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Abstract

Traditional logic synthesis heuristics have plateaued. We introduce
ShortCircuit, a novel transformer-based architecture generating
AND-Inverter Graphs (AIGs) directly from truth tables. Unlike prior
deep learning efforts, we employ a two-phase training process com-
bining supervised learning and an AlphaZero variant to navigate
the doubly exponential state space. Evaluated on 500 8-input truth
tables from real-world circuits, ShortCircuit guarantees functional
correctness and outperforms the state-of-the-art tool ABC in circuit
size. Furthermore, our greedy rollout mechanism achieves a 31x
speedup, demonstrating significant efficiency gains.

1 Introduction

The rapid rise of Al has driven computational demands beyond
current hardware capabilities, creating a major bottleneck. Chip de-
sign is key to advancing next-generation computing, but traditional
methods struggle to keep pace, highlighting the need for faster
and more innovative approaches. At its core, a chip is the physical
embodiment of a Boolean function, transforming binary inputs into
desired outputs. Creating these embodiments is facilitated by logic
synthesis, a crucial step in chip design that converts functional
descriptions into graphs connecting logic gates. The logic synthe-
sis process must balance power, performance, and area, posing a
complex optimization challenge. In this paper, we investigate the
use of Machine Learning (ML) to generate optimized digital cir-
cuits directly from Boolean logic specifications, offering a fresh
perspective on the chip design process.

Truth tables fully specify Boolean functions by listing outputs
for all input combinations. Consequently, we use truth tables as
the input Boolean logic description for our problem. Our method
outputs directed acyclic graphs (DAGs) as AND-Inverter Graphs
(AIGs), a standard logic structure in Electronic Design Automation
(EDA) [24, 39]. AIGs only use 2-input AND gates and inverted
or normal edges, offering a simple, scalable, and widely adopted
representation that makes them an ideal choice for our ML-based
circuit generation approach.

Traditional logic optimization methods optimize large AIGs by
forming small cuts, finding smaller equivalent representations,
and replacing the original subgraphs. The most effective method,
rewrite, forms 4-input cuts and matches their truth tables to a
precomputed database for replacements [25]. While industrial ap-
proaches have explored scaling to 8-input cuts, the double expo-
nential growth of the truth table space limits the coverage of such
databases [3]. Moreover, the structural rigidity of AIGs and the
complexity of the problem result in most cuts failing optimization,
limiting the effectiveness of these methods [36]. Recent works aim
to speed up chip design by applying ML across EDA stages [12, 16],
including placement [38], routing [1], and logic synthesis [37].
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Rather than directly tackling the graph generation problem, most
ML methods for logic synthesis focus on the optimization of synthe-
sis recipes, which are sequences of operators acting on a logic graph
to modify its structure while preserving the associated Boolean
function. More recently, deep-generative methods emerged aiming
to generate logic graphs rather than operator sequences [7, 9, 21].
The generative approach offers higher potential as it offers more
flexibility than working with a fixed set of operators; however, this
requires exploring a larger space, due to the double exponential
growth of the search space with the number of Boolean inputs.

Such a vast search space renders traditional ML methods inef-
fective for optimal AIG generation. However, recent advances have
demonstrated that tailored model architectures and exploration-
exploitation-aware training protocols can achieve remarkable per-
formance even in tasks involving such large spaces. Indeed, the suc-
cess of methods like AlphaGO [34], AlphaZero [35], AlphaFold [17]
and even the emergence of large language models [8, 18] relied on
the development of custom model architectures capturing structural
properties of board games, proteins, or language. Moreover, the
training of these models either leverages naturally abundant data or
employs specific data-augmentation and exploration-exploitation
strategies to improve their performance.

We propose ShortCircuit, a new transformer-based architecture
structurally adapted for generating AIGs. Our transformer takes
logic nodes represented as truth tables as input, and each forward
pass predicts the next AND node to create in order to realize a target
truth table. We further utilize an AlphaZero policy to navigate the
large state space and discover more compact designs. We make
the following contributions: i) we formally define the challenging
problem of generating AIGs from target truth tables, characterized
by a doubly exponential state space and a quadratically growing
action space. ii) We introduce ShortCircuit, a novel AIG-aware
architecture, enabling effective exploration of this vast search space
that guarantees the correctness of the produced AIG. iii) We develop
a two-stage training scheme combining supervised learning and
reinforcement learning to improve generalization and scalability.
Finally, iv) we demonstrate the effectiveness of ShortCircuit by
producing circuits 18.62% smaller compared to the state-of-the-
art logic synthesis tool ABC [26], while achieving a 31X speedup
in its greedy variant, showcasing the potential of ML methods to
revitalize the field of logic synthesis with a fresh perspective.

We present background and related work in Section 2, followed
by the problem formulation in Section 3. We then describe our
model architecture in Section 4 and our tailored training proce-
dure in Section 5. We finally provide the empirical evaluation of
ShortCircuit in Section 6.

2 Background

A digital circuit cascades logic gates to realize a Boolean function
f:{0,1}" — {0,1}™, mapping n-bit inputs to m-bit outputs. An
And-Inverter Graph (AIG) is a Directed Acyclic Graph (DAG) that
is commonly used to represent such functions at the early stage of
the chip design process.
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2.1 AND-Inverter Graphs

An AIG is composed of three types of nodes: (1) primary inputs,
which we also refer to as inputs, (2) primary outputs, which we call
the outputs, and (3) 2-input AND-nodes representing the logic gate
AND. In this work, we focus on the generation of single-output AIGs
that represent Boolean functions of the form f : {0,1}" — {0,1} as
they play an important role in logic synthesis. Fig. 1 illustrates the
structure of an AIG with n = 3 inputs, where {I; };<x<3 represent
input nodes, A4, A5 are AND gates, and O is the output. Edge ori-
entation indicates the direction of the Boolean signal propagation
from one node (called fanin) to another (called fanout). Moreover,
the two types of edges, plain and dashed, in Fig. 1 indicate that
the Boolean signal can be inverted when going from a fanin to a
fanout. The primary output is always connected to a single AND
node with a direct or an inverter link. As AIGs only contain AND
operations and Boolean inversions, we can map them to a canoni-
cal form (CNF). For instance, the CNF, naturally derived from its
topology, of the AIG in Fig. 1is O = =(=(I; A Iy) A I3), and we can
conversely easily go from a CNF to an AIG. Moreover, applying
equivalence-preserving operations to the CNF produces new CNFs
that still encode the same Boolean function. Similarly, topologically
distinct AIGs can realize the same function, and to compare the
quality of two AIGs, a primary criterion is to compare their sizes,
measured by the number of gates they contain [24]. Smaller AIGs
are generally preferred as they simplify subsequent tasks such as
placement and routing, and lead to more efficient circuits.
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Figure 1: Representation of an AIG, showing the truth table
associated to each node.
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0 0 o0 o 0 0 0 0 1
(V) 1 1 (V) 0 0 1
0o 1 0 o 1 0 0 0 1
0o 1 1 1 1 0 1 0 1
1 0 0 o 0 1 0 1 0
1 0 1 1 0 1 0 1 0
1 1 0 0 1 1 0 1 0
1 1 1 1 1 1 1 0 1

Table 1: Truth table of each node in the AIG from Fig. 1

2.2 Truth Tables

As for any other logical graphs, we can capture the behavior of an
AIG by propagating Boolean values from its primary inputs to its
primary outputs and applying the logical operations encountered on
the directed paths. Considering again the exemplar AIG from Fig. 1,
if; =1, I, =1, and 5 = 0, propagating the Boolean signals we can
verify that the AIG output at O is 1. By enumerating all possible
input combinations and recording the corresponding output values

for each gate, we can build the AIG’s full truth table, as shown in
Table 1. Each row corresponds to the values of the AIG nodes for a
specific set of entries (Iy, I, Is) = (i1, iz, i3) € {0,1}* displayed on
the left part of the table. We can extract from this representation a
binary vector of size 2" for each AIG node. For instance, the "truth
table" vector representation of node A4is (0001000 1), and the
primary output oneis (1111000 1)T. After discussing related
works in more detail, we explain in the next section how our method
leverages this rich vector representation for AIG generation.

2.3 Related works

Heuristics for AIG Generation and Optimization. As the infer-
ence of CNFs using exact SAT solvers often lead to exponentially
large expressions, various heuristics such as Karnaugh maps [19],
or Quine-McCluskey methods [22, 29, 30]), and algorithms [33]
have been designed to obtain more compact expressions or cir-
cuits. Further efforts accompanying the rise in chip demand led
to the development of widely used logic synthesis libraries that
implement equivalence-preserving Boolean network operators. The
open-source library ABC [26]) notably comprises dozens of logic
graph operators aiming at reducing a network size or depth [23, 24].
Interestingly, some important operators such as resub or rewrite
[6, 25] acts on the subject graph through a series of local modifica-
tions involving small single-output AIGs. Besides, applying a single
operator on a logic network is suboptimal compared to applying
several operators sequentially, though finding the best sequence is
also a hard problem [31].

Machine Learning for Logic Synthesis. Many ML approaches have
been explored to tackle the operator flow optimization progress.
Some stateless optimization methods, such as Bayesian optimiza-
tion [10, 11], search for the best flow without considering the subject
graph specificities. Alternatively, state-based methods formulate
the operator sequence optimization as a Reinforcement learning
problem, and train policies on selected features of the logic network.
While some works use high-level statistics of the subject graph (e.g.,
its number of nodes) [15, 28, 43], others rely on tailored graph con-
volutional networks (GCN) to extract richer features at the cost of a
longer training time [4, 13, 27, 44]. Similarly, standard deep network
architectures, such as CNNs [41], LSTMs [42], or GCNs [40] have
been trained to predict the quality of a logic synthesis flow in a
supervised way. Contrary to these works, we target AIG generation
itself and not operator optimization.

Learning to Generate One Circuit at a Time. A first approach to
generate Boolean networks with deep neural networks consists of
substituting the gates and wires of a logic circuit by learnable nodes
and connections to form a neural network [5, 14, 45]. The network
parameters are learnt by minimizing the error made by forward
passes compared to the target binary output. On the one hand, this
method allows to cope with larger number of primary inputs as,
instead of learning an entire family of logic graphs (e.g., the 8-input
AIGs), it is specialized on one particular target truth table. On the
other hand, it requires to train a new neural network for each target
truth table, representing a significant runtime bottleneck. There-
fore, several works inspired by the development of foundational
generative models have followed another direction, consisting in
learning the synthesis process itself with a deep neural network.



Learning Circuit Synthesis using Deep Learning. While [32] use
a CNN backbone to generate prefix circuits by adding or deleting
nodes in a N X N grid, [20] employ an auto-regressive diffusion
model to generate DAG for high-level synthesis stage , and [9]
design a two-level GNN architecture to synthesize analog circuits
that work with non-binary signals. Closer to our work are Bool-
former [7] and Circuit Transformer (CT) [21], both tackling digital
network synthesis with an auto-regressive transformer-based archi-
tecture. They train their policies with a supervised training phase,
predicting the next element of a logic graph given a target truth ta-
ble, and doing inference through beam-search or MCTS simulations.
Contrary to our work, Boolformer and CT use a symbolic repre-
sentation of the Boolean formula associated to a logic graph that is
encoded via depth-first search. Therefore instead of representing
already built nodes by their truth tables and predicting the next
node to add to the graph, they tokenize the symbols and let their
model generate the next symbol of the logic formula (a logical oper-
ation, an input or an output), which requires more forward passes
than for our method to produce a similar AIG. Besides, given a
target truth table Ty, Boolformer directly takes as input the boolean
representation of T, as we do, while [21] pass a (non-optimal) AIG
realizing T to the CT to generate an improved logic network.

3 Problem Definition

Truth tables encompass the results for all possible input values,
but do not provide sufficient structural information to derive an
AIG representing that mapping. Heuristics that generate a Boolean
expression, or an AIG, from a truth table lead to exponentially large
solutions needing further refinement. Consequently, solving this
AIG generation problem would significantly impact circuit design.

Problem Definition: Given a target truth table T, € {0, 1}2",
construct an AIG with the minimum number of nodes, such that
its output node O has a truth table Tp matching T,.

Note that the size of a truth table associated with an n-input
AIG is 2", thus, the set containing all truth tables of size 2" has
a cardinality of 22", which is on the order of 10”7 for the space
of truth tables that an 8-input AIG can represent. Exploring such
a large space efficiently requires developing specific models and
training techniques. These must exploit the structural properties of
the problem while managing the exploration-exploitation trade-off
inherent in such scenarios.

3.1 State Representation & Notations

We formally define an AIG with n inputs as a graph G = (V, E),
where V and E represent the node and edge sets. To capture the dy-
namic nature of AIG construction, we introduce a temporal param-
eter, ¢, which simultaneously represents the current time step and
the number of AND-nodes in the graph, denoted as G; = (V;, E;).
This allows us to model the evolution of the AIG over time, with the
graph growing as new AND-nodes are added. We assign a unique
integer ID to each node in the graph, regardless of its type; thus,
at time ¢ the node setis V; = {1, ..., In, Apt1s - - -» Antt }, Or with
a node-type agnostic notation, V; = {vy, ..., 0,4 }. Following this
notation, the graph G, represents an AIG containing only input
nodes, i.e., with Vy = {I1, I, ..., I, }.

In our generative process, we encode the state corresponding to
AIG G; as a 3-tuple s; = (77, Ty, A;). Here, Ty = {T1, T, ..., T4+ } s
the set of truth tables associated with the current nodes, T is the

target truth table, and A; = {an+1, an+2, -, an+¢} is the ordered set
of actions performed so far. Each action generates a new AND-node
by connecting two existing nodes in one of four possible config-
urations: (v;,v;), (v;, ;), (—0;,0;), and (—w;, —w;). Our goal is to
perform a series of N actions, transforming G, into a terminal AIG
Gn such that the truth table of the last generated AND-node, T+ N,
matches or is the negation of the target truth table T.. Note that our
environment is stateful, as its history influences future decisions.
Furthermore, our environment poses an additional challenge due
to its action space expanding quadratically with each node we add.

4 Model Architecture

Truth Tables of Built

z

fodes Target T,

Inputs:

Policy Module details Value Module details

s (__Transformer Layers

Self-Attention

Self-Attention Logits:

i

Figure 2: ShortCircuit model takes as inputs a target truth
table T, and the truth tables of the already built nodes. It
first appends a type-dependent positional encoding before
going through several transformer layers. Then, the model
is split into two heads, respectively outputting a probability
distribution over the next possible actions (policy module
on the left) and a value reflecting the quality of the current
inputs (value module on the right).
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We propose an iterative approach to AIG construction, where we
gradually build the circuit, starting with G, and letting our model
decide at each step which AND-node to add, aiming at realizing a
given target truth table T,. To generate the next gate, the model
takes the set of existing nodes as input, and it outputs a proba-
bility distribution over the set of AND-nodes that can be built by
combining any pair of already existing nodes, taking edge types
into account. Formally, let |V;| denote the number of nodes in the
current state of the graph, then the action space is a 4 X |V;| X |V¢|
tensor, where each |V;| X |V¢| slice corresponds to a connection type.
Specifically, the cell (i, j) in a given slice indicates the probability of
connecting node v; with v;, and the slice index € € {1, 2,3, 4}, cor-
responds to a combination of specific edge types: (v;,v;), (-0, v;),
(v, ~wj), or (—w;, ~w;). Therefore, we can sample a triplet (e, i, j)
following the distribution given by this 4 X |V;| X |V;| tensor and
add the corresponding node to the graph. The process ends when
the truth table of the node matches either the target one T or its
full negation =Ty, or reaches a maximum number of steps Nyax-
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shown in Fig. 2, our architecture consists of a shared core embed-
ding the truth tables applying position encodings, and H trans-
former encoder layers. Then, the hidden embeddings are passed as
input to the 4 stacked policy modules and to the value module. The
policy modules combined with a softmax produce a distribution
over next actions, and the value module ending with tanh predicts
an expected reward in [-1, 1].

Positional Encoding (PE). In transformers, positional encodings
(PE) help capture the sequential relations in the inputs. In our
setting, the AIG structure is already implicitly reflected in the truth
tables. Furthermore, self-attention should treat every node equally,
as any two nodes may be combined to form a new node. However,
to enable the model to distinguish between built nodes and the
target truth table, we introduce two learnable positional encoders,
referred to as “Node PE” (see Fig. 2).

Policy Module. Transformers are the state-of-the-art architecture
to handle sequential data. These models particularly shine when
trained to predict the next token in a sequence by outputting a
fixed-size tensor representing a sampling probability over a token
glossary. In our case though, the set of nodes that we can build
grows at each step, as more pairs of nodes can be combined to
produce the next node. Inspired by NLP tasks, for which attention
scores among related tokens are high, we use attention to guide
next node generation. Thus, we directly use the final self-attention
map of four parallel policy modules to get the probability to connect
any two nodes with specific edge types. Each policy module has P
transformer encoder layers and outputs a final self-attention layer.
In the last self-attention layer, we exclude the entry corresponding
to the target node and returns the self-attention scores based on
the existing AIG nodes embeddings. We aggregate the scores from
the four policy modules and mask the ones associated to already
built nodes and their negate versions. We finally apply a softmax to
the remaining scores to produce a single probability distribution.

Value Module. The value module consists of S transformer en-
coder layers. It assess how favorable a state is and prevents expand-
ing unpromising states. As the quality of a state not only depends
on the nodes that are present in the graph at that stage, but also
on the target truth table that should be realized, the value module
also uses the two learnable type-based positional encoders intro-
duced above. After performing the embedding, we compute the
cross-attention between the graph nodes and the target truth table,
which yields a new vector representation of the target. Finally, we
feed this vector to a linear layer producing a single value, which
should reflect the quality of the current state.

5 Training ShortCircuit

The sparse nature of the problem makes it practically impossible to
discover functionally correct graphs when exploring the double ex-
ponential state space uniformly. This challenge necessitates a more
effective training approach for our ShortCircuit. To address this,
we propose a two-stage training regimen consisting of a supervised
pre-training stage to initialize the policy module, followed by an
AlphaZero-style fine-tuning phase to improve the policy module
and train the value module. Although pre-training the policy mod-
ule provides a good prior to predict the most useful next actions,
simply following it does not guarantee that an AIG matching T, will
be constructed due to the inherent difficulty of the problem. This

limitation highlights the importance of the fine-tuning stage, which
aims to refine the policy module and leverage the value module for
improved performance.

5.1 Pre-Training

Inspired from NLP, we pre-train our model on the next-action
prediction task using single-output AIGs. As no large public corpus
of (truth table, AIG) pairs exists, we curate our own dataset from
open-source digital circuit collections to pre-train ShortCircuit to
regenerate AIGs from their targets.

Data Extraction. To generate an AIG dataset with the desired
input and output sizes, we utilize the EPFL benchmarks [2], which
contain a collection of 20 real circuits realizing arithmetic and
control functions. On average, the arithmetic and control circuits
have 175 inputs and 137 outputs with 22520 AND-nodes. Since these
circuits have more inputs than the AIGs we aim to generate, we
extract subgraphs, or cuts, from them. A cut refers to a connected
subset of nodes in the AIG that divides the graph into two disjoint
parts. The root of a cut is the node to which all directed paths
within the cut converge to and a leaf node is a node in the cut that
have at least one fanin outside of the cut. By design, a cut forms a
single-output AIG with a number of inputs corresponding to the
number of leaves.

Data Preparation. Since our policy should predict the next ac-
tion, i.e. the next node to add to a partial AIG, we need to convert
the AIGs we load from our training dataset into a sequence of
ground-truth actions. As different series of actions can lead to the
same graph with N nodes, we first sort the nodes of the training
AIG we load into a topological order {1y, ..., In, Ap+1, ..., AN} (Or
{v1,...,oN} with node-type agnostic notation), where Ay is con-
nected to the output O. We also convert the AIG nodes into truth
tables, as described in section 2, and use the truth table of O as
the target T,. From the topological sequence of nodes, we build
the sequence of actions that our policy should learn to perform
when its goal is to generate T,. As mentioned in section 4, creating
node v = (=)v; A (=)v;, with 1 < i < j < k, corresponds to
action ax = (e, 1, j), whose first component € € {1,2,3,4}, indi-
cates the types of the edges connecting vy to its parents, as detailed
in Table 2. This procedure leaves us with the sequence of actions
A = {an+1, an+2, .-, an }, starting with index n + 1 since the n pri-
mary inputs are given at the beginning of the AIG generation.

To efficiently generate target action distributions, we aggregate
all the actions into a sparse 3-dimensional tensor A = (Aj, Az, Az, Ay)
where each element A, is a N X N matrix representing the actions
with connection type €. The value of the entry (i, j) of A¢ is set to 1
if (e, i, j) belongs to A and to zero otherwise. Thus, if all the nodes
up to v are already built, considering each submatrix A¢ 1.4 1.4 tak-
ing the first k rows and k columns of A, allows to easily identify
which nodes with connection € we could build next. Taking the
submatrices for all values of €, we obtain the target action distri-
bution by setting the entries corresponding to already performed
actions at 0, and normalizing the resulting tensor. Fig. 3 illustrates
this action tensor building procedure.

Data Augmentation. The first data augmentation we employ con-
sists of using the same AIG for both targets T, and —T,. This is
valid because we can generate one target or the other by connecting
the final node Ax with the output O using a regular or an inverter
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Figure 3: We start data pre-processing by sorting the AIG
nodes in topological order. Then, we identify the action
types € € {1,2,3,4} based on the edges. Next, we build the
sequence of actions A and generate the global action tensor
A = (A1, Ay, As, As). We highlight the structure of A;, which
contains a 1 at entries (1, 2) and (6, 7) for the generation of A5
and Ag (actions as and ag).

edge. Our second data augmentation leverages the fact that any
order of truth table rows is valid, provided that the same order is
used for all the nodes. Since our ShortCircuit’s inputs are truth
tables, it is desirable for the model to be invariant to row permuta-
tions. Formally, the model should generate the same next-action

prediction whether it receives the truth tables Ty, ..., Ty and Ty,
where T; = (ti(l), el ti(2 )) € {0, l}zn, or when it gets the permuted
truth tables o(Ty),...,0(In), 0(Tx) where o is a permutation in

Son and o(T;) = (ti(a(l)), . ..,ti(a(zn))). As structurally encoding
this invariance into our policy architecture would be computation-
ally too expensive, we apply random permutations to the inputs
of our model during the training, which does not impact the other
metadata introduced in the previous section.

Pre-Training Flow. With the prepared augmented data, we can
proceed to train our policy module to match the ground-truth
next-action distributions of our training set. For training loss, we
experimented with KL divergence and cross-entropy, both of which
measure the distance between two probability distributions. In
practice, KL divergence loss yielded better results. Besides, the
backbone of our model being a transformer, we implement a cus-
tom masking strategy during training. to maintain causality in the
auto-regressive generation process. Since the primary inputs and
the target truth table are available from the start, and as there is
no causality for their existence, we allow full attention for their
embeddings, and only apply a causal mask for the rest of the nodes.

5.2 Fine-Tuning

Fine-tuning aims to align the value and policy module to operate
effectively together. Unlike the policy module, we cannot properly
initialize the value module during pre-training as the generated
dataset only contains successful examples, which would mislead
the value module to consider that all states are “good”. Skipping
pre-training, though, would lead to a random exploration of the vast
search space of truth tables, which would likely result in encounter-
ing only “bad” states, preventing the model from learning what a
“good” state is. Therefore, the most viable option to train our value
module is through experience, by performing searches with a pre-
trained policy module. We utilize AlphaZero as the orchestration
framework to refine the policy and value modules.

Fine-Tuning Flow. Generating trajectories for millions of truth
tables is computationally challenging. Thus, to best exploit our
resources, our fine-tuning regimen consists of data collection and
model training processes. These data collectors generate trajectories
and add their findings to a fixed length replay buffer. Under the hood,
the data collectors store the metadata, including truth tables and
discovered reward Q(s), of the MCTS root node for each step in the
trajectory in the replay buffer. Successful trajectories receive a re-
ward of 1, while failed ones receive — min (hy(Tn, Tx), hg (Tn, = Tx)),
where hy is the normalized Hamming distance and Ty is the last
generated truth table. The trainer process randomly samples data
from the replay buffer and uses the truth tables as input for the
model. Since the value module aims to predict the Q-value of a
state, the goal is to minimize the mean squared error (MSE) be-
tween the predicted value and the retrieved Q(s). The target dis-
tribution for the policy module is the normalized number of vis-
itations N(s.a)/5, N(s,a). Similar to pre-training, we minimize the
KL-divergence between the policy module output and the target
probability distribution.

6 Experimental Evaluation

We introduce the implementation details such as model and search
hyperparameters, datasets and baseline methods in section 6.1 and
6.2, and we compare the effectiveness of ShortCircuit against several
baselines in 6.3. Finally, section 6.4 presents a study on the impact
of number of simulations.

6.1 Experimental Setup

We train and evaluate ShortCircuit with 51.6 million parameters on
8-input truth tables randomly extracted from the EPFL benchmark,
as we describe in section 5.1. Our model has H =4and P =S =3
transformer blocks for the different parts with 16 heads and an
intermediate embedding size of 4096. We specifically choose to
test on these circuits, since they correspond to real-world Boolean
functions that have more practical interest than uniformly random
truth-tables. In total, we extract 1.8 million AIGs with an average
number of AND-nodes of 10.08. We pre-train ShortCircuit with a
batch size of 1024 for 250 epochs, and finetune the model until it
converges.

6.2 Baselines

We derive each truth table in our test set from the primary output
of an extracted cut. Since those cuts are AIGs realizing those truth
tables, we use them as a baseline, denoted as Cut. Additionally, we
compare ShortCircuit against the state-of-the-art open-source logic
synthesis tool ABC. This library applies a series of Boolean algebra
transformations to generate an AIG from a truth table. Moreover,
we leverage a popular logic optimization flow, resyn2, that ap-
plies multiple operators to optimize the AIGs by ABC and denote
it as ABC+resyn2. Finally, we compare ShortCircuit against the
Boolformer. This learned method produces an optimized Boolean
expression given a truth table, and we convert this expression into
an AIG without introducing any logic redundancy.

6.3 Generation Quality & Runtime Experiments

We evaluate ShortCircuit against our baselines on 500 truth tables
associated with randomly sampled AIGs from the EPFL benchmarks.
We allow ShortCircuit to attempt to generate a circuit with up to 30
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AND-nodes. ShortCircuit performs 8 MCTS simulations and gener-
ates up to 20 AND-nodes in each simulation, before performing an
action. The success rate of ShortCircuit on this test set is 98%.

12
gn cut B8 Boolformer
N o ABC 2l Cut [
11} N BB ABC+resyn2 " 2 |0on ABC
N 08 ShortCircuit 3 < |BEABC+resyn2
: 2 3| |88 ShortCircuit
10 - 7 N | Q‘ 7
A N 74 A i
944 —imim i dimimim | Vg g < R4 R NN - vy
8 a
9 ¢ N 2 . ;
; 2 ; V 3 7z
’ : ; ; 3 %
A : ; v N Z
A : ; A ) ;
8
Algorithm Algorithm

(b) ShortCircuit vs. traditional
and learned methods

(a) ShortCircuit vs. traditional
methods

Figure 4: Average number of AND-nodes for the successfully
generated AIGs across several baselines.

Fig. 4a compares the average size of the successfully generated
circuits compared to Cut, ABC, and ABC+resyn2. ShortCircuit di-
rectly generates compact AIGs with 9.44 AND-nodes on average.
These AIGs are significantly smaller than the ones from Cut and
ABC, respectively achieving a size reduction of 5.77% and 18.62%,
and marginally smaller AIGs than ABC+resyn2 by 0.26%.

Fig. 4b compares the AIG sizes against the same baselines but
also against Boolformer. Boolformer successfully generated 85%
of the given truth tables, so we report results only on the truth
tables successfully generated by both learned methods. ShortCir-
cuit still maintains its good performance on this test subset while
Boolformer produces less compact AIGs and frequently fails to syn-
thesize complex circuits requiring more AND nodes. ShortCircuit’s
AlGs are 13.14% smaller.

The runtime of ShortCircuit for a single rollout with 30 steps is
0.01s. Due to limitations in our MCTS implementation, the runtime
for 8 simulations per step is 1.8s, but an optimized version would
be comparable by performing batched simulations. When we com-
pare the greedy rollout against ABC and ABC+resyn2, which have
a runtime of 0.31s and 0.32s, ShortCircuit achieves a respective
speedup of 31X and 32x. Finally, Boolformer’s runtime is 0.78s,
making ShortCircuit 78x faster.

6.4 Impact of Number of Simulations

To better understand the role of MCTS simulations in the perfor-
mance of ShortCircuit, we investigate their impact on the success
rate, the circuit size, and the execution time on the same test set of
500 truth tables as in section 6.3. Fig. 5 illustrates how the success
rate evolves as the number of MCTS simulations increases from
1 to 256. For clarity, we append an integer i next to our method’s
name (ShortCircuit[i]) to indicate the number of simulations.
When using only 1 simulation, ShortCircuit[1] performs a greedy
search, where the policy selects the most likely action. This strat-
egy yields a lower success rate of 92.2% albeit still good, but bene-
fits from a very short generation time of 0.01s. On the other end,
ShortCircuit[256] achieves a significantly higher success rate of
98.6%, albeit with a much longer running time of 106s. Increasing
the number of simulations enables the model to explore a larger -
but still limited — portion of the solution space, resulting in higher
success rates and the discovery of more compact graphs. Fig. 6
highlights this trade-off by revealing a Pareto front, suggesting

that we can adjust the number of MCTS simulations to achieve the
desired balance between success rate, design quality, and running
time. Moreover, Fig. 6 confirms that, with more engineering efforts,
the runtime for different numbers of simulations would be much
closer to ShortCircuit[1], since the runtime scales sublinearly with
respect to the number of simulations as already visited states do
not need to be recomputed and are retrieved from cache.
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Figure 5: ShortCircuit’s success rate vs. number of MCTS
simulations per action.
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Figure 6: Average #AND-nodes per AIG vs. generation time
for ShortCircuit with varying MCTS simulations marked on
top of each data point.

7 Conclusion

We introduced ShortCircuit, a novel transformer-based architecture
for generating AIGs from a target truth table. Our approach com-
bines a structurally aware transformer model with an AlphaZero-
inspired policy variant, enabling efficient navigation through the
doubly exponential state space associated with truth tables. In our
experiments, we demonstrated the effectiveness of ShortCircuit
in producing high-quality AIGs that are significantly smaller than
those generated by one of the state-of-the-art logic synthesis tools
ABC and the trained Boolformer. Specifically, our method achieved
a relative size reduction of 18.62%, and 15.13% respectively.

This work contributes to the expanding field of ML applications
in chip design, showcasing the potential of deep learning to revi-
talize the field with new perspectives. We demonstrated that it is
possible to generate high-quality AIGs from truth tables, paving
the way for future research in this area. Future work will focus
on extending ShortCircuit to handle AIGs with multiple outputs,
integrating our approach with existing logic synthesis tools, and
exploring its application in industrial settings. Finally, our goal is
to enable the creation of efficient, scalable, and innovative comput-
ing systems, and we believe that ShortCircuit is an important step
towards realizing this vision.
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