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Abstract

The rapid advancement of Machine Learning (ML) has demonstrated
immense potential for logic synthesis, design-space exploration,
and circuit optimization. In practice, however, researchers who
want to combine these areas repeatedly face the same infrastruc-
ture problem: the surrounding ML and data-science ecosystem
is centered on Python, whereas the core data structures and al-
gorithms of logic synthesis are the product of decades of highly
optimized C/C++ engineering. Connecting these environments of-
ten requires project-specific circuit conversions, tool orchestration,
and data-preparation code. To address this recurring gap, this paper
introduces aigverse, a unified open-source infrastructure project
that brings mature logic synthesis capabilities into Python-first
workflows without reimplementing them there. To this end, aig-
verse offers direct bindings to high-performance C/C++ synthesis
libraries through an idiomatic Python interface. It provides reusable
support for circuit construction and manipulation, benchmark ac-
cess and dataset generation, optimization and equivalence-checking
flows, and export into graph and tensor representations for down-
stream data science and ML pipelines. In a case study comparing
a pure-Python tensorization pipeline from the literature against
aigverse, the latter achieves up to 17.2x faster end-to-end tensoriza-
tion while reducing isolated framework hand-off overhead by three
to four orders of magnitude depending on circuit size. In this way,
aigverse provides logic synthesis with the kind of reusable, domain-
aware software bridge that has already helped ML become effective
in scientific fields such as medicine and chemistry without requiring
those researchers to become application-domain experts.
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1 Introduction

As the scale and complexity of digital designs continue to accelerate,
logic synthesis and optimization remain the foundational steps for
translating high-level Boolean specifications into efficient, manu-
facturable hardware [6, 12, 30]. This pressure is compounded by a
widening gap between hardware and compute scaling: transistor-
level scaling has slowed markedly [20], even as machine learning
compute demand has grown far faster, roughly doubling every
six months since 2010 versus Moore’s Law’s historical multi-year
cadence [35]. Mature logic synthesis tools and libraries rely on
C/C++ implementations refined over decades for execution speed
and scalability [5, 38, 44]. Python interfaces such as Pyosys [41]
already make some synthesis functionality accessible from high-
level development environments. The remaining challenge is to
compose circuit objects, synthesis operations, and ML-facing data
representations into reusable workflows, rather than implementing
the connections anew for each application.

At the same time, logic synthesis workflows are increasingly
studied, evaluated, and deployed in Python-centric contexts. This is
particularly true in ML and data-science settings, where data prepa-
ration, model development, experimentation, and downstream anal-
ysis are commonly carried out in Python. In those contexts, re-
searchers need reliable access to mature logic synthesis functional-
ity accessible from within the Python ecosystem.

The intersection of these two domains is no longer theoretical.
Recent work has repeatedly demonstrated the potential of learning-
based approaches for logic synthesis, design-space exploration, and
circuit optimization [28, 40, 43, 48]. Yet the practical software bridge
between them has remained weak. Even with existing Python in-
terfaces, individual applications may still need custom code for
circuit manipulation, external-tool orchestration, dataset prepara-
tion, and conversion into graph or tensor formats. Reimplementing
these connections duplicates engineering effort and can introduce
avoidable process, serialization, and Python-object construction
costs.

To this end, this paper introduces the aigverse infrastructure
project, which offers native C/C++ synthesis algorithms and data
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structures within a common Python workflow. Direct bindings
provide in-memory network manipulation, optimization, and ver-
ification, while an optional ABC [5] bridge handles external-tool
execution and circuit interchange for the caller. Benchmark load-
ing, circuit generation, and graph- and tensor-based export com-
pose with both paths. The resulting representations integrate with
NumPy [19], PyTorch [33], TensorFlow [1], NetworkX [18], and
JAX [4], without making these downstream frameworks manda-
tory dependencies of the synthesis core. On identical corpora, the
native tensorization path yields up to 17.2X end-to-end speedups
over a pure-Python baseline while cutting isolated tensor hand-off
costs by three to four orders of magnitude as circuits scale.

We do not present aigverse as a complete answer to every EDA-
ML integration problem; rather, we position it as a practical in-
frastructure contribution that closes a longstanding gap between
high-performance synthesis tooling and Python-first workflows.
Its contribution is the combination of AIG-oriented circuit con-
struction and manipulation, native synthesis operations, reusable
ABC orchestration, benchmark access, and direct graph and tensor
interoperability within a single Python library.!

Specifically, this paper makes the following contributions.

(1) the introduction of aigverse as a unified infrastructure project
that bridges high-performance logic synthesis and Python-
first workflows;

(2) an architectural overview of the aigverse framework, demon-
strating its dual utility as both a lean scripting tool and an
ML-facing integration layer;

(3) usage examples that compose native algorithms, ABC recipes,
benchmark access, and modern graph and tensor tooling;
and

(4) a Circuit Transformer [28] case study that combines a qual-
itative infrastructure comparison with quantitative tensor-
export measurements, showing how reusable logic-synthesis
infrastructure reduces both engineering overhead and run-
time cost at the ML boundary.

2 Preliminaries & Related Work

We first introduce AIGs and their synthesis operations in Section 2.1,
review the open-source EDA ecosystem in Section 2.2, and summa-
rize the ML workflows motivating this infrastructure in Section 2.3.

2.1 And-Inverter Graphs (AIGs)

In modern EDA, efficiently representing and manipulating vast
Boolean functions is a foundational challenge, as traditional repre-
sentations such as truth tables, Sum-of-Products, and Binary Decision
Diagrams [8] become intractable at scale due to their exponential
memory footprints. Consequently, And-Inverter Graphs (AIGs) have
emerged as a scalable, compact, and highly dominant data struc-
ture in contemporary logic synthesis workflows [23, 24, 31, 32]
and serve as the primary underlying data structure within aigverse.
Formally, an AIG is a homogeneous Directed Acyclic Graph (DAG)
whose node set is strictly limited to primary inputs and two-input

The aigverse source code is publicly available at https://github.com/marcelwa/
aigverse, with documentation at https://aigverse.readthedocs.io. Pre-
compiled binaries for all major operating systems are distributed via PyPI and can be
quickly installed using uv pip install aigverse (or standard pip).
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Figure 1: AIG of a 2-bit ripple-carry adder computing arith-
metic addition: [c, sy, so] = [a1, ao] + [b1, bo].

logical AND nodes, with inversion tags on edges denoting logical
negations without requiring distinct inverter nodes. Primary out-
puts are pointers to specific nodes, optionally carrying an inversion
tag. For example, the 2-bit ripple-carry adder in Figure 1 computes
the arithmetic addition [c, s1, 0] = [a1, ao] + [b1, bo] using only 10
AND nodes.

Because AIGs are non-canonical, practical synthesis flows rely
on a broad family of optimization and verification procedures to im-
prove area, delay, and related cost metrics while preserving Boolean
functionality, including rewriting [3, 32], refactoring 30, 32], resub-
stitution [12, 26, 30], and equivalence checking [23, 24, 31]. While
effective, these procedures require rapid graph traversals, bitwise
manipulation of truth tables, and dynamic memory allocation—a
computational profile that has made heavily optimized low-level
implementations, e. g. in C/C++, the practical foundation of modern
logic synthesis.

2.2 The Open-Source EDA Ecosystem

Chief among the open-source logic synthesis tools is ABC [5], the
academic and industrial gold standard for (sequential) synthesis, op-
timization, and verification for nearly two decades, complemented
by Yosys [44], an open-source RTL synthesis framework, and, more
recently, mockturtle [38], a C++17 header-only logic network library
offering a generic, modular architecture for implementing synthe-
sis data structures and algorithms. These tools share a relentless
focus on execution speed and memory efficiency, leveraging native
memory management, pointer-based traversals, and cache-friendly
programming to handle graphs with millions of nodes.

Python-facing synthesis infrastructure already supports some of
these workflows. Pyosys [41] exposes Yosys’s C++ API to Python,
including access to the design database and its modules, cells, and
wires, and supports interactive inspection, modification, and de-
velopment of custom passes. Other libraries serve complementary
purposes: py-aiger [42] supports Python-side AIG construction and
simulation, while CircuitGraph [39] represents circuits as NetworkX
graphs for analysis and transformation.

This paper introduces aigverse as a complementary infrastruc-
ture effort focused on making high-performance logic synthesis a
reusable part of the Python ecosystem, with native access to circuit
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objects and algorithms and direct integration with data-science and
ML workflows.

2.3

Graph Neural Networks (GNNs) are a class of neural networks tai-
lored to operate directly on graph-structured data via message pass-
ing [7, 16, 34], iteratively aggregating and updating node repre-
sentations from their local neighborhood. An AIG maps cleanly
onto this input format: node features can encode node type, logic
level, and fan-out, while edge features capture logical inversions—
an alignment that directly motivates the graph and tensor export
capabilities of aigverse described in Section 3.3. Building on this
alignment, learning-based EDA workflows increasingly use such
representations for predictive quality-of-results estimation [9, 14,
27, 36, 37, 46, 47], for reinforcement-learning-driven optimization
that navigates the exponential space of synthesis recipes [21, 25, 29],
and for generative models that synthesize AIGs directly from func-
tional specifications [28, 45, 48].

Despite their distinct objectives, these workflows share a recur-
ring infrastructure requirement: circuit construction, optimization,
verification, and feature extraction must compose with a Python-
side learning loop. Without reusable support, researchers repeatedly
implement network representations, file interchange, and external-
tool orchestration themselves. These tasks impose engineering
costs, while repeated process launches and serialization can also
introduce latency. aigverse addresses both concerns: native opera-
tions avoid external-process and file-transfer overhead, whereas its
ABC bridge encapsulates that overhead when established external
recipes are required. The common Python interface lets researchers
choose the appropriate execution path without rebuilding the sur-
rounding workflow.

Machine Learning on AIGs

3 The Proposed Infrastructure: aigverse

The main contribution of this work is aigverse, an infrastructure
project that makes logic synthesis and optimization available as
reusable components in modern Python workflows with a direct
path into data-science and machine-learning tooling. We first out-
line the project’s architectural design in Section 3.1, then illus-
trate Pythonic workflows in Section 3.2, discuss integration with
graph and tensor ecosystems in Section 3.3, and finally describe the
software-engineering choices that support collaborative extension
in Section 3.4.

3.1 Overview and Architectural Philosophy

The aigverse project combines two complementary execution paths
within one Python workflow: direct bindings to the EPFL logic
synthesis libraries [38] and reusable orchestration of an externally
installed ABC executable [5]. Both accept network objects and
compose with generation, benchmark access, verification, and ML-
facing export. The native path avoids process and file-transfer costs;
the ABC path exposes established recipes without requiring each
application to implement its own tool interface.

Figure 2 summarizes this architecture: the compiled synthesis
core is exposed through bindings, while the Python layer connects
it to optional ABC execution, benchmark access, and downstream
ecosystem integrations.
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Figure 2: Layered architecture of aigverse. Core logic syn-
thesis backends and performance-critical interfaces reside
in compiled C/C++ code (bottom, blue). These are exposed
to Python via nanobind bindings (center, yellow). A pure-
Python module facilitates integration with the ecosystem
(top, green). Heavier ML dependencies are loaded option-
ally via the adapters extra (right, red), which dynamically
augments functionality across both the pure-Python and
nanobind boundaries. The external ABC executable (left)
connects to the Python module through the optional ABC
bridge. Benchmark suites, such as EPFL (lower left), supply
circuits through on-demand loading and local caching.

At the core, mockturtle provides network data structures and
synthesis algorithms, kitty provides packed truth tables and sym-
bolic simulation, and lorina provides circuit-format parsers. Five
compiled nanobind [22] modules expose networks, algorithms, I/O,
generators, and utilities as Python objects and functions. Graph-
tensor export is implemented alongside the logic network bindings,
so downstream frameworks can consume contiguous CPU arrays
through DLPack without reconstructing graph features in Python.

The pure-Python layer provides benchmark loading, ABC orches-
tration, and ecosystem integration. Importing aigverse.adapters
adds Aig. to_networkx () through runtime monkey-patching; its
optional installation extra supplies NumPy and NetworkX. No heavy
consumer dependencies such as PyTorch are installed automatically,
keeping the library lean. ABC is also optional and is not bundled,
allowing users to provide their custom binary: the bridge locates an
installed executable, transfers the input as binary AIGER, executes
the requested commands in an isolated working directory, and reads
the result into a network object. This path retains subprocess and
file-transfer costs while making their implementation reusable.

3.2 Pythonic Workflows

Networks and algorithms are ordinary Python symbols that com-
pose in scripts, notebooks, and analysis pipelines. Users can con-
struct circuits directly, apply native optimization passes, or execute
ABC recipes on the same network objects. The following example
loads a standard benchmark, applies native cut rewriting, composes
a parameterized ABC schedule, and verifies the result:

from aigverse import abc

from aigverse.algorithms import aig_cut_rewriting, equivalence_checking

from aigverse.benchmarks import epfl

original = epfl("ctrl")

native = aig_cut_rewriting(original, cut_size=4, preserve_depth=True)

recipe = [
abc.balance.cmd(duplicate_critical=True),
abc.rewrite.cmd(zero_cost=True),
abc.refactor.cmd(max_support=10),

]

optimized = abc.run_script(native, recipe, timeout=60)

assert equivalence_checking(original, optimized)
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The benchmark loader fetches circuits from the EPFL combi-
national suite [2] on demand and caches each revision locally. Its
default revision is pinned, so independent experiments load the
same circuits.

The aigverse.abc namespace provides named recipes such as
resyn2 and compress2rs, individual transformations, and arbi-
trary scripts. Each command wrapper’s .cmd() method builds a
parameterized command without executing it, allowing an en-
tire schedule to run in one ABC process. Canonical recipe ex-
pansions are supplied by aigverse, avoiding dependence on local
abc.rc aliases by default. The aigverse.abc.gia namespace ex-
poses ABC’s separate GIA command store, and run_many executes
one schedule over a corpus with bounded concurrency and results
in input order. Timeouts and structured execution errors make fail-
ures visible to the experiment rather than requiring custom output
handling. Structured ABC statistics and a separate equivalence-
checking interface also support comparison and validation across
execution paths.

This supports experiments such as the repository’s recipe study,
which composes transformations, sweeps their order over EPFL
circuits, and compares the resulting gate counts and depths.

Truth tables for outputs and internal nodes are available through
symbolic simulation and kitty’s packed representations. Register-
bearing circuits are supported as well, with cycle-based simulation
and ABC transfer through AIGER latches.

3.3 Integration with Machine Learning

The previously presented workflows are foundational, but the most
distinctive aspect of aigverse is that it integrates natively with estab-
lished data-science and ML libraries and turns the graph and tensor
representations discussed in Section 2.3 into first-class outputs of
the synthesis stack. The features discussed in this section are repre-
sentative rather than exhaustive: they illustrate a graph-analytics
path through NetworkX and a lower-overhead tensor path through
DLPack [13] and PyTorch Geometric [15].

NetworkX is a natural first integration target because it offers
a well-established graph abstraction for visualization, structural
analysis, feature mining, and downstream hand-off into graph-
learning workflows. In aigverse, this path is enabled through the
optional adapters extra: as discussed above, importing aigverse.
adapters augments the module with auxiliary functions such as
Aig.to_networkx().

For example, NetworkX can extract the fan-in cone of each pri-
mary output for localized structural analysis:

import networkx as nx
import aigverse.adapters

graph = original_aig.to_networkx()
outputs = [n for n, attrs in graph.nodes(data=True)
if attrs["type"]1[31]
cones = {
po: graph.subgraph(nx.ancestors(graph, po) | {po}).copy()
for po in outputs

For high-throughput training pipelines, however, materializing
an intermediate NetworkX object can still impose unnecessary
Python-side overhead, especially for large designs or real-time
settings such as inference or RL loops. For such cases, aigverse also
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supports direct tensor export via DLPack, a cross-framework ten-
sor exchange protocol that packages tensor memory, shape, type,
and device metadata into a zero-copy transferable capsule that
can be consumed by another framework through a corresponding
from_dlpack() entry point. In practice, this means that tensor-
producing code in one environment can hand off graph data to con-
sumers such as NumPy, PyTorch, TensorFlow, or JAX without data
copy overhead. In the current interface, Aig. to_graph_tensors()
returns the graph connectivity in COO form together with node-
wise and edge-wise feature tensors whose encodings can be config-
ured and, optionally, enriched with derived structural information
such as level, fanout, or truth-table data.

import torch
from torch_geometric.data import Data

from aigverse.networks import EdgeTensorEncoding, NodeTensorEncoding

tensors = aig.to_graph_tensors(
node_encoding=NodeTensorEncoding.ONE_HOT,
edge_encoding=EdgeTensorEncoding.SIGNED,
levels=True,
fanouts=True,

)

;| edge_index = torch.from_dlpack(tensors["edge_index"])

edge_attr

= torch. from_dlpack(tensors["edge_attr"])
node_attr =

torch. from_dlpack(tensors["node_attr"])
data = Data(x=node_attr, edge_index=edge_index, edge_attr=edge_attr)

These tensors map directly to the PyTorch Geometric data ab-
straction: x contains node features, edge_index stores COO con-
nectivity, and edge_attr captures edge-level information such as
inversion polarity. The DLPack hand-off avoids an additional re-
construction step at the framework boundary, which is particularly
attractive for batched training pipelines and low-latency interaction
loops; Section 4 isolates this effect quantitatively. More generally,
instead of forcing synthesis results through external translation
pipelines, aigverse tightly integrates synthesis, graph extraction,
and data preparation within a single infrastructure stack.

3.4 Extensibility and Community Benefit

The feature discussion in the previous sections is illustrative rather
than exhaustive, but it already points to the broader role of aigverse.
Its contribution is to make logic synthesis and optimization first-
class citizens in the Python ecosystem by exposing them through
objects, functions, protocols, and interfaces that integrate naturally
with modern scientific software.

This, in turn, makes aigverse valuable both as an immediately
useful tool and as a collaborative substrate. Researchers primarily in-
terested in synthesis can use it as a lightweight scripting and exper-
imentation layer; researchers interested in data science and ML can
leverage its ecosystem integration and build directly on its graph
and tensor interfaces. That broader role depends not only on ex-
posed functionality but also on the surrounding engineering choices
that make the project reusable in practice: typed interfaces and gen-
erated stubs improve editor support, API discoverability, and type
safety; cross-platform CI testing, pre-built wheels, and Stable-ABI
distribution make the package easier to install and use across op-
erating systems and Python versions without requiring users to
build the compiled layers themselves; and contributor-facing docu-
mentation, developer guides, and automated quality checks make
it easier to extend the library without fragmenting it. The compiled
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extensions use nanobind’s split mode, targeting the CPython 3.10
Stable ABI (abi3) while resolving the interpreter-specific binding
runtime through nanobind-backend. Free-threaded support tar-
gets Python 3.15+ through the separate abi3t Stable ABI, enabling
parallel Python execution without the GIL.

The public source repository and documentation expose these in-
terfaces and usage examples for reuse. These choices help make new
backends, bindings, encodings, adapters, and higher-level work-
flows incrementally contributable, so that aigverse is best under-
stood less as a finished endpoint and more as a practical foundation
for a broader open ecosystem. The practical relevance of that claim
is easiest to see by the example of Circuit Transformer [28], a recent
ML implementation that had to rebuild much of this surrounding
infrastructure, as discussed in the following section.

4 Case Study: Circuit Transformer

Circuit Transformer [28] constitutes a useful case study of aigverse’s
potential because its main scientific contribution is a learning model,
yet its public implementation still required substantial code over-
head to support that model. This is not a criticism of that work;
rather, it reflects a challenge in the software landscape that re-
searchers face when using logic synthesis within Python-based ML
workflows. We use this example in two complementary ways: first,
as a qualitative infrastructure comparison in Section 4.1, and sec-
ond, as a quantitative benchmark for the ML-facing tensorization
path in Section 4.2.

4.1 Qualitative Infrastructure Contrast

In the reference implementation available on GitHub,? Circuit Trans-
former’s auxiliary utils.py module defines custom classes for
AIGs, implements AIGER parsing and serialization, computes truth
tables via Python bit arrays, and invokes a pre-compiled ABC bi-
nary through temporary files for structural hashing, optimization,
and equivalence checking. With over 30 % of the entire project’s
code attributed to this utility overhead, a substantial amount of
engineering effort is spent not on the transformer itself, but on
reconstructing the surrounding logic synthesis support that the
learning workflow depends on. Table 1 summarizes this contrast at
the level of the concrete workflow components.

The core issue is the volume of boilerplate code required to con-
nect these ecosystems. In Circuit Transformer, custom AIG data
structures, truth-table utilities, file-format handling, and repeated
tool orchestration must be implemented before the model can func-
tion. In aigverse, these tasks become reusable library operations.

The significance of this reduction extends far beyond eliminating
a single system call to ABC or bypassing filesystem interactions.
Rather, a broad slice of the auxiliary infrastructure required by
a modern ML project for logic synthesis can now be treated as
library functionality. This dismantles a major technical barrier that
has historically isolated EDA from mainstream machine learning:
ML experts do not have to additionally become logic synthesis
experts to apply their domain knowledge. This part of the case
study, therefore, does not suggest that Circuit Transformer should
have been written differently with the tools available at the time. Its
value is evidentiary: it shows that the infrastructure gap identified in

Zhttps://github.com/snowkylin/circuit-transformer
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Table 1: Circuit Transformer components and corresponding
aigverse support eliminating infrastructure burden.

Infrastructure burden and corresponding
aigverse support

Circuit Transformer
component(s)

Node, NodeWithInv In-memory AIG representation. Circuit
Transformer introduces custom Python classes
for AIG nodes and complemented edges,
assembled into Python lists to represent AIGs.
aigverse instead exposes a native Aig class
backed by mockturtle, so circuit construction and
manipulation are based on an existing

high-performance C++ network data structure.

structural_hashing()  Structural hashing. Circuit Transformer

with ABC delegates structural hashing to ABC and
interfaces with it via temporary files that require
disk I/O. In aigverse, structural hashing is already
built into the underlying AIG representation, so
structurally identical nodes are reused
automatically during construction and
manipulation.

compute_input_tt(),
compute_tt(),
compute_tts()

Truth-table support. Circuit Transformer
implements truth-table simulation explicitly in
Python using the bitarray data structure.
aigverse instead provides a dedicated TruthTable
class backed by kitty, implemented as C++ packed
bit arrays; symbolic simulation via simulate(),
simulate_nodes(), and related operations
enables fast truth table extraction from AIGs.

read_aiger(),
write_aiger(),
aigtoaig

AIGER interchange. Circuit Transformer
includes custom AIGER parsing and serialization
code together with explicit format-conversion
calls. aigverse exposes the same interchange path
as library functionality through the lorina parsers
and serializers and adds support for further
established file formats, e. g., Verilog and PLA, on
top of that.

sequential_
synthesis(), cec()

Optimization and equivalence checking,.
Circuit Transformer orchestrates optimization
and equivalence checking by writing temporary
files, invoking ABC, and rereading the results.
aigverse provides native in-memory mockturtle
algorithms and an optional ABC bridge that
handles recipe execution and AIGER exchange
through reusable Python calls.

Additional glue code on ~ ML-facing representations. Circuit

top of the custom circuit  Transformer must add further Python code to

representation prepare model-facing circuit data on top of its
custom representation. aigverse provides graph
and tensor export directly from the network
object itself.

this paper is real, current, and large enough to absorb a substantial
fraction of the implementation effort around an otherwise separate
model contribution.

The following native example (reusing concepts from Section 3.3)
illustrates the kind of support functionality that Circuit Transformer
implements across its utils.py in 769 lines: it starts from an AIG,
applies an optimization step, checks functional equivalence, extracts
truth tables for internal nodes, and produces an ML-ready tensor
representation, all without leaving Python, without exchanging
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Table 2: Benchmark summary for three tensorization paths
on a shared corpus of 100 AIGs per bucket. The last row lists
the ratio of the Circuit Transformer (CT) [28] baseline over
the aigverse + DLPack path.

END-TO-END [s] HANDOFF [Ms]

METHOD

10K 100K 10K 100K
CT (pure Python) [28] 16.12  169.94  1578.12 16 468.95
aigverse + Python Tensors 8.15 82.34 1533.28 15575.98
aigverse + DLPack 1.07 9.86 0.75 0.62
Speedup (over CT) 15.12x  17.23x  2.11x 103 2.65 x 10*

files with external tools, and with the performance of compiled
C/C++ data structures engineered over decades.

import torch

2 | from torch_geometric.data import Data

3
4

5

from aigverse.algorithms import aig_cut_rewriting, equivalence_checking
from aigverse.generators import random_aig

5 from aigverse.networks import EdgeTensorEncoding, NodeTensorEncoding

) aig = random_aig(num_pis=8, num_gates=100, seed=42)

10
11

13
14

16

optimized = aig_cut_rewriting(aig, cut_size=4)

2  assert equivalence_checking(aig, optimized)

tensors = optimized.to_graph_tensors(
node_encoding=NodeTensorEncoding.ONE_HOT,
edge_encoding=EdgeTensorEncoding.SIGNED,
node_tts=True,

)

edge_index = torch.from_dlpack(tensors["edge_index"])

edge_attr = torch.from_dlpack(tensors["edge_attr"])

node_attr = torch.from_dlpack(tensors["node_attr"])

data = Data(x=node_attr, edge_index=edge_index, edge_attr=edge_attr)

4.2 Quantitative Tensorization Benchmark

To complement the qualitative comparison above, we benchmarked
the ML-facing tensorization path on a shared corpus of AIGER
files, generated once and reused by all methods. The benchmark
covers two regimes: 10 K-node circuits (200 PIs and 9,800 AND
nodes) and 100 K-node circuits (1,000 PIs and 99,000 AND nodes),
with 100 circuits per bucket. We evaluate three distinct pipelines to
progressively isolate the source of performance gains: (i) a Circuit
Transformer pure-Python AIG loader together with Python tensor
construction [28], (ii) aigverse as the backend logic network but
with tensors constructed in Python, and (iii) aigverse fully utiliz-
ing compiled tensor export and DLPack zero-copy handoff. Each
method is evaluated in isolated subprocesses, reporting the median
of five timed runs after two warm-up iterations using a single Torch
thread.

All experiments were conducted on a Manjaro Linux system
equipped with an AMD Ryzen 7 PRO 6850U processor and 32 GB
of DDR5 RAM. Node and edge features used one-hot encodings,
with optional level and fanout features disabled.

Table 2 summarizes the results. At the handoff step—bridging the
logic-synthesis data structures into the Python ML framework—the
impact of native C++ tensors and DLPack is staggering. While the
pure-Python baseline spends roughly 16.47 s in handoff alone for
100 K-node circuits, the natively compiled aigverse path requires

Walter et al.

just 0.62 ms, yielding an improvement of four orders of magnitude
(2.65 X 10*). Because the native path operates in roughly O(1)
relative to Python’s object allocation overhead, the relative speedup
scales progressively with circuit size. In isolation, the intermediate
aigverse + Python Tensors track confirms that without DLPack, the
framework boundary remains an indomitable bottleneck, regardless
of the underlying logic network backend.

End-to-end, replacing the pure-Python baseline with aigverse
employing Python tensors still roughly halves the runtime to 82.34 s
(a 2.06x speedup) due to superior load and traversal efficiency. How-
ever, when native export and zero-copy handoff are fully utilized,
the runtime collapses to 9.86s, a 17.2X speedup over the Circuit
Transformer baseline. Together with the qualitative comparison
above, these measurements reinforce the same point: aigverse re-
moves both the engineering burden of rebuilding logic-synthesis
support in Python and, more specifically, turns the synthesis-to-
ML handoff from a multi-second Python bottleneck into an almost
negligible step.

5 Conclusion

Reusable infrastructure is increasingly important for connecting
logic synthesis with Python-based scientific workflows. Researchers
working across both domains too often rebuild access to circuit
objects, synthesis operations, and graph and tensor representations
for their data-science and ML pipelines. We introduced aigverse as a
unified infrastructure project providing that bridge. Direct bindings
to mature C/C++ synthesis libraries and reusable ABC orchestration
make established synthesis functionality available within familiar
Python environments. Its modular, lean-core architecture supports
concrete workflows that researchers otherwise rebuild piecemeal,
including circuit construction, optimization, dataset generation,
and graph and tensor export for downstream analysis and learning.

A Circuit Transformer case study makes this concrete both qual-
itatively and quantitatively: substantial effort was spent by the
original authors reimplementing AIG representations, truth-table
utilities, and file-based tool orchestration around otherwise separate
ML contributions, whereas aigverse facilitates the same workflows
with a few library calls, yielding up to 17.2x faster tensorization and
reducing handoff overhead by three to four orders of magnitude.
We do not present aigverse as a final answer to every EDA-ML
integration challenge. Its contribution is more pragmatic: reduc-
ing duplicated engineering effort, lowering the barrier to entry for
Python-based research on logic circuits, and giving logic synthesis
a reusable bridge library already common in computational biology
and medical imaging [10, 11, 17]—so future projects can focus on
the scientific question they set out to study.
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