

TABLE II
PERFORMANCE COMPARISON OF DIFFERENT OPTIMIZATION ALGORITHMS FOR GRAPH-LEVEL PREDICTION

Optimization Algorithm MSE GraphSAGE DeepGate2 DeepGate3 PolarGate CircuitFlow
Loss Reduction Loss Reduction Loss Reduction Loss Reduction Loss Reduction

Balancing
Motif 1.900 20.33% 1.032 26.08% 0.7908 14.21% 1.1209 25.03% 0.6248 19.83%
Area 1.288 30.95% 0.4836 71.13% 0.2376 49.05% 0.2780 67.28% 0.0995 19.01%
Delay 1.502 52.32% 1.020 29.24% 0.3117 36.05% 0.5076 48.11% 0.255 20.95%

Rewriting
Motif 1.960 24.13% 1.133 38.42% 0.8116 17.22% 1.0715 19.52% 0.6116 17.29%
Area 1.350 37.25% 0.4690 65.96% 0.2394 50.19% 0.2827 70.12% 0.1078 28.94%
Delay 1.726 75.03% 0.9663 22.44% 0.2933 28.02% 0.5354 56.23% 0.2064 24.29%

Refactoring
Motif 2.086 32.11% 0.9461 15.58% 0.7965 15.03% 1.1055 23.31% 0.5583 7.07%
Area 1.211 23.12% 0.4665 65.07% 0.249 56.21% 0.2679 61.19% 0.0988 18.18%
Delay 1.965 99.27% 1.041 31.91% 0.2702 17.94% 0.5215 52.18% 0.2850 24.18%

circuits are generated using the logic synthesis tool
ABC [26] with three optimization commands: balance,
rewrite, and refactor. To evaluate the QoR, we map the
circuits using the asap7.lib [27] technology library.

• Implementation Details: Our proposed framework, Cir-
cuitFlow, is implemented using PyTorch Geometric
(v2.0.2) with PyTorch (v1.9.1). (1) Architecture: For
DAGTrans, we employ a single round of message pass-
ing with a hidden dimension of d = 128. The leaf-
aggregation mechanism utilizes a multi-head attention
module with 4 heads. For OPTrans, the Rewriting and
Refactoring models consist of 4 OPTrans Blocks. The
Transformer components are uniformly configured with
4 attention heads , a hidden dimension of 128, and a
dropout rate of 0.1. The Balancing OPTrans utilizes a U-
Net-like structure with 4 encoder layers and 4 decoder
layers. (2) Prediction Heads: The downstream prediction
heads for each task are MLPs, consisting of a Linear
layer, a ReLU activation, another Linear layer, and a final
Sigmoid function for normalization.

• Baselines: We compare our model against a compre-
hensive set of baselines: GraphSAGE [22] (implemented
in Gamora [28]), DeepGate2 [1], DeepGate3 [2], Po-
larGate [12], HOGA [17], and GraphFormer [29]. To
ensure a fair comparison, all baselines are configured with
a hidden dimension of 128. For specific configurations:
– DeepGate2: We utilize the Stage-2 model.
– PolarGate: We configure the model depth with L = 9.
– Others: We follow the default architectures in their

public codes.
• Training Configuration: All models are trained using

the Adam optimizer [30] with a weight decay of 1 ×
10−10 on a single NVIDIA V100 DGXS 32GB GPU.
The training is conducted in two phases:
– Phase 1 : We train for a maximum of 80 epochs with

an early stopping patience of 20 epochs. The learning
rate is set to 1 × 10−4. The weight parameters λ are
all set to 1.

– Phase 2 : We train for a maximum of 200 epochs with
an early stopping patience of 50 epochs. The learning
rate is refined to 1× 10−5.

B. Evaluation on Different Tasks

The overall performance on test datasets is summarized
in Table I. The results highlight three key advantages of
DAGTrans:

1. Dominance in Physical Prediction: DAGTrans achieves
an order-of-magnitude reduction in physical metric losses.
Specifically, for Larea, our model reaches 0.0836, which is
nearly half lower than the runner-up DeepGate3 (0.1594).
Similarly, for Ldelay, we outperform PolarGate (0.3427) with
a loss of 0.2095. This suggests that our leaf-aggregation
mechanism effectively synthesizes path-critical information,
enabling precise regression of global QoR metrics.

2. Balanced Functional and Structural Fidelity: While
DeepGate3 remains competitive in functional prediction
(Lprob of 0.0159 vs. our 0.0102), it struggles with structural
fidelity (Ldist of 0.8163 vs. our 0.6316). This indicates that
while simulation-guided baselines capture “what the circuit
does,” they miss “how it is built.” DAGTrans bridges this
gap by explicitly encoding motifs, ensuring both logic and
topological patterns are preserved.

3. Inadequacy of Generic GNNs and Graph Transform-
ers: General-purpose models, ranging from GNNs like Graph-
SAGE to Transformers like GraphFormer, exhibit substantially
higher losses across tasks (e.g., GraphSAGE Ldist = 1.714,
GraphFormer Ldist = 1.598). This confirms that neither
isotropic message passing nor standard global attention mech-
anisms can effectively capture the directed logic flows inherent
in circuits, validating the need for domain-specific architecture.
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C. Evaluation on Different Optimization Algorithms

To evaluate the model’s performance under distribution
shifts, we test graph-level prediction accuracy on circuits
transformed by Balancing, Rewriting, and Refactoring. The
results in Table II provide two critical insights regarding
generalization and domain adaptation.

1. Superior Generalization Capability: The MSE metric
directly reflects the model’s ability to generalize to “out-
of-distribution” (OOD) samples generated by optimization
operators. Direct Analysis: As the circuit structures change
significantly after optimization, baseline models fail to gen-
eralize. For instance, DeepGate2’s Area MSE degrades to
≈ 0.48, and Delay MSE exceeds 1.0. GraphSAGE performs
even worse with losses over 1.2. CircuitFlow Performance: In
contrast, CircuitFlow demonstrates exceptional generalization.
Despite the structural shifts, it maintains a low Area MSE
of ≈ 0.10 and Delay MSE of ≈ 0.25 across all algorithms.
Where DeepGate3 achieves a comparable Delay loss (0.2702)
to CircuitFlow (0.2850), our model consistently dominates in
all other metrics, proving its robust generalization capability
on unseen structural patterns.

2. Mitigation of the Domain Gap: The “Reduction”
column quantifies the performance degradation (percentage
increase in loss) on optimized circuits compared to the general
test set results in Table I. This comparison explicitly reveals
the magnitude of the Domain Gap. However, the magnitude
of this error indicates how effectively a model bridges this
gap. Baselines succumb to the domain gap, with DeepGate2
exhibiting Area reduction errors as high as 71.13% (Balancing)
and 65.96% (Rewriting), rendering them unreliable for guiding
optimization. Conversely, CircuitFlow effectively minimizes
the impact of the domain gap. Its reduction errors are consis-
tently controlled between 7.07% and 28.94%. This significant
reduction in error proves that CircuitFlow successfully adapts
to the shifted domain, providing a stable and reliable signal
for downstream optimization tasks.

D. Validation of CircuitFlow

To rigorously quantify the contribution of the OPTrans
module, we conduct a comparative study across three exper-
imental settings, effectively establishing a lower bound, an
upper bound, and our model’s performance.

• DAGTrans Original (Zero-shot Baseline): We directly ap-
ply the DAGTrans model trained on unoptimized circuits
to predict the QoR of optimized circuits. High loss here
indicates a domain gap.

• DAGTrans Optimized (Oracle Upper Bound): We re-train
DAGTrans from scratch using the ground-truth optimized
circuits. This represents the theoretical best performance
achievable if the model had full access to the target
geometry.

• CircuitFlow (Proposed): We use the full framework: the
pre-trained DAGTrans embeds the unoptimized circuit,
and OPTrans predicts the metrics of the optimized state
without seeing the optimized netlist.

Table III reveals three critical insights:

TABLE III
VALIDATION OF CIRCUITFLOW

Settings MSE Balancing Rewriting Refactoring

DAGTrans
Original

Motif 0.9618 0.9262 1.026
Area 0.723 0.8002 0.6756
Delay 0.8845 0.7962 0.8419

DAGTrans
Optimized

Motif 0.5091 0.5119 0.5180
Area 0.0385 0.0367 0.0337
Delay 0.1549 0.1686 0.1707

CircuitFlow
Motif 0.6248 0.6116 0.5583
Area 0.0995 0.1078 0.0988
Delay 0.2550 0.2604 0.2850

TABLE IV
ABLATION STUDY OF DAGTRANS

Loss
Setting DAGTrans DAGTrans w/o

leaf aggr.
DAGTrans w/o
motif encoding

Lprob 0.0102 0.0334 0.0133
Ldist 0.6316 0.9615 1.022

Lmotif 0.5214 0.7108 0.9856
Larea 0.0436 0.1546 0.1723
Ldelay 0.2095 0.2278 0.4832

TABLE V
ABLATION STUDY OF OPTRANS

Settings MSE Balancing Rewriting Refactoring

Deepgate2 +
Vanilla Transformers

Motif 1.315 1.598 1.469
Area 0.7963 0.8327 0.8801
Delay 1.513 2.082 1.7628

Deepgate2 +
OPTrans

Motif 0.9240 1.137 1.205
Area 0.5128 0.5324 0.6011
Delay 0.9286 1.267 1.303

DAGTrans +
Vanilla Transformers

Motif 0.6332 0.8923 0.9019
Area 0.2124 0.6722 0.7031
Delay 0.3392 0.7138 0.6533

CircuitFlow
Motif 0.6248 0.6116 0.5583
Area 0.0995 0.1078 0.0988
Delay 0.2550 0.2604 0.2850

1. Confirmation of Domain Gap: The high losses of
DAGTrans Original (e.g., Delay consistently > 0.80) confirm
that static encoders trained on unoptimized circuits fail to
generalize to the shifted distribution of optimized variants.

2. Effective Gap Bridging: CircuitFlow dramatically re-
duces these errors, proving its ability to learn structural trans-
formations. For Balancing, the Area loss drops precipitously
from 0.723 to 0.0995.

3. Near-Oracle Fidelity: Crucially, our predictive perfor-
mance approaches that of the DAGTrans Optimized oracle
(Area loss ≈ 0.037). This demonstrates that CircuitFlow
recovers the majority of structural information, serving as a
high-fidelity surrogate for expensive synthesis runs.

E. Ablation Study

1) Validation of DAGTrans: To validate the architectural
contributions of DAGTrans, we conduct ablation studies on
two key components: the leaf aggregation mechanism and the
motif-based embedding. The quantitative results are presented
in Table IV.

• DAGTrans w/o leaf aggr.: We replace our attention-
based leaf aggregation with the standard predecessor
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(a) (b) (c) (d)
Fig. 8. The accumulated error of CircuitFlow.

aggregation used in DAGNN [31], testing the importance
of global context aggregation.

• DAGTrans w/o motif encoding: We remove the motif-
based initialization and use one-hot encoding of gate
types instead, evaluating the necessity of embedding
higher-order topological information.

1. Impact of Leaf Aggregation: Removing this mechanism
causes Area MSE to surge by 254.6% (to 0.1546), confirming
its criticality for capturing global path dependencies required
for physical metric estimation.

2. Impact of Motif Encoding: Replacing motifs with sim-
ple gate types increases structural distance loss by 61.8% and
roughly doubles Delay MSE. This highlights that motifs are
essential for embedding high-order functional and structural
properties that one-hot encodings miss.

2) Validation of OPTrans: To validate the architectural
design of OPTrans, we evaluate its effectiveness as a dynamic
updater against a standard baseline across different backbone
encoders. The results are summarized in Table V.

We employ a 2× 2 factorial design comparing:
• Backbones: DeepGate2 [1] (SOTA simulation-based en-

coder) vs. DAGTrans (Ours).
• Updaters: Vanilla Transformer vs. OPTrans. Note that

the Vanilla Transformer is configured with identical hy-
perparameters (e.g., layers, heads, hidden dimensions) to
the Transformer module within OPTrans, but it lacks the
specialized hybrid components such as the residual blocks
and latent expansion buffers.

1. Architectural Superiority: OPTrans consistently out-
performs the Vanilla baseline. On the DeepGate2 backbone,
upgrading to OPTrans reduces Rewriting Delay loss by ≈ 39%
(from 2.082 to 1.267). Similarly, on DAGTrans, Rewriting
Area loss drops dramatically from 0.6722 to 0.1078. This
confirms that standard Transformers struggle with the “local-
edit, global-impact” nature of logic optimization, whereas
OPTrans’s specialized hybrid architecture captures these dy-
namics effectively.

2. Model Generality: Crucially, OPTrans functions as a
generic, plug-and-play dynamic head. Even with the fixed
DeepGate2 backbone, integrating OPTrans yields substantial
gains (e.g., Balancing Area loss improves from 0.7963 to
0.5128). This demonstrates that OPTrans successfully extracts
the dynamic sensitivity of circuits, effectively complementing
the static features learned by various state-of-the-art encoders.

F. Analysis of Sequential Error Accumulation
To evaluate the stability of our model in recursive gener-

ation tasks, we conducted a long-horizon rollout experiment

(L = 10) on the EPFL log2 circuit. At each step, the model
predicts the next-state embedding, which is then recursively
used as input for the subsequent step. Fig. 8 visualizes
the trajectories of both optimization performance and model
fidelity through four distinct metrics:

• Settings: Configurations (a), (b), and (c) only employ
a single rewriting, refactoring, or balancing operation,
respectively. resyn2’ is derived from resyn2 by
omitting the −z parameter.

• per1: The ground-truth Area-Delay Product (ADP) at
each step, simulated by ABC and normalized by the
initial circuit’s ADP.

• per2: The predicted normalized ADP, inferred recur-
sively from the model’s embeddings.

• sim1: The numerical ratio between the predicted QoR
and the actual QoR.

• sim2: The Cosine Similarity between the predicted em-
bedding (from OPTrans) and the ground-truth embedding
(from DAGTrans).

As illustrated in Fig. 8, a divergence emerges between the
two metrics during recursive rollout. The decay in embedding
similarity (sim2) confirms that cumulative errors are present
and inevitable over long horizons. However, the QoR pre-
diction similarity (sim1) remains consistently high (> 0.9),
yielding two key insights:

• Robust Semantic Preservation: The stability of sim1
despite the drift in sim2 suggests that OPTrans pre-
serves underlying circuit semantics even when latent
embeddings shift. The non-linear nature of the network
effectively maps these “drifted” embeddings to accurate
QoR estimates, bridging the structural-semantic gap.

• Learning Sufficiency: This sustained predictive accu-
racy under multi-step stress tests proves that CircuitFlow
learns robust optimization trajectories rather than simple
point-to-point mappings.

Therefore, the impact of cumulative error on downstream
tasks is significantly mitigated, ensuring reliable QoR estima-
tion for optimization sequences.

VII. DOWNSTREAM TASKS

This section demonstrates CircuitFlow’s utility and ro-
bustness in two critical logic synthesis tasks: optimization
sequence generation and Combinational Equivalence Checking
(CEC). By leveraging its learned representations and predictive
capabilities, we not only enhance traditional QoR metrics but
also introduce a novel paradigm of orientational optimization.
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TABLE VI
AREA-DELAY COMPARISON, TOTAL RUNTIME COMPARISON IN LOGIC OPTIMIZATION BETWEEN DRILLS AND ITS MODIFICATION.

Benchmark
Resyn2′ Original DRiLLS CircuitFlow + DRiLLS

Area
(um2)

Delay
(ps)

Area
(um2)

Delay
(ps)

Time
(min.)

Best
iteration

Area
(um2)

Delay
(ps)

Time
(min.)

Best
iteration

ADP
Impr.

Time
Impr.

arbiter 7495.29 1036.38 7495.29 1036.38 48.66 3 7495.29 1036.38 9.70 1 0% 5.02×
priority 671.61 2361.86 548.67 1661.08 32.71 48 523.48 1409.22 8.07 7 23.54% 4.05×
cavlc 463.76 280.75 464.23 274.42 9.71 23 463.53 274.42 5.72 3 0.15% 1.70×

int2float 147.67 151.72 148.13 139.94 9.56 10 146.5 140.47 8.97 4 0.73% 1.06×
voter 15519.19 968.11 14315.13 889.31 33.23 62 14179.22 896.55 10.90 5 0.14% 3.04×

mem ctrl 31716.05 3598.3 31686.19 3543.12 86.97 76 31749.64 3534.47 17.36 6 0.04% 5.01×
dec 290.2 112.91 290.2 112.91 9.19 5 290.2 112.91 6.96 1 0% 1.32×
i2c 900.23 276.08 928.69 235.16 9.92 15 902.33 238.05 5.85 2 1.67% 1.70×

router 161.9 245.18 135.54 214.26 8.95 20 143 187.76 7.32 8 8.16% 1.22×
ctrl 83.98 160.88 83.98 136.51 32.70 74 83.75 102.28 9.41 40 33.83% 3.47×

Avg. 5744.988 919.217 5609.605 824.309 28.16 33.6 5597.694 793.251 9.026 7.7 3.97% 3.11×

TABLE VII
QOR AND RUNTIME COMPARISON BETWEEN CBTUNE AND ITS

MODIFICATION.

benchmark
CBtune CircuitFlow + CBtune

Area
(um2)

Delay
(ps)

Time
(s)

Area
(um2)

Delay
(ps)

Time
(s)

ADP
Impr.

arbiter 7495.29 1036.38 27.82 7495.29 1036.38 36.31 0.00%
priority 598.22 1850.53 21.21 558.6 1354.89 26.56 46.27%
cavlc 459.1 284.51 21.95 463.53 274.42 32.07 2.69%

int2float 147.67 151.72 18.65 147.67 143.63 26.01 5.63%
voter 14154.5 948.25 28.12 14182.49 946.93 37.57 -0.06%

mem ctrl 31546.92 3752.8 30.72 31610.43 3694.3 39.73 1.38%
dec 290.2 112.91 21.97 290.2 112.91 31.39 0.00%
i2c 896.96 269.56 20.77 896.96 267.98 31.1 0.59%

router 145.05 254.84 18.13 136.24 216.57 25.9 25.28%
ctrl 83.98 122.63 20.27 83.98 104.32 29.3 17.55%

Avg. 5581.79 878.41 22.96 5586.539 815.23 31.59 7.11%

A. Optimization Sequence Generation

In logic synthesis, the optimization process aims to enhance
the QoR of the mapped netlist. The efficacy of this process
is highly dependent on the sequence in which different opti-
mization algorithms are applied. To address this challenge, we
leverage the predictive capabilities of our model by integrating
it separately into DRiLLS [13], a reinforcement learning
framework, and CBtune [14], a bandit-based approach, to
generate optimal optimization sequences.

1) Experiment Settings: Our integration involves three key
modifications to the original DRiLLS framework:

• State Representation: We replace the original AIG state
representation in DRiLLS and CBtune with the graph
embeddings generated by CircuitFlow. These embeddings
are then fed into the Actor network (in DRiLLS) or bandit
agent (in CBtune) to inform the policy for selecting the
next action (i.e., the next optimization algorithm).

• QoR Prediction: During each iteration of the sequence
generation, we use CircuitFlow to rapidly predict the QoR
of the circuit after applying a candidate optimization. This
avoids the time-consuming process of running the actual
synthesis tool at each step. For final validation, the QoR
of the complete 10-step sequence is computed using the
standard ABC command to ensure accuracy.

• Action Space: To maintain consistency with the training
domain of CircuitFlow, the set of available optimization

commands is limited to {rewrite, refactor, balance}.
The sequence length is fixed at 10 to provide a fair
comparison against the revised script resyn2′.

To evaluate the efficacy of our method, we conducted
experiments on the EPFL benchmarks [32] using the
asap7.lib technology library. We set the maximum iter-
ations in DRiLLS to 100 for full exploration and set the delay
constraint to a sufficiently large value to relax timing require-
ments, while keeping other experimental settings consistent
with the original implementations of DRiLLS [13] and CBtune
[14].

2) Experiment Result: Analysis of DRiLLS integration :
Table VI compares our CircuitFlow-integrated DRiLLS against
the baseline resyn2′ and the original DRiLLS. The analysis
reveals two major findings: (1) CircuitFlow DRiLLS achieves
a notable average improvement of 3.97% in Area-Delay
Product (ADP) over the original DRiLLS. This demonstrates
that the graph embeddings from CircuitFlow are effective
circuit representations for the reinforcement learning agent.
For certain circuits, the improvement is substantial, such as
ctrl (33.83%) and priority (23.54%); and (2) More
significantly, CircuitFlow + DRiLLS shows a reduction both
in runtime and iteration. The primary reason for this speedup
is that the fast and accurate QoR prediction from CircuitFlow
enables the RL agent to find a high-quality solution in fewer it-
erations, as shown in the “Best iteration” in Table VI. Besides,
avoiding the time-consuming process of running the actual
synthesis tool at each step also reduces the total consuming
time. For example, for cavlc, the original DRiLLS took
48 iterations, whereas the CircuitFlow + DRiLLS finds a
better solution in just 7 iterations. This efficiency not only
validates the predictive accuracy of CircuitFlow but also
proves the practical value of representative learning models
in downstream tasks.

Analysis of CBtune integration: Table VII shows the
comparison result of CBtune and highlights the impact of the
enhanced contextual information. While in DRiLLS experi-
ment, where runtime reduction was a key benefit, integrating
CircuitFlow introduces a slight time overhead due to model in-
ference and executing at each search step. However, this trade-
off proves highly beneficial for the quality of the final result.
For instance, CircuitFlow + CBtune achieves a remarkable
46.27% ADP improvement for the priority benchmark
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and 25.28% for router. This experiment demonstrates that
CircuitFlow can serve not just as a state representation for
deep RL, but also as a contextual information provider for
other learning algorithms, empowering them to find higher-
quality solutions.

B. Orientational Optimization

Different from existing methods that merely predict the
best achievable Quality of Results (QoR), CircuitFlow en-
ables a novel paradigm: Orientational Optimization. This task
aims to steer a circuit’s evolution toward a specific target
structural pattern. Formally, given a starting circuit Gstart

and a target circuit Gtarget (or a target structural embedding
htarget), the objective is to find an optimization sequence
R = (a1, a2, · · · , an) such that the structural distance between
the transition circuit Gtrans and Gtarget is minimized.

1) Methodology and Lookahead Mechanism: To solve this
exploration problem, we integrate CircuitFlow into the Advan-
tage Actor-Critic (A2C) framework. The detailed workflow is
as follows:

1) Target Definition: We first compute the motif-based
embedding of the start and target circuit, denoted as
Mstart and Mtarget.

2) Action Selection via Prediction: We utilize the pre-
trained DAGTrans to encode the current circuit Gstart

into a high-dimensional embedding. This embedding
serves as the state observation for the RL agent:

st = ht = TDAG(Gstart) (14)

3) A2C Decision: We employ an Actor-Critic agent to
navigate the optimization space. At each timestep t, the
Actor network π(a|s; θ) takes the current state embedding
st as input and samples an optimization action at from
the learned policy distribution:

at ∼ π(at|st; θ) (15)

4) CircuitFlow-Guided Reward Mechanism: To guide the
agent toward the target structure, we design a dense
reward based on the CircuitFlow motif embeddings. We
calculate the cosine similarity improvement between the
current motif distribution Mt and the target Mtarget:

Mt = MLPmotif (TOPT (ht, at))

rt =

(
1− Cos(Mt,Mtarget)

Cos(Mstart,Mtarget)

)
− gt−1

(16)

where gt−1 is the similarity score of the previous step.
This reward signal incentivizes the agent to choose ac-
tions that maximize structural alignment with the target.

2) Experiment Settings: We implement the proposed frame-
work based on the open-source logic synthesis reinforcement
learning environment, DRiLLS [13]. To ensure a fair compari-
son and robust evaluation, the experimental setup is configured
as follows:

• Implementation Details: The Actor and Critic networks
are implemented as Multi-Layer Perceptrons (MLPs) with
two hidden layers. The input dimension matches the
CircuitFlow embedding size.

ar
bit

er

pr
ior

ity
ca

vlc

int
2fl

oa
t

vo
ter

mem
_c

trl de
c i2c

ro
ut

er ctr
l

0

10

20

30

40

50

60

It
er

at
io

n 
C

ou
nt

DRiLLS Iterations
CF+DRiLLS Iterations
Random Sim (%)
DRiLLS Sim (%)
CF+DRiLLS Sim (%)

0

20

40

60

80

100

Si
m

ila
ri

ty
 (%

)

Fig. 9. Performance comparison on similarity and iteration of orientational
optimization.

• Episode Configuration: To impose a constraint on the
optimization cost, we set the maximum episode length to
T = 10 steps.

• Target Generation: The target circuits (Gtarget) are
generated by applying random optimization sequences
(length=10) to circuits selected from the EPFL bench-
mark suite. This ensures the targets are reachable but
structurally distinct from the start states.

• Episode Termination Criteria: To balance exploration
efficiency and computational cost, an episode terminates
if either of the following conditions is met:

1) Convergence: The cosine similarity between the cur-
rent motif distribution Mt and the target Mtarget ex-
ceeds 95%, indicating successful structural alignment.

2) Time Limit: The agent reaches the maximum step
limit of T = 10.

• Baselines: We compare our CircuitFlow-guided A2C
agent against two baselines: (1) Random Exploration,
which samples valid optimization recipes uniformly; and
(2) Standard DRiLLS, which utilizes standard A2C
network.

3) Experiment Result: Fig. 9 compares the performance
of iteration and similarity across ten benchmarks. The base-
line random strategy is to generate the recipe randomly and
achieves only moderate similarity in most cases, e.g., 70%
for priority, 71.7% for voter, and 55.8% for ctrl.
Additionally, the result of random generation is the best of
50 iterations, and in some iterations, the similarity can be
as low as 20% for some circuits. In contrast, the modified
DRiLLs method significantly improves the similarity in some
iterations. With most of them are reaching a similarity over
90%, it proves the feasibility and availability of orientational
optimization. For instance, for priority and ctrl, simi-
larity increase from 70% to 89.7% and from 55.8% to 95.5%
after several iterations of RL agent, respectively. Furthermore,
the CircuitFlow + DRiLLS, which can predict the motif
number of next optimization, consistently achieve the highest
similarity, reaching nearly 100% similarity nearly all bench-
marks. For priority, cavlc, int2float and ctrl,
the same graph (100% similarity) is obtained. Importantly, the
improvement is achieved within minimal iterations, showing
that the motif-guided optimization effectively accelerate the
optimization process towards the required circuits.
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Fig. 10. CEC time comparison.

In summary, the RL framework significantly outperforms
random exploration in orientational optimization, while the
CircuitFlow enhanced motif prediction can further accelerate
convergence and steers optimization towards the desired AIG
structures with near-perfect similarity.

4) Application: Beyond static prediction, our framework
offers a novel approach to enhancing the CEC process.
CEC traditionally verifies if two circuits are functionally
identical, often relying on computationally intensive methods
like simulation, SAT sweeping [33], or structural hashing.
A key insight is that structural similarity between circuits
significantly eases CEC by structural hashing [33], [34].
Therefore, by making circuits more structurally alike, we can
accelerate the equivalence verification. We leverage this by
integrating our framework into a similarity-driven optimization
pipeline. When two circuits require equivalence checking,
we first compute their structural similarity using our learned
embeddings. If this similarity is below a certain threshold, we
apply orientational optimization to the larger circuit, guiding
its transformation towards smaller circuit. To evaluate this, we
conducted experiments in two steps:

• Baseline CEC: We first measured the CEC time for a set
of benchmark circuits against optimized target circuits
generated by random optimization recipes.

• Optimization CEC: Subsequently, we applied our ori-
entational optimization to steer the benchmarks towards
these same target circuits and then re-measured the CEC
time between the newly optimized benchmarks and their
respective targets.

Fig. 10 shows the runtime of standard CEC and our opti-
mized CEC framework. Overall, our method demonstrates a
clear improvement in equivalence checking efficiency on most
benchmarks. In most cases, the runtime is largely reduced at
ranging from 20% to 82%, such as cavlc and arbiter. But
in router and voter, there is no improvement, probably
because the scale of the circuit is limited. On the other hand,
mem_ctrl and voter, which are larger than other circuits,
have greater improvements, indicating that orientational opti-
mization may be more effective when the circuit is larger.

In summary, these results confirm that increasing structural
similarity through our orientational optimization can signif-

icantly reduce the runtime of equivalence checking in most
cases, thereby validating the practical benefit of integrating
our framework into CEC.

VIII. CONCLUSIONS AND DISCUSIONS

In this work, we propose CircuitFlow to bridge the se-
mantic gap in dynamic logic optimization. By integrating
motif-aware static encoding (DAGTrans) with dynamic latent
simulation (OPTrans), the framework effectively captures
circuit evolution, reducing physical metric prediction loss
by up to 72% and accelerating downstream optimization
by 3.11×. Future work envisions three key directions: (1)
exploring scalable representation methodologies to efficiently
extend CircuitFlow to ultra-large, industrial-scale circuits; (2)
incorporating a broader spectrum of optimization operators
and extended recipe horizons while mitigating cumulative
predictive errors; and (3) exploring additional application
scenarios for CircuitFlow within the logic synthesis flow.
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