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Abstract

Understanding the functionality of Boolean networks is crucial
for processes such as functional equivalence checking, logic syn-
thesis and malicious logic identification. With the proliferation of
deep learning in electronic design automation (EDA), graph neural
networks (GNNGs) are widely used for embedding the and-inverter
graphs (AIGs), a standard form of Boolean networks, into vectorized
representation. A key challenge in the use of GNN for Boolean repre-
sentation is that although GNNs can well encapsulate the structural
properties of AIGs, they usually fail to fully capture the functional-
ity of Boolean logic. Moreover, most GNNs designed for AIGs (also
called AIGNNS) either rely on a large amount of training data or
require complex supervisory tasks, making it difficult to maintain
high training efficiency and prediction accuracy. In this work, for
the first time, we focus on breaking the bottleneck of AIGNNs by
augmenting their capability of functional representation, provid-
ing an efficient solution called PolarGate, which naturally aligns
the message passing process with the logical functionality of AIGs.
Specifically, we map the behavior of the logic gate into an ambipolar
state space, customize differentiable logical operators, and design a
functionality-aware message passing strategy. Experimental results
on two logically related tasks (i.e., signal probability prediction and
truth-table distance prediction) show that PolarGate outperforms
the state-of-the-art GNN-based methods for Boolean representation,
with an improvement of 62.1% (40.6%) in learning capability and
79.5% (85.6%) in efficiency on two tasks. The code is avaliable at
https://github.com/BUPT-GAMMA/PolarGate.

1 Introduction

Boolean networks and their simplified forms, And-Inverter Graphs
(AIGs), play a pivotal role within the domain of electronic design
automation (EDA) [1]. They provide a fundamental representation of
logic functions that are essential for the synthesis [2], simulation [3],
verification [4], and testing [5] stages. In various tasks related to
AIGs, structural modeling and functional modeling are two impor-
tant aspects. Conventional approaches to processing AIGs encom-
pass structural hashing and functional propagation techniques[6],
which frequently encounter scalability issues and struggle to harness
modern computational resources [1].
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Figure 1: The differences between three message passing
paradigms and the comparison between PolarGate and six
baseline models.

With the rise of deep learning, using graph neural networks
(GNNss) to learn low-dimensional vector representations for each
logic gate in AIGs has garnered widespread attention [7]. In this
paper, we refer to these GNNs that are tailored for AIGs as And-
Inverter Graph Neural Networks (AIGNNs). Specifically, since GNNs
can naturally model structural information, early works often de-
sign AIGNNSs to tasks with strong structural dependencies, such as
congestion prediction [8], net length prediction [9] and power predic-
tion [10]. However, a greater number of tasks are closely related to
the logical functionality of nodes, such as logic synthesis and formal
verification, which require AIGNNs to differentiate the functional-
ity of each logic gate, that is, to possess functional representation
ability. To enhance the functional representation ability of AIGNNS,
existing methods typically construct complex supervisory informa-
tion, requiring models to employ multi-task training [1], multi-stage
training [2], or additional training data [11]. However, they over-
look a key issue: Is the message passing mechanism currently
followed by AIGNNSs suitable for learning functionality?

To answer this question, we conduct an analysis of the message
passing mechanism in AIGNNs. The analysis results indicate that
there are two inherent limitations in current message passing mech-
anisms to represent functionality, which significantly restricts the
training speed and prediction accuracy of the model. Firstly, since
functional modeling often involves long-distance dependencies [12],
existing methods [2, 3] tend to deepen the number of GNN layers
to enhance the functional representation capability of GNNs. In
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particular, as shown in Figure 1(a), some methods [2, 3] employ
asynchronous message passing, requiring the number of GNN layers
to be equal to the network depth. However, deepening the GNN
layers can lead to over-squashing [13] of information, meaning
that information growing exponentially is compressed into a vector
of a fixed size. This may result in the loss of significant details and
consequently affecting the performance of the model, thereby affect-
ing the model’s accuracy. Secondly, the message passing in existing
methods does not follow the functional characteristics of logic gates
but instead continues to use traditional aggregation operators, such
as summation [14] or attention mechanisms [15]. This can result
in the representations of AND and NOT gates being too similar,
leading to logical confusion. We refer to these two issues as the
functionality representation bottleneck of AIGNNS. It is worth
noting that the asynchronous strategy and an overly deep number
of layers in AIGNNSs also greatly reduce the training efficiency of
the model. Although some models [1, 12] use synchronous message
passing to improve training and inference efficiency, this is unrelated
to enhancing their functionality representation capabilities. On the
contrary, as illustrated in Figure 1(b), synchronous message passing
may exacerbate logical confusion, leading to poorer predictions [3].

To break the functionality representation bottleneck, we note that
in AIGs, each node has ambipolar logical states: high level (1) and
low level (0), and the functionality of logic gates is also reflected in
the processing of these two states. Considering this prior knowledge
has the potential to guide the functional learning of AIGNNs, we
propose PolarGate, a novel approach to overcome the functionality
representation bottleneck of AIGNNs. As shown in Figure 1(c), Po-
larGate begins by mapping node features of AIGs into an ambipolar
embedding space, thereby distinguishing the underlying two logical
states. It then employs custom-designed differentiable logical opera-
tors that are aligned with the logical operations inherent to AIGs.
Finally, it introduces a functionality-aware message passing strategy
that ensures the aggregation process is inherently consistent with
the logical functionality of AIGs.

We have conducted extensive experiments on two functionality-
related tasks, i.e., signal probability prediction (SPP) and truth-table
distance prediction (TTDP), demonstrating that PolarGate outper-
forms current methods in training efficiency and prediction accu-
racy. Taking the SPP task as an example, as shown in Figure 1(d),
the 9-layer PolarGate has achieved an average reduction of 62.1%
in prediction mean absolute error (MAE) compared to the state-of-
the-art method, DeepGate2 [2], and has also reduced the training
time by 79.5%. In addition, PolarGate can achieve a balance between
efficiency and accuracy by adjusting the number of layers.

The main contributions can be summarized as follows:

o Firstly, this paper is the first to study the impact of GNN message
passing mechanisms on the functionality representation capa-
bilities of AIGs, and identifies the phenomenon of functionality
representation bottleneck.

e Secondly, to break this bottleneck, we propose the ambipolar
state principle for the first time. Based on this principle, we
design PolarGate, an AIGNN specifically tailored for functional
learning, which includes novel embedding spaces, aggregation
operators, and message passing strategies.

o Thirdly, we conduct extensive experiments on two functionality-
related tasks. Experimental results demonstrate that PolarGate
can effectively break the functionality representation bottleneck
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Figure 2: Basic tasks and downstream applications of func-
tionality learning on AIGs.

and significantly improve both training efficiency and prediction
accuracy over existing SOTA methods.

2 Preliminaries and Related Works

2.1 Boolean Networks and And-inverter Graphs

Boolean Networks refer to networks composed of logical gates
such as AND, OR, and NOT, and are widely used in circuit design
and verification. Due to the fact that any Boolean network can be
systematically decomposed and restructured into AIGs using De
Morgan’s laws, AIGs are well-suited for various EDA tasks such as
rewriting, simulation, and formal verification. The key challenge
in processing AIGs is to consider both functional and structural
properties simultaneously. Here, structural properties refer to the
topological information of the AIG, while functional properties refer
to the logical functionality of each gate. As illustrated in Figure 2,
these characteristics are not only crucial for basic tasks such as sig-
nal probability prediction [3] and truth-table distance prediction [2],
but also support more advanced analysis and optimization. Tradi-
tional methods of AIG processing include structural hashing and
functional propagation [6], which often face challenges in scalability
and effective use of modern computing resources, thereby driving
the development of AIG representation learning [1-3, 11, 12].

2.2 And-inverter Graph Neural Networks

AIG representation learning currently primarily uses AIGNNs,
a type of graph neural networks customized for AIGs. Similar to
traditional GNNss, the principle of AIGNNS is to propagate node
features along the graph structure and perform transformations in
the dimensionality of features during the propagation process, ul-
timately generating low-dimensional node representations. Since
this process simultaneously considers the extraction of structural
information and feature aggregation based on the neighborhood,
when the node’s initial features can strongly encode functional infor-
mation, it can be regarded as an efficient approximation of structural
hashing or functional aggregation [1].

However, in practice, it is not easy to characterize functionality
with AIGNNS. This is reflected in the fact that when AIGNNs are
applied to functionality-related tasks, existing works still rely on
very complex supervisory information to train stably. For instance,
Gamora [1] calculates the loss by comparing the AIGNN’s output
with three carefully designed prediction tasks and is trained via



multi-task learning. DeepGate2 [2] employs curriculum learning to
allow the AIGNN to first learn simpler tasks before tackling more
difficult ones. FGNN [11] generates additional AIG data based on
Boolean equivalence and uses contrastive learning for pre-training.

2.3 Message Passing in AIGNNs

Just as introduced in the previous section, existing works invari-
ably emphasize the important role of these training techniques in
improving prediction accuracy, but they do not explain why the
performance would deteriorate without these training techniques.
This inspires us to consider a more fundamental question, namely,
whether existing AIGNNs are suitable for representing func-
tionality without relying on specific training techniques? To
answer this question, we delve into a more in-depth introduction of
the underlying mechanisms of AIGNNSs, namely the message passing
process, where AIGNN primarily includes two paradigms: asynchro-
nous message passing [2, 3] and synchronous message passing [1, 12].
Since an AIG is a directed acyclic graph (DAG), a natural idea is asyn-
chronous message passing, where node representations are updated
sequentially following the topological order of the AIG [2, 3].

However, the asynchronous strategy significantly increases the
computational complexity and training costs during the training
phase. Additionally, asynchronous message passing requires setting
the number of layers in the GNN to match the depth of the AIG,
which can lead to various issues when the scale of the AIG is large,
such as over-smoothing [16] and over-squashing [13]. To avoid these
problems, some works [1, 12] have tried using synchronous mes-
sage passing, which updates all node representations simultaneously
based on their neighboring information. This method has high train-
ing efficiency and scalability [1, 12], and performs exceptionally
well in certain downstream tasks (e.g., addition tree extraction [1]
and QoR prediction [12]). However, since functional information
can easily get confused during synchronous message passing, for
tasks that heavily rely on functional information, these models often
underperform compared to asynchronous message passing [3].

2.4 Problem Formulation

Let G = (V,E,X) be an AIG, where V = {v1,0,...,0,} rep-
resents the set of n nodes classified into three types: Primary In-
puts (PIs), AND nodes, and NOT (Inverter) nodes. X € R*d™ g
the node feature matrix where each row X, € R?" represents the
d"-dimensional features of a node v, which are typically obtained
through one-hot encoding of the node type. E C V X V denotes
the sets of directed edges, where PIs only act as source nodes for
directed edges. We use A € R"™*" to denote the adjacency matrix of
the graph G, where A;; = 1 signifies a directed edge from v; to v},
and A;; = 0 otherwise (indicating no edge from v; to v;).

With the aforementioned definitions, the goal of AIG representa-
tion learning is to learn a low-dimensional vector representation for
each node. Formally, the representation learning can be described
by a transformation function F : (A, X) — Z, where F is an AIGNN
learned during training that maps adjacency matrix A and feature
matrix X to a n X d°“!-dimensional space Z € RP%Ad°" After train-
ing, the parameters in the AIGNN are fixed, and the AIGNN will be
used for prediction tasks on unseen AIGs.

3 Motivations
Before formally introducing our method, let us reconsider the key
issues in AIG representation learning and thus derive the design
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to the functionality representation bottleneck.

motivation for our approach. Firstly, functional modeling has always
been the focus of AIG representation learning, but recent research [2]
has shown that learning a good functional representation is not easy.
In Section 3.1, we believe that this difficulty is related to the message
passing mechanism of AIGNNSs, which we refer to as the functionality
representation bottleneck of AIGNNs. Subsequently, to break this
bottleneck, we realize that a promising approach is to map each node
to two representation spaces, and we will explain the rationality of
such a design from multiple perspectives. We refer to this as the
ambipolar state principle and will introduce it in Section 3.2.

3.1 Functionality Representation Bottleneck

As illustrated in Figure 3(a), we believe that there are two main
reasons currently affecting the functional representation capability
of GNNs. Firstly, it is challenging to compress exponentially grow-
ing information into a vector of fixed size, which is also known as
over-squashing [13]. Specifically, learning functional representations
often requires the effective use of long-distance information [12].
When using AIGNNS to learn node representations in AIGs, due to
the receptive field increasing sharply with the number of AIGNN
layers, it is difficult for AIGNNs to effectively obtain information
from distant nodes. This phenomenon is widespread in deep GNNs
and is closely related to the graph topology [17]. Additionally, some
research [18] has shown that simply increasing the number of GNN
layers not only does not alleviate this issue but may even lead to the
vanishing gradient problem [19].

Secondly, with classical aggregation operators, nodes with op-
posite functionalities tend to obtain similar node representations
during the aggregation process, leading to logical confusion. Specif-
ically, the vast majority of current work on AIG learning directly
uses the same aggregation function to process AND gates and NOT
gates, especially aggregation functions [14] that have been proven to
have strong expressive power in traditional GNNs. However, these
aggregation functions do not consider the functional characteristics
of the logic gates, that is, how these gates themselves process sig-
nals. This logical confusion can also trigger cascading errors with
over-correlation [20] or over-smoothing [16] in message passing,
fundamentally affecting the optimization of the GNNs.

To demonstrate the functionality representation bottleneck of
AIGNN, we conduct a case study on the signal probability prediction
task. Figure 3(b) shows the variation of the mean absolute error
(MAE) of the Graph Convolutional Network (GCN) [21] with the
change of the number of layers under different label rates. From
Figure 3(b), it can be seen that as the number of layers increases, the
error of GCN does not decrease but increases, indicating that it has
not effectively integrated long-distance information. Additionally,



some models [2, 3] use asynchronous message passing to aggregate
information and require the number of layers in the GNN to be
the same as the network depth. Although asynchronous message
passing according to logical hierarchy may help alleviate logical
confusion, the overly deep layers exacerbate the over-squashing
issue and lead to significantly longer training and inference time
for the AIGNN model. Therefore, asynchronous message passing
models, at the expense of efficiency, do not completely avoid the
functionality representation bottleneck.

3.2 Ambipolar State Principle

To break the over-squashing issue in deep GNNs, a common ap-
proach in the deep learning community is to add new edges [22] or
remove existing edges [23]. However, for AIG representation learn-
ing, these methods can cause the message passing to deviate from the
original structure of AIGs, thereby exacerbating logic confusion and
failing to address functionality representation bottleneck. Moreover,
in pursuit of high efficiency, we desire a solution that is applicable to
synchronous message passing, which further increases the demand
for the ability to disambiguate logic.

To achieve the aforementioned goals, let us consider the key char-
acteristics of AIGs. Compared to DAGs, the characteristic of AIGs is
that each node has only two states: low level (expressed as 0) and
high level (expressed as 1), representing the logical values output
by the node during logic simulation. The propagation of signals
across the graph is manifested in the transitions between these two
states. Therefore, we believe a simple and direct approach is to map
the node representation into two representation spaces instead of
a single representation space, which is called the ambipolar state
principle. There are several motivations for doing this. The first
motivation is that in AIGs, AND and NOT gates have inherently
different logical functions, which are reflected in their performing
different Boolean operations on input signals, following specific
rules. When we assign two representation spaces (also called am-
bipolar embedding space) to each node, we can further design the
message passing operators based on the type of node to conform
to the Boolean logic. This implies that we are introducing prior
knowledge into the message passing process, which can reduce the
risk of useful long-distance information being lost during message
passing, thereby avoiding over-squashing. The second motivation
is that in synchronous message passing, for efficiency, all nodes are
updated simultaneously, meaning nodes must update their states
without waiting for the states of preceding nodes to be determined.
Therefore, the ambipolar embedding space takes into account every
possible state of the node, which allows us to avoid the cascading
errors caused by logical confusion while ensuring high efficiency.

4 The Proposed PolarGate

Based on the ambipolar state principle, we propose a novel AIGNN
framework for AIG representation learning, called PolarGate. As
illustrated in Figure 4, PolarGate consists of three components: am-
bipolar embedding initialization, differentiable logical operators and
functionality-aware message passing. Specifically, considering that
nodes in AIGs have two logical states, 0 and 1, PolarGate transforms
the initial features of each node into two embeddings in positive and
negative spaces, seperately. Then, PolarGate defines differentiable
logical operators based on Boolean logic, which are more suitable
for probabilistic propagation on AIGs compared to traditional oper-
ators. Based on this, we define functionality-aware message passing,

which conveys function-related information from different embed-
ding spaces using logical operators, thus avoiding logical confusion
while ensuring efficiency. After several layers of message passing,
the node representations obtained from PolarGate can be used for a
variety of functionality-related tasks.

4.1 Ambipolar Embedding Initialization

From the perspective of Boolean logic, nodes in AIGs only exist
in two states: 0 or 1. Before message passing, we first transform
the initial one-hot features of the nodes into an ambipolar embed-
ding space so that each node has two initial representations, that is,
positive embedding and negative embedding. Specifically, we apply
different polarization methods to PIs, AND nodes, and NOT nodes,
with illustration in Figure 4(a) and distinctions as follows.

For AND nodes, we simply take the average of the neighbors’
initial features and concatenate them with their features to form the
positive embedding h”°(1) _ As for the negative embedding hN¢(1),
we use a zero vector concatenated with the initial features, indicating
that no neighbor information is incorporated.

h®
Po(1) _ Po(1 J (0)
hio —O'(W o )[ Z m,hi ]),
jeN; "t

hi\le(l) _ O_(WNe(l) [O,hi(O)]),

where hl.(o) and hj.o) represent the initial features of node i and j, N;

is the set of neighbors of node i. W°(1) and wNe(1) ¢ RA"x2d™"
are the linear transformation matrices responsible for the positive
and negative information. @ s the size of hidden embeddings, and
o() is a non-linear activation function.

Correspondingly, for NOT nodes, we only use the neighbor infor-
mation to obtain the negative embedding, and we do not incorporate
neighbor information when calculating the positive embedding:

P = O_(wPo(l) [0, h}(O)])’

(©)
hk

Ne() _[rNe() b o
;" ”(W ‘ [% VIR ])

Finally, for PIs, since they do not have any predecessor nodes, we
only use their own information to derive two embeddings.

hfo(l) _ O_(WPo(l) [0’ hlgo)])’
(3
hﬁ\le(l) _ O_(WNe(l) [0’ hEO)])'

Note that for all nodes, the same parameter matrices wPe(1) JWN e(1)
and activation function () are used to ensure that the embeddings
are mapped into the same space.

4.2 Differentiable Logical Operators

In an AIG, the functional characteristics of the nodes are man-
ifested in the transmission of signals based on Boolean logic. For
example, an AND gate performs the Boolean intersection opera-
tion, with OPAND(0,1) = OPaND(1,0) = OPanD(0,0) = 0 and
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Figure 4: Illustration of PolarGate.

OPaND (1, 1) = 1. A NOT gate performs the Boolean negation opera-
tion, with OPNoT(0) = 1 and OPnoT(1) = 0. To preserve functional
information in AIG representation learning, the message passing in
AIGNN should also adhere to Boolean logic. However, since message
passing operates in the embedding space that consisting of continu-
ous value vectors, Boolean logic cannot directly process embeddings.
To tackle this limitation, we need to devise differentiable logic oper-
ators OPanp and OPnot for embeddings, and these operators must
meet certain conditions:

Proposition 1. Given the differentiable logical operators OPaNp and
OPNoT, node embeddings h should have the following properties:

e h is a fixed point of the double application of OPNoT, that is,
OPnot(OPNoT(h)) =h.

e Applying the intersection operator OPaNp repeatedly to multi-
ple instances of h results in h itself, i.e., OPanp (b b, ..., h) = h.

Many existing GNNs use the bitwise sum as the aggregation op-
erator because this function has been proven to possess expressive
capabilities equivalent to the 1-WL test [14]. However, the bitwise
sum does not satisfy the two conditions mentioned earlier. To ad-
dress this, we design the following logic operators: OPaNp is defined
as the bitwise minimum of two embeddings, and OPNor is defined
as the bitwise complement of an embedding, as illustrated in Fig-
ure 4(b). We will demonstrate that these two logic operators meet
the aforementioned conditions:

Proof: For the first property, the negation operator OPNoT, by its
definition of element-wise negation, when applied twice, reverses the
effects of the first application, resulting in the original embedding:
OPnoT(OPNoT(h)) = OPnoT(=h) = —(=h) = h. For the second
property, as the intersection operator OPaNp is defined to take the
minimum across the same embeddings, the result trivially remains
h, because the minimum of identical elements is the element itself:
OPanp(h,...,h) = min(h,...,h) =h.

4.3 Functionality-aware Message Passing

With the initialized ambipolar embeddings and differentiable logi-
cal operators, PolarGate can implement functionality-aware message
passing, as illustrated in Figure 4(c). Firstly, when updating the em-
beddings of AND nodes, PolarGate uses the following aggregation
method, which is to use the states of all neighbors with the same

polarity and the OPaNp operator:

hfa(l) =0

WPo(l) OPANDhf.)o(l_w,o,hfo(l_l)] ’
JEN; J
(4)
hf\ie(l) _ O_(WNe(l) OP%\II\ID hj\fe(l—l)’o, h[{\le(l—l)])’
JEN;

where WFO(D) and WNe(D) are two linear transformation matrices,
o() is a non-linear activation function.

For NOT nodes, PolarGate uses the opposite polarity embeddings
of its neighboring nodes along with the OPnoT operator:

hf"(” - 5| wPe® [0,OPNoThkNe("”,hf"("”] ,
keN;

©)

ny e = G(WNE(’) [o, OPxoT hfo(l‘”,hfve(l_l)]).
keN;

Note that to distinguish between AND and NOT gates, we use
all-zero embeddings at different positions for aggregation, and also
consider the node’s own state from the previous layer during each ag-
gregation process. For PI nodes, since they do not have predecessors,
we adopt the following aggregation method:

hf’o(l) = O—(wPO(l) [0’ O, hfo(l_l):l)’
(6)
hi\le(l) _ O_(WNe(l) [0, 0, hi\le(l—l)]).

After the aggregation through L layers, PolarGate concatenates
the positive and negative embeddings of each node to form its final
representation Z = [HPO(L), HNe(L)].

4.4 DPolarGate Framework

With the ambipolar embedding space and functionality-aware
message passing methods, we can present the entire framework
of PolarGate, as shown in Algorithm 1. Firstly, we map the initial
features of the AIG nodes into the ambipolar embedding space. Then,
based on differentiable logical operators and node type, we define
different message passing functions, enabling each node to correctly
aggregate polarized information from its neighbors according to its



Algorithm 1 PolarGate Framework

1: Input: An AIG adjacency matrix A € R™"; a feature matrix X €

R4 humber of aggregation layers L.

2: Output: Low-dimensional representation matrix Z € Rxd%t

3: Initialize node embeddings HO® «— (A, X).

4: Generate ambipolar node embeddings for each type of nodes
(HPo(l)’ HNe(l)) — (A, H(O))‘

5: while not convergent do

6: for/=1toL - 1do

7: Update ambipolar node embeddings for each type of node
(HPo(l))HNe(l)) - (A, HPo(l—l)’HNe(l—l)).
8: end for

9. Z« [HPoL) gNeD)],
10: Update PolarGate parameters based on loss(Z) of specific task.
1: end while

—_

logical function to update its own representation. After L layers of
message passing, we concatenate the representations of each node
in the ambipolar space to obtain the final node representation, which
is used to calculate the loss during the training phase and to make
predictions on downstream tasks.

5 Experiments

In this section, we first introduce the experimental setup. Then, we
conduct a comprehensive experimental evaluation to sequentially
address the following key questions, thereby demonstrating the
superiority of PolarGate for the AIG representation learning.

e (Section 5.3 and Section 5.4) Does PolarGate learn functionality-
aware node representations that can support multiple tasks?

o (Section 5.5) Does PolarGate perform consistently across differ-
ent amounts of training data?

e (Section 5.6) Does the PolarGate model’s expressive capability
improve with increased numbers of layers?

e (Section 5.7) Does each module of PolarGate contribute positively
to the final outcomes?

5.1 Evaluation Tasks and Metrics

To verify the capability of functional representation learning,
two tasks are chosen to evaluate the performance of different GNN
models: Signal Probability Prediction (SPP) and Truth-table
Distance Prediction (TTDP). SPP is a classic and important task
in the field of AIG representation learning [2, 3], while TTDP is a
task proposed by DeepGate2 [2] for fine-grained assessment of the
functional representation capability of GNNs.

Signal Probability Prediction (SPP). For the SPP task, we com-
pute the average value of the absolute differences between the prob-
ability of simulated logic y, and the predicted g, from AIGNNs for
all nodes 'V in the circuits, as shown in Equation (7).

1 N
Avg. Errorspp = ﬁ Z Yo = Jol. (7)
eV

Truth-table Distance Prediction (TTDP). For the TTDP task,
two embedding vectors will be similar if the corresponding two node
functions are similar. Formally, for node i and node j, we denote the
truth table vectors as T; and T}, the embedding vectors as z; and zj,
which can further be expressed as:

distance(z;, zj) « distance(T;, Tj). (8)

Table 1: The Statistics of AIG Datasets [3]

Benchmark  #Subcircuits #Node #Level
EPFL 828 [52-341]  [4-17]
ITC99 7,560 [36-1,947]  [3-23]
IWLS 1,281 [41-2,268]  [5-24]

Opencores 1,155 [51-3,214]  [4-18]
Total 10,824 [36-3,214] [3-24]

Specifically, we sample node pairs N and obtain the Hamming
distance of truth table DT of each node pair:

oT HammingDistance(T;, Tj)
length(T;)

(i) = (i, j) €N ©9)

According to Equation (8), the distance of embedding vectors
DZ should be proportional to the Hamming distance of the truth
table DT. Then, we calculate the distance of embedding vectors
in Equation (10) based on cosine similarity, since the similarity of
embedding vectors should be negatively related to distance D<Tl. I

D(Zi’j) = 1— CosineSimilarity(z;, zj). (10)

The difference between DZ and DT can be formulated by:

T _ T
D(i,j) = ZeroNorm(D(l.,j)),
z' _ Z
D(i,j) = ZeroNorm(D(l.’j)),
_ 1 T VA
Avg. Errorrrpp = N Z |D(l.,j) —D(i,j)|.
(L.j)eN

(11)

Two metrics are chosen to facilitate the comparison of different
models: mean absolute error (MAE) and average runtime (Avg. RT).
MAE is defined as Equation (7) and Equation (11) for SPP and TTDP
tasks, respectively. Avg. RT is defined as the average training time
per epoch. These metrics can evaluate how well and how fast each
model performs in different tasks. Equation (7) and Equation (11)
also correspond to the L1 loss used to guide the training of PolarGate.

5.2 Datasets and Baselines

We utilize the dataset processed in DeepGate [3] and DeepGate2 [2],
which is extracted from four circuit benchmark suites: ITC’99 [24],
IWLS’05 [25], EPFL [26] and OpenCore [27], and is transformed
into a unified AIG format. The statistics of the original dataset are
presented in Table 1. The column labeled "#Subcircuits" displays
the total number of subcircuits that have been extracted from each
benchmark. As indicated in Table 1, the circuit dataset has a wide
range of circuit sizes, varying from tens to thousands of nodes with
different logic levels. Note that after consulting with the authors
of DeepGate2, we learned that some graphs in the original dataset
could not be parsed, leaving us with only 9,935 graphs. The default
ratio of training/validation/test is set to 5/5/90, because in real-world
scenarios, we often encounter a large amount of data that has not
appeared in the training set, which puts a greater emphasis on the
model’s generalization ability.

For comparison, we consider several competitive AIGNN base-
lines: GCN [21], DeepGate [3] and DeepGate2 [2]. For the GCN
model, we evaluate four different aggregator designs, which include
representative works for DAG learning, i.e., Convolutional Sum (ab-
breviated as Conv. Sum) [28], Attention [29, 30], GatedSum [31]



Table 2: Experimental Results on SPP Task

Model Aggregator MAE | Avg.RT(s) |
Conv. Sum  0.1596 0.8781
Attention 0.2030 0.9102

GCN

DeepSet 0.1558 0.9066
GatedSum  0.1425 0.8197
DeepGate Attention 0.1105 35.4449
DeepGate2 (Stage 1) Attention  0.0265 45.3427
DeepGate2 (Stage 1+2)  Attention  0.0256 45.6405
PolarGate (L=3) Logical 0.0437 3.2355
PolarGate (L=9) Logical 0.0097 9.3428

and DeepSet [32]. For the DeepGate model, we utilize the full ver-
sion equipped with an additional attention mechanism and skip
connection. DeepGate2 uses two-stage optimization and different
loss weights are applied during each optimization stage. In stage 1,
DeepGate2 uses two prediction tasks, that is, SPP and reconvergence
pair prediction. In stage 2, DeepGate2 utilizes three tasks, including
the two tasks from the first stage, as well as the TTDP task. In our
experiments, we conduct separate evaluations for each optimization
stage: DeepGate2 (Stage 1) represents the model’s performance after
the initial optimization phase. In contrast, DeepGate2 (Stage 1+2)
reflects its performance after completing both optimization stages.

For baselines, we maintain consistency with the hyperparameters
specified in their original papers. The node hidden dimension is set
to 128 across all models. In DeepGate, the skip connection setting
is configured with L = 8, and the round is set to 1. Apart from
DeepGate2, which we train using the multi-task training approach
described in their paper, for PolarGate and all other baselines, we
conduct single-task training. All models are trained for a maximum
of 500 epochs on a single NVIDIA A800 GPU, with an early stopping
strategy using a patience of 50 epochs.

5.3 Signal Probability Prediction

Table 2 shows the experimental results of all models on the SSP
task, with PolarGate showing the outcomes for both 3-layer and
9-layer settings. Based on the results, we have the following observa-
tions. Firstly, PolarGate demonstrates the best performance with the
lowest MAE value of 0.0097, achieving a 62.1% reduction compared
to the SOTA baseline. Following closely is DeepGate2 (Stage 1+2)
with an MAE of 0.0256, while DeepGate2 (Stage 1) shows a slightly
higher MAE at 0.0265. Additionally, we observed that none of the
aggregation methods used on GCN achieved the desired results. This
is because they have not addressed the functionality representation
bottleneck of AIGNNS. Similarly, both DeepGate and DeepGate2
directly employ the Attention aggregation method without specific
aggregators tailored to the task. In comparison, PolarGate utilizes
functionality-aware message passing and, without the need for com-
plex training methodologies, can achieve better results.

As for runtime, the runtime of DeepGate and DeepGate2 is signif-
icantly longer than that of other models, which is due to their use of
asynchronous message passing with a deeper model layer and the
need for continuous waiting. In contrast, PolarGate has noticeably
improved training speed, with a runtime that lies between that of
synchronous and asynchronous message passing. Additionally, it
can be flexibly adjusted according to the error requirements of the
test set, achieving a balance between accuracy and runtime.

Table 3: Experimental Results on TTDP Task

Model Aggregator MAE | Avg.RT(s) |
Conv. Sum  0.7192 1.0248
Attention 0.6237 0.9958

GCN

DeepSet 0.6358 0.8684
GatedSum  0.6050 0.8617
DeepGate Attention 0.4159 36.0939
DeepGate2 (Stage 1) Attention  0.8609 45.3427
DeepGate2 (Stage 1+2)  Attention  0.3825 45.6405
PolarGate (L=3) Logical 0.2513 3.2038
PolarGate (L=9) Logical 0.2272 6.5913

5.4 Truth-table Distance Prediction

Table 3 gives the results of all models on the TTDP task, and we
have the following observations. Firstly, PolarGate achieved the best
performance in terms of the MAE metric, reducing it by 40.6% com-
pared to the best baseline model, DeepGate2, and also outperforming
various variants of GCN. Secondly, the runtime of PolarGate is much
lower than that of DeepGate and DeepGate2, and the MAE of the
three-layer PolarGate is slightly poorer than that of the nine-layer
version. Due to the use of synchronous message passing, PolarGate
can appropriately adjust the number of layers according to different
tasks, once again demonstrating its advantage in flexibility. Lastly,
the performance of DeepGate2 improved after the second stage of
training. This is because the second phase of DeepGate2 added opti-
mization for TTDP. It is worth mentioning that compared to the SPP
task, the gap between GCN and other models on the TTDP task is
not significant, and it even outperforms the DeepGate2 model that
was only trained in the first stage. This is because the first stage of
DeepGate2 optimizes for SPP and reconvergence structure without
considering the TTDP task. This once again illustrates the different
optimization directions of SPP and TTDP. Although both are related
to logical functionality, a DeepGate2 model trained on SPP cannot
be directly applied to the TTDP task.

5.5 Impact of Label Ratio

In real-world applications, it is difficult to obtain labeled data in
the field of EDA, hence the performance of models at low label rates
is particularly important. Additionally, as the amount of available
labeled data increases (i.e., the label ratio increases), the performance
of the model improves because the model has more information to
learn the characteristics of the task. Therefore, a model that performs
well at lower label ratios is indicative of higher efficiency in utilizing
training data and stronger generalization capabilities. To observe
the generalization ability of various models, we set four different
label ratios, which are 0.01, 0.02, 0.05 (default), and 0.10. We use an
equal scale of data for the validation set, with the remaining data
serving as the test set. For instance, a label ratio of 0.02 means we
have 2% for the training set, 2% for the validation set, and 96% for
the test set. For both the SPP and TTDP tasks, we conduct label
ratio experiments and present the results in Figure 5, from which
we make the following observations.

Firstly, PolarGate achieves the best performance across all label ra-
tio settings for both tasks. Notably, for the SPP task, the advantage of
PolarGate become more pronounced as the label ratio decreased. At a
label ratio of 0.01, PolarGate reduces the MAE by 70.4% compared to
the best baseline model (i.e., DeepGate2). Secondly, on the SPP task,
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Figure 6: Experimental results on different GNN layers.

the performance of DeepGate and DeepGate2 improved significantly
with the increase in label ratio, while the performance of the GCN
models remained almost unchanged. This suggests that although the
DeepGate models have an information bottleneck, their performance
can be improved with an increase in training data. In contrast, the
GCN models, which suffer from both information bottleneck and log-
ical confusion issues, do not see improvements even with an increase
in label ratio. This indirectly indicates that PolarGate addresses both
the information bottleneck and logical confusion, thereby breaking
the functionality representation bottleneck of GNNs overall. Lastly,
on the TTDP task, apart from a slight improvement observed in
DeepGate and DeepGate2 models when the label ratio increased
from 0.01 to 0.02, the performance of the models did not vary signifi-
cantly across different label ratios. Moreover, the MAEs of all models
are consistently and significantly higher in the TTDP task compared
to the SPP task. This indicates that TTDP is a more challenging task,
and even PolarGate finds it difficult to achieve high performance.

5.6 Impact of Aggregation Layers

Typically, increasing the number of layers in a neural network
can enhance the model’s learning capability. However, as introduced
in Section 3.1, for AIGNNS, issues such as over-squashing and logical
confusion can lead to the functionality representation bottleneck
when the number of layers is deepened. To explore whether Po-
larGate can alleviate the functionality representation bottleneck, we
conduct experiments with varying numbers of aggregation layers.

The experimental results are presented in Figure 6, and based
on these results, we have made the following observations. Firstly,
regardless of the label ratio, the MAE of PolarGate on the SPP task
decreases as the number of neural network layers increases. It is
noteworthy that, as discussed in Section 3.1, due to the functionality
representation bottleneck, the MAE of GCN on the SPP task instead
increases with the number of neural network layers. This contrast
illustrates that PolarGate significantly breaks the functionality rep-
resentation bottleneck. Secondly, on the TTDP task, apart from a

Table 4: Ablation Results (MAE) on SPP and TTDP Tasks

Model SPP TTDP

PolarGate (w/o Ambipolar Embedding Space) ~ 0.0134  0.2782
PolarGate (w/o Logical Operators) 0.0131  0.3357
PolarGate 0.0097 0.2272

local optimum observed at 3 layers, the MAE also decreases with
an increasing number of layers, and the downward trend remains
apparent up to 9 layers. The reason why three layers perform well
may be related to the evaluation method of the TTDP task, which is
based on the relative distance of the embeddings. Therefore, even if
the GNN has not learned the absolute precise functionality for each
node, the relative distances may be small. In other words, TTDP
task [2] still has its limitation when measuring the functionality
representation capability of AIGNNS.

5.7 Ablation Study

To verify the effectiveness of each module in PolarGate, we present
the results of the ablation study in Table 4. Here, as former experi-
ments in Section 5.3 and Section 5.4, we use the same label ratio (i.e.,
0.05) and a 9-layer model settings for PolarGate. Due to the insep-
arable nature of functionality-aware message passing from logical
operators, we test two model variants here. PolarGate (w/o Ambipo-
lar Embedding Space) indicates a model that utilizes logical operators
and functionality-aware message passing within a single embedding
space. In contrast, PolarGate (w/o Logical Aggregators) employs a
sum operator and traditional synchronous message passing within
an ambipolar embedding space.

Through the experimental results, we can make the following
observations: Firstly, for both the SPP and TTDP tasks, the complete
model achieved the best results, indicating that each module is useful.
Secondly, for the SPP task, the performance difference between
the two variants is not significant. However, for the TTDP task,
PolarGate (w/o Logical Aggregators) performs worse, which suggests
that logical operators are more critical for TTDP.

6 Conclusion

In this work, we explore the functionality representation capabil-
ity of existing AIGNNSs and find that current methods suffer from
over-squashing and logical confusion, which we collectively refer to
as the functionality representation bottleneck of AIGNNSs. To address
this issue, we propose the ambipolar state principle and design a
novel functionality-aware AIGNN, called PolarGate. PolarGate is
designed with ambipolar embedding spaces, differentiable logical
operators and functionality-aware message passing strategies. Ex-
tensive experiments have demonstrated the effectiveness, efficiency,
and generalization of PolarGate. In the future, we hope to apply
PolarGate to more AlG-related tasks to demonstrate its superiority.
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