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ABSTRACT
Artificial Intelligence (AI) and Machine Learning (ML) methods
offer significant opportunities to improve the quality of results in
high-level synthesis (HLS). For instance, they can be used to model
and predict metrics of the final design (e.g., area, considering aspects
such as interconnect overhead for different device technologies),
thereby facilitating exploration when searching for the best design
trade-offs. Additionally, they can help identify hidden correlations
across various phases of synthesis and the optimizations performed,
enabling the identification of the most effective pipelines. Further-
more, these methods can greatly facilitate and enhance the design
space exploration for the synthesis process in terms of both time
and quality of results. This paper discusses the opportunities and
challenges of augmenting HLS with AI/ML, using as an example the
SODA Synthesizer, an open-source hardware generation toolchain
that includes SODA-OPT, a hardware/software partitioning and
pre-optimization tool developed with the MLIR framework, and
PandA-Bambu, a state-of-the-art HLS tool. SODA interfaces with
OpenROAD to provide a complete end-to-end toolchain.
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1 INTRODUCTION
The introduction ofmachine learning (ML) and artificial intelligence
(AI) methods is profoundly changing electronic design automation
(EDA). These data driven methods provide opportunities to greatly
improve quality of results, reducing iteration times for EDA tasks
and significantly speeding up design space exploration.
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All major EDA vendors have integrated some level of AI/ML into
their workflows. However, while these advancements represent a
step toward bridging the hardware design gap, significant technical
and commercial challenges still limit the impact and adoption of
these new optimization techniques.

First and foremost, since AI/ML approaches are primarily data-
driven, data generation and management are crucial. Proprietary
solutions, while effective, may not always provide access to the data
needed to train models. This limitation hinders the development
of more detailed models and the ability to fine-tune them for spe-
cific cases. The integration of open-source end-to-end pipelines for
hardware design tools [5], spanning from high-level specification to
silicon implementation, offers access to large datasets at each stage
of synthesis and optimization. Even enabling proprietary tools to
connect with and exchange data with open-source solutions can
significantly enhance the potential to identify novel and improved
methodologies [13].

Secondly, most current approaches focus on optimizing the back-
end stages of the EDA flow, such as logic synthesis, physical design,
and layout. However, there is significant untapped potential in
combining higher-level abstractions, like those used in high-level
synthesis (HLS), with AI/ML methods. This integration could fur-
ther enhance and accelerate design space exploration.

HLS[11], which involves generating hardware designs in hard-
ware description languages (HDLs) from specifications in higher-
level programming languages, is undergoing a renaissance as a
method to greatly accelerate the hardware design process. This is
particularly true when developing custom accelerators for novel
applications, where hardware designers must rapidly explore mul-
tiple architectural solutions across various metrics. Several new
tools[4, 24] have emerged, further raising the abstraction level from
general-purpose languages like C and C++ to high-level program-
ming frameworks in Python, driven notably by the need to explore
domain-specific accelerators for AI/ML. By leveraging highly flexi-
ble and extensible compiler infrastructures, these tools can incor-
porate novel abstractions that facilitate design space exploration
through the inclusion of annotations and insights derived from
predictive supervised or unsupervised ML models. Additionally,
while much of the focus on AI/ML in HLS has been on using large
language models (LLMs) to generate HDLs from natural language
descriptions, we believe there is even greater potential for Genera-
tive AI in hardware generation, particularly in enabling "co-pilot"
agents to assist with various complex tasks.
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Figure 1: The SODA framework is an open-source, multi-level, modular, extensible, hardware generator composed of a high-level
compiler and a lower-level HLS backend

In this paper, we first provide an overview of the SODA Synthe-
sizer framework, an end-to-end open-source compiler that trans-
lates specifications written in high-level productive programming
frameworks (e.g., Python) into silicon. We also discuss its integra-
tion with OpenROAD, an open-source suite of tools for lower-level
logic synthesis and physical layout. Finally, we analyze the oppor-
tunities and challenges associated with enhancing this end-to-end
toolchain using AI/ML methods.

2 THE SODA SYNTHESIZER
Figure 1a presents a high-level overview of the SODA Synthesizer
framework. SODA consists of two distinct but interoperable com-
ponents: SODA-OPT [4], a frontend compiler for system-level design
and high-level optimizations, and Bambu [11], a state-of-the-art
HLS tool from the PandA framework.

SODA-OPT is a tool developed using the Multi-Level Intermedi-
ate Representation (MLIR)[15] compiler framework, which enables
SODA to process code written in high-level programming frame-
works. While our current focus is on machine learning and data
science[6] due to the rapid advancements in these fields, SODA-OPT
can also interface with more general scientific computing frame-
works and support the development of ad-hoc domain-specific
languages as needed. SODA-OPT serves multiple functions. First,
it performs hardware/software partitioning of the input program.
Second, it applies architecture-independent optimizations by lever-
aging features of the MLIR framework, which are well-suited for
compute- and data-intensive applications developedwith functional
languages and represented through computational graphs. Third,
it carries out system-level and HLS-related optimizations that fa-
cilitate detailed design space exploration of hardware accelerators.

SODA-OPT produces two types of LLVM intermediate representa-
tion (IR) as output. The first is an HLS-optimized LLVM IR for
kernels intended to be synthesized into hardware. The second is
LLVM IR representing the host program, including runtime calls
to the accelerators, which can be executed on a general-purpose
processor within a system-on-chip (SoC).

LLVM IRs representing kernels to be synthesized into custom
accelerators are passed as input to an underlying HLS tool. As pre-
viously mentioned, our open-source toolchain utilizes Bambu for
this purpose. Bambu generates register transfer level (RTL) code
for the accelerator designs based on the LLVM IR. The optimiza-
tions performed at the MLIR level include typical software compiler
optimizations, restructuring or modifying the IR, and inserting in-
formation to trigger specific synthesis methodologies and additional
optimizations. The power, performance, and area (PPA) metrics of
the generated hardware design are significantly influenced by the
sequence of transformations and their parameters, providing a large
design space to explore in order to identify suitable Pareto points.
Bambu can generate RTL code optimized for field-programmable
gate arrays (FPGAs) from various vendors or application-specific
integrated circuits (ASICs), and interfaces with lower EDA tools to
gather relevant metrics that can drive the synthesis algorithms.

2.1 SODA-OPT
Figure 1b) provides a detailed view of the SODA-OPT flow. By ex-
tending the MLIR framework, SODA-OPT can leverage many of the
readily available abstractions and transformations. MLIR uses the
concept of dialects—specialized, self-contained IRs that adhere to
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MLIR’s meta-IR syntax—to enable the development of reusable com-
piler infrastructure. These dialects and their associated transforma-
tions are designed to address specific code optimization challenges.

onventional methods used in HLS design flows often require
substantial code modifications or depend on compiler directives
provided through pragma annotations. These directives guide opti-
mizations, such as adjusting the degree of parallelism by control-
ling loop unrolling factors, during the HLS process. However, these
methods typically rely on the specifics of the HLS tool being used.
In contrast, SODA-OPT employs a different approach by leverag-
ing the semantic information embedded in context-specific MLIR
dialects, which allows for the automatic application of high-level
transformations during the preparation of the input program for
hardware synthesis. Additionally, SODA-OPT can automatically sub-
stitute and map calls to HLS libraries, rather than depending on
mapping to HLS "code" templates written in C.

SODA-OPT offers a suite of compilation passes designed to Search,
Outline, Optimize, Dispatch, and Accelerate computational kernels
starting from specifications in high-level frameworks. Central to
SODA-OPT is the definition of the soda dialect, a custom MLIR di-
alect that enables the automatic partitioning of the input application
into a host program, which orchestrates runtime execution, and
custom hardware accelerators [4]. Given a custom accelerator setup,
SODA-OPT automatically generates the host driver code (for data
movement and execution) based on the source application, identi-
fying optimal data layouts and trade-offs to overlap computation
with communication [1].

The SODA-OPT workflow begins by analyzing the MLIR input
to identify code regions suitable for acceleration (search). These
regions are then extracted into separate MLIR modules (outline),
which are subsequently processed through SODA-OPT ’s optimiza-
tion passes. By leveraging the modularity of the MLIR framework,
SODA-OPT can incorporate optimizations from existing MLIR di-
alects, such as linalg and affine, which are part of the LLVM
compiler infrastructure, as well as from externally provided dialects
and optimizations. For example, SODA-OPT utilizes the linalg and
affine dialects to identify operators and perform loop optimiza-
tions, thereby improving the performance and efficiency of the
synthesized hardware accelerators.

Since MLIR simplifies the support and integration of domain-
specific languages (DSLs) into the compilation flow, various ma-
chine learning frameworks (e.g., TensorFlow, ONNX-MLIR, and
TORCH-MLIR), scientific computing frameworks (e.g., NPCOMP),
and even general-purpose programming languages (e.g., the FLANG
Fortran compiler) are developing MLIR dialects, transformations,
and lowering passes. This enables compiler-related optimizations
for both existing and new dialects. Consequently, SODA-OPT can di-
rectly interface with all frameworks that lower to dialects included
in the MLIR distribution, facilitating support for new high-level
frontend languages.

2.2 PandA-Bambu
Figure 1c illustrates the key conceptual tasks performed by Bambu,
the state-of-the-art open-source HLS tool from the PandA frame-
work. Bambu, used by the SODA framework, generates RTL code
for accelerators based on the LLVM IR produced by SODA-OPT.

Bambu can accept input from several general-purpose program-
ming languages by leveraging the two de facto standard open-
source compiler frontends: GCC and Clang. It can also process
LLVM IR through a Clang plug-in, which translates LLVM IR into
Bambu’s own intermediate representation (IR). By using a Clang
plug-in, Bambu avoids issues related to LLVM IR versioning; in-
stead of requiring an IR down-grader, the plug-in only needs to be
updated to support new LLVM IR features. This capability allows
Bambu to seamlessly interface with the MLIR framework, which
can output LLVM IR, and consequently with SODA-OPT. Bambu in-
gests LLVM IR generated after SODA-OPT’s high-level optimizations
for HLS, leading to more efficient accelerators compared to those
synthesized from general-purpose programming languages or the
default MLIR optimization flow. Bambu performs the necessary
HLS steps—such as bitwidth analysis, loop optimizations, resource
allocation, scheduling, and binding algorithms—on its specialized
IR and can generate RTL designs in both Verilog and VHDL. Addi-
tionally, it can automatically produce testbenches for verification
alongside the synthesizable RTL code.

As previously highlighted, Bambu generates RTL that can target
both FPGAs and ASICs. Although the generated RTL is primarily
behavioral, Bambu’s flexibility allows for the specialization of com-
ponents within its resource library and of synthesis steps based on
a specific target device. This includes integrating device-specific
macros and performing resource library characterization. The addi-
tion of technology-specific interconnect models can significantly
enhance the quality of the generated designs. The characteriza-
tion process provides valuable information such as area, delay, and
power for each element in the resource library. This information
is then used during the HLS steps to meet constraints (such as
area and frequency) while optimizing metrics like overall execution
latency. Bambu’s resource characterization tool is named Eucalyp-
tus [2]. The release version of Bambu includes out-of-the-box the
characterization for Xilinx, Altera, Lattice, and NanoXplore FPGAs,
as well as for the FreePDK 45 nm and ASAP 7 nm [9] predictive Pro-
cess Development Kits (PDKs) through the OpenROAD[14] EDA
flow. Additionally, Bambu includes functionality to generate scripts
that invoke the related logic synthesis and place-and-route flows.

In addition to ASIC support, we have significantly expanded
Bambu’s synthesis methodologies over the years. While Bambu de-
faults to generating RTL designs based on the finite state machine
with datapath (FSMD) model, we have developed new method-
ologies to support parallel accelerator designs, which can also be
triggered through SODA-OPT. These methodologies include integrat-
ing FSMD accelerators as processing elements in coarse-grained
dataflow designs [7, 10] or in high-throughput, dynamically sched-
uled, multithreaded parallel templates [12, 19]. A key feature of
Bambu is its support for modular HLS [20]: unlike other tools, it
can generate modules representing functions that can be reused or
replicated throughout an entire design and composed into complex
multi-accelerator systems. Additionally, we have recently focused
on improving the generation of memory subsystems and the orches-
tration of data movement across accelerators and memory to better
target data-intensive applications and chiplet-based designs [17].
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3 OPPORTUNITIES FOR AI/ML
Several studies have begun to explore ML-based approaches, par-
ticularly graph neural networks (GNNs), to identify correlations
between parts of the IR and potential code optimizations. These ap-
proaches typically involve code restructuring according to known
patterns and/or the automatic addition of pragma directives [22].
While these solutions show promise in simplifying the creation
of input code for HLS tools, they primarily offer improvements in
code translation, though these improvements can have a significant
impact on the quality of results.

A modular open-source hardware generation tool based on com-
piler technology and high-level synthesis is crucial for providing the
infrastructure needed to integrate AI/ML methods across the entire
hardware generation pipeline. By exposing all potential optimiza-
tion options and parameters for frontends, HLS tools, and physical
design tools, it becomes possible to apply black-box optimization to
identify relationships and order among these optimizations. Addi-
tionally, as highlighted in the introduction, the open-source nature
of these tools enables the collection of data necessary for training
models and evaluating results at each stage of the hardware design
toolchain. For instance, CircuitOps [16] offers a data framework
to organize and store data generated by OpenROAD for AI/ML
optimizations. The open-source nature of the tools also facilitates
the implementation of appropriate data-retrieval application pro-
gramming interfaces (APIs). Moreover, intermediate information
from each tool in the flow is readily accessible and not restricted
by proprietary constraints [13].

These solutions have been successfully demonstrated, for exam-
ple, in optimizing IR drop and reducing iterations by estimating
the feasibility of local routing from global routing information [8],
thereby minimizing the need to revert to netlist generation. We
see potential in extending this approach to higher layers of the
synthesis toolchain. By enabling data collection at higher levels
of abstraction, such as frontend optimizations, HLS resource al-
location, operation scheduling, and resource binding, it becomes
possible to develop unsupervised machine learning approaches
that identify patterns across various HLS steps and the physical
design and layout phases. This could, in turn, drive design space
exploration towards promising design points with fewer iterations.
Additionally, this integration allows for the accurate gathering
of PPA metrics for specific ASIC technology nodes. This, in turn,
enables the development of precise analytical models to predict
area using resource library characterization information and more
detailed interconnect data for ASIC technologies. Furthermore, it
permits the implementation of more refined (semi-)supervised ma-
chine learning approaches that can predict the effects of typical
code-level HLS optimizations on physical layouts. With flexible
compiler abstractions such as those provided by MLIR, it is also
possible to integrate such metrics as annotations to dialects or
even define entirely new dialects that could embed layout informa-
tion for resources and interconnect (wiring and interfaces across
components).

As previously highlighted, generative AI and LLMs are of intense
interest to the EDA community. Several works (e.g., ChipChat) [3]
are exploring how LLMs might be used to generate RTL code from
textual prompts, aiming to partially replace the HLS process. While

these approaches seem effective for relatively small combinato-
rial circuits, significant challenges remain in managing large and
complex designs. However, there are numerous other areas where
generative AI could enhance HLS and hardware generation. One
specific focus is developing co-pilots that empower domain scien-
tists to optimize designs across various metrics and constraints.
Currently, co-pilots based on foundational EDA models, such as
ChipNemo [18], primarily assist with physical design and layout
tools (from Verilog to GDS-II) and are mostly targeted at hardware
designers. Often, a domain scientist might not fully understand
the chip design constraints they can target, such as frequency or
area, and may only have a high-level performance goal (e.g., latency
for executing inference on a single input or a batch of inputs in
ML) for a pre-defined target device. Instead, they might possess
deep knowledge of domain-specific ML approaches required to
accurately model the project and the mathematics needed for com-
putations. Therefore, envisioning co-pilots trained across the entire
end-to-end hardware generation toolchain could greatly simplify
iterative design refinements and provide natural language feedback.
Another clear opportunity for generative AI in HLS is verification
and testbench generation [23]. Creating tests for hardware designs
is complex due to the need for relevant testbenches and test vec-
tors. Testability approaches often require verifying designs both
in isolation and as part of larger communicating modules, using
appropriate hierarchical methods. Generative AI could offer effi-
cient methods for generating inputs and testbenches for various
configurations, while also accounting for hierarchical structures.

4 POTENTIALS OF THE APPROACH
present comparisons between hand-designed ML accelerators and
matrix multiplication units generated with the SODA framework [5,
10, 25], for variable precision and 32-bit floating point (FP32) pre-
cision, respectively. One advantage of the synthesis flow is its ca-
pability to explore different precisions through quantization and
re-synthesis of designs with narrower datapaths and specialized
functional units. For SODA, we report results using both open-
source EDA tools with predictive open-source PDKs, as well as
commercial tools with commercial technology nodes. The tables
estimate the benefits that could be achieved by enhancing the de-
sign space exploration through AI/ML-based optimizations. In a
previous paper [2], we demonstrated the results of Bambu’s ASIC
characterization using the ASAP7 PDK through OpenROAD.We ob-
served that for PolyBench [21], the requested frequency constraint
was not always met when designs were automatically optimized
for performance (latency in terms of execution time). We identi-
fied congestion, and the lack of detailed interconnect modeling
for ASICs, as the primary causes of the issue. Bambu’s synthesis
and optimization approach involves increasing overall execution
latency (in number of clock cycles) through additional pipelining
to meet the frequency constraints, but failed in those cases due
to inadequate modeling of the target technology. We anticipate
that improved and faster modeling will address these issues. Ad-
ditionally, better utilization of layout information at higher levels
of abstraction should reduce congestion before actual synthesis,
thereby further improving quality of results at its end. Effective
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Platform Technology Precision Power [W] Clock [MHz] GFLOPS/W Notes
A100 GPU Tensor Core 7nm TF32 400 1410 780 Theoretical peak (with sparsity)
A100 GPU Tensor Core 7nm INT8 400 1410 3120 Theoretical peak (with sparsity)
TPU v3 16 nm FP16 450 940 273.33 Theoretical peak
TPU v4 7 nm BF16 175 N/A 1432.29 Theoretical peak
SIGMA Sparse 28 nm FP16 22.3 500 480 Average across GEMMs
(KU115) DNN Builder 20 nm Fixed16 22.9 235 90.2 Batched execution of VGG
SODA (current) MatMul 45 nm Fixed16 0.05 500 162.25 Derived from Execution time, FreePDK
SODA (current) MatMul 12/14 nm INT8 0.00727 800 > 17000 Synopsys Design Compiler, GF12
AI/ML SODA MatMul 7 nm and newer Fixed16 < 0.005 >500 > 1500 Estimated, ASAP 7nm
AI/ML SODA MatMul 7 nm and newer INT8 < 0.0005 >800 > 20000 Estimated, ASAP 7nm

Table 1: Comparison across deep neural network (DNN) accelerators adapted from [10] to include projected results for an
AI/ML enabled SODA framework. Results with variable precision.

Platform Technology Power [W] Clock [MHz] GFLOPS/W Notes
V100 GPU 12 nm 300 1246 52.33 Theoretical peak
A100 GPU 7 nm 400 1410 48.75 Theoretical peak
TPU v3 16 nm 450 940 8.89 Theoretical peak
SODA (current) MatMul 45 nm 0.42 500 17.46 Derived from Execution time, freePDK
AI/ML SODA MatMul 7 nm and newer < 0.07 > 500 > 100 Estimated, ASAP 7nm

Table 2: Comparison across deep neural network accelerators (DNN) adapted from [10] to include projected results for an
AI/ML enabled SODA framework. Results at 32 bit floating point precision.

predictions will also enable quicker evaluation of the results and
help eliminate solutions that do not meet timing requirements.

5 CONCLUSIONS
This paper explores how AI/ML can enhance hardware synthesis,
using the SODA framework as an example. SODA is an open-source
hardware synthesizer that includes a high-level frontend for in-
terfacing with productive programming frameworks, performing
hardware/software partitioning, and optimizing kernels for HLS, as
well as a state-of-the-art HLS tool for generating RTL code. By in-
tegrating with open-source EDA tools, SODA provides a complete
Python-to-silicon pipeline. We highlight the potential of AI/ML
to improve the HLS process and demonstrate how applying these
techniques within a fully open-source toolchain can create new op-
portunities. These advancements can drastically reduce turnaround
times, significantly enhance the quality of results, and overall sim-
plify and overcome barriers to hardware design.
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