HLSRewriter: Efficient Refactoring and Optimization of C/C++ Code
with LLMs for High-Level Synthesis

KANGWEI XU, Chair of Electronic Design Automation, Technical University of Munich, Munich, Germany
GRACE LI ZHANG, Hardware for Artificial Intelligence Group, Technical University of Darmstadt, Darmstadt,
Germany

XUNZHAO YIN, College of Information Science and Electronic Engineering, Zhejiang University, Hangzhou,
China

CHENG ZHUO, College of Information Science and Electronic Engineering, Zhejiang University, Hangzhou,
China

ULF SCHLICHTMANN, Chair of Electronic Design Automation, Technical University of Munich, Munich,

Germany
BING LI, Research Group of Digital Integrated Systems, University of Siegen, Siegen, Germany

In High-Level Synthesis (HLS), refactoring a standard C/C++ code into its HLS-compatible version (HLS-C) still requires
significant human effort. While various program scripts have been introduced to automate this process, the resulting code
still contains many HLS-incompatible issues that need to be manually refactored and optimized by developers. Since Large
Language Models (LLMs) have the ability to automate code generation, they can also be used for automated code refactoring
and optimization in HLS. However, due to the limited training of LLMs, considering hardware and software simultaneously,
hallucinations may occur when using LLMs for HLS, leading to synthesis failures. To address these challenges, we introduce
HLSRewriter, an LLM-aided code refactoring and optimization framework that takes regular C/C++ code as input and
automatically generates its corresponding optimized HLS-C code for hardware synthesis with minimal human intervention.
To mitigate LLM hallucinations, a step-wise reasoning process is employed to analyze and detect HLS-incompatible errors.
Afterwards, a repair library containing reference templates is efficiently created by scanning the HLS tool manual, followed by
cooperation with a Retrieval-Augmented Generation (RAG) paradigm to guide the LLMs toward correct refactoring. In addition,
a pipeline-aware decomposition strategy is introduced to progressively break down complex loop structures into smaller tasks
with a balanced trade-off between latency and area, thereby enabling efficient pipelining and parallel execution. To further
improve hardware efficiency, a bit width adjuster module is incorporated into this framework to optimize the precision of
floating-point variables. Moreover, LLM-aided HLS optimization strategies are introduced to add/tune hardware directives
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in 24 real-world tasks compared with traditional approaches and the direct application of LLMs for code refactoring and
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CCS Concepts: « Hardware — Electronic design automation; High-level and register-transfer level synthesis.

Additional Key Words and Phrases: Large language models, electronic design automation, high-level synthesis

1 Introduction

High-Level Synthesis (HLS) tools have achieved significant progress in automatically generating Hardware
Description Languages (HDL) such as Verilog from general-purpose programming languages such as C/C++. This
advancement allows software engineers to contribute to hardware design more actively, thereby lowering the
expertise barrier in hardware design [1-7]. However, HLS tools only support a subset of C/C++ code, necessitating
significant manual refactoring to transform regular C/C++ code into its HLS-compatible C/C++ version (HLS-
C) [8-11]. In other words, some given C/C++ code should be refactored before it can be processed by HLS tools to
generate the corresponding circuits. For example, the use of dynamic pointers, recursion, and dynamic memory
should be manually refactored, as such code is not compatible with the existing HLS tools. In addition, refactoring
from sequential execution of C/C++ on CPU to parallel execution of HLS-C on hardware accelerators remains a
significant challenge, particularly for complex nested loop structures. In CPU-based execution, nested loops often
run sequentially, resulting in higher latency. In contrast, hardware accelerators rely on efficient pipelining and
parallel computing to fully exploit their customizable architectures. Moreover, CPU instructions typically use
standard data types such as int and float, while in hardware accelerators, the bit width is customized to improve
hardware efficiency [15]. An unnecessarily large bit width could lead to increased area overhead, high power
consumption, and large clock periods in hardware implementation [16].

Several methods have been proposed for code refactoring in HLS, taking C/C++ code as input. [8] statically
analyzes the pointers in C/C++ code to reduce global connections. However, the challenge remains when
the application accesses memory dynamically with various complex pointers. [10] provides Domain Specific
Languages (DSLs) on top of C++ code to support recursion in HLS, but control statements need to be added
manually. [11] supports dynamic memory by providing data structure templates. However, only a limited set
of data structures is supported, and significant refactoring is still required. [12] presents an HLS backend for
generating a customized accelerator using C++ template-based, parameterized types. However, this approach
requires the user to manually specify the bit width. [13] reduces bit width through both code profiling and bit
analysis. When inputs exceed the typical range, a fallback function is triggered, which is an error-prone process.

Large Language Models (LLMs) have exhibited great potential in automating both software and hardware
design, supporting engineers throughout the design flow from initial concepts, algorithms, and architectures to
debugging, verification, and optimization [19-33]. Fan et al. [20] build HLS benchmarks with natural language
prompts to evaluate LLM performance in hardware design, demonstrating that feedback loops significantly
improve the functional correctness of generated HLS code. HLS-Eval [21] provides a comprehensive benchmark
suite and evaluation framework tailored for LLM-driven HLS design tasks, establishing clear criteria and thorough
infrastructure to advance future research in automated hardware design. Recent studies have also demonstrated
that LLMs can be used to correct syntax and logic errors in Verilog and C/C++ code [34-37]. [23] proposes
an iterative and conversational-based approach to generate Verilog code using LLMs, and [34] harnesses the
capabilities of LLMs as autonomous agents, incorporating human knowledge for reasoning and action planning
to automate syntax error fixing for Verilog code. For C/C++ code, [38] introduces iterative approaches that
repeatedly query LLMs based on feedback from previous fix attempts to automate code refactoring. [39] proposes
an LLM-aided code refactoring approach, where the buggy code is removed, and the LLM directly predicts the
correct code given the prefix and suffix context.

To address errors in HLS, several LLM-aided C/C++ code refactoring frameworks for HLS have been proposed
[40, 41, 43], leveraging LLM-based iterative refactoring to eliminate HLS-incompatible errors. However, these
approaches still face several unresolved challenges and limitations: 1) Error analysis lacks comprehensive
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reasoning, leading to understanding the ambiguity of LLMs; 2) Manual intervention is required to create a
repair library; 3) Refactoring strategies for HLS-incompatible recursion have not been systematically evaluated,
resulting in suboptimal designs; 4) Refactoring techniques tailored for efficient pipelining are often overlooked.
Moreover, when targeting ASIC implementation through HLS, it is essential to balance latency and area during
the refactoring process. 5) Precision tuning and bit width adjustments for floating-point computations are not
considered.

In this paper, we propose an efficient LLM-aided C/C++ code refactoring and optimization framework for HLS,
which is a more advanced framework that integrates step-wise reasoning, efficient library creation, pipeline-aware
decomposition, and a bit width adjuster module. The key contributions of this paper are summarized as follows.

e We propose an efficient LLM-aided C/C++ code refactoring and optimization framework for HLS with
minimal human effort. The proposed workflow covers runtime profiling and C/C++ code refactoring for
hardware generation and performance optimization.

o A step-wise reasoning process is introduced to systematically analyze and detect HLS-incompatible errors.
This approach finds potential errors, identifies their locations, and provides explanations step by step,
thereby providing a reliable basis for subsequent refactoring.

e To mitigate LLM hallucinations, a repair library containing reference templates is efficiently created by
scanning the HLS tool manual, which is then integrated with a Retrieval-Augmented Generation (RAG)
paradigm to guide the LLM toward correct refactoring. This approach improves the refactoring pass rate
by 30.84% compared to the direct use of the LLM for refactoring.

o To enable efficient pipelining of the refactored code, a pipeline-aware decomposition strategy is introduced
to progressively break down complex loop structures into smaller tasks with a balanced trade-off between
latency and area, ensuring that the generated HLS-C code achieves higher parallel execution efficiency,
thereby reducing hardware latency by an average of 36.58%.

o To achieve customized bit width, a bit width adjuster module is integrated into the framework to analyze
and fine-tune the bit width of floating-point variables. This module automatically determines optimal bit
width configurations, achieving an average area reduction of 17.78% and a power consumption reduction
of 7.52% while maintaining precision.

e To achieve better power, performance, and area (PPA) design of the synthesized circuit, successfully
refactored HLS-C code is collected into a potential list for subsequent optimization. Critical code segments
with large area, high power, and high latency are identified by HLS tools. LLMs are used to further optimize
these code segments to achieve a more efficient PPA design.

The rest of this paper is organized as follows. Section 2 provides the background and motivation of this work.
Section 3 explains the details of the proposed method. The experimental results are provided in Section 4. Section 5
concludes the paper.

2 Background and Motivation

Regular C/C++ code are usually designed to be executed by CPUs; HLS tools often cannot compile them correctly
because only a subset of the C/C++ code, i.e., HLS-compatible C/C++, can be mapped to hardware design directly.

Traditionally, making regular C/C++ code synthesizable requires developers to possess interdisciplinary expert
knowledge in both hardware and software, often involving substantial manual rewriting. It is crucial to eliminate
or at least reduce such manual effort to allow designers to focus on logic and performance optimization. Table I
summarizes several types of HLS incompatibility types with their corresponding error symptoms and refactoring
edits [45]. Key incompatibility types are summarized as follows:

o Pointer: Pointers are strictly forbidden in HLS tools, except for statically analyzable ones. Thus, developers
need to manually convert pointer access to array access.
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Table 1. Examples of HLS-incompatible types with their corresponding refactorings.

Incompatibility Type Typical Symptom ( # Error / Warning: ) Corresponding Refactoring
Dynamic Pointer Unsupported feature 'pointers-to-pointers’ (CIN-243) Convert to array access
Dynamic Array Unsupported feature 'variable length array' (CIN-15) Specify the static array size
Recursion Unsupported feature 'recursion’ (CIN-15) Replace with a loop iteration
Operator Constraint Incrementing a bool value is deprecated (CRD-708) Convert to integer type
Incomplete Statement Expected a statement (CRD-127) Add a complete statement
Unsupported Struct Unsupported structs create deadlocks. (HIER-10) Add explicit descriptions
Exception-Handling Out-of-bounds read/write access (CRD-175) Add a read/write bound check

Traditional Workflow | hsynthesizable o0 Still require tremendous  Synthesizable
<> <> manual repair: <> 1
A.Developer « Unresolved Errors Igptut E I
C/C++ C/C++ with Both {3 |+ Control Statements HLS-C &
Code :(> Code HW & SW [« > « Complex Structures :(> Code ||Rreports fi
Execute scripts Knowledge = « Specifying FIFO Size ::Eg ? r?m the HLS
to repair « Other Compatibility Issues ools Design
} Time-Consuming and Error-Prone Development Cycle |

Fig. 1. Traditional workflow for refactoring and optimizing HLS-incompatible C/C++ code.

o Dynamic array: HLS tools do not support dynamic arrays because hardware designs cannot manage data
structures with unbounded size. Hence, dynamic array functions such as malloc() must be replaced with pre-
allocated arrays.

o Recursion: This design style requires dynamic storage in a stack of execution states and is not supported by
HLS tools. Manual transformation into loops is required.

o Operator Constraint: HLS tools do not support assignment operators (+=, —=) or increment operators (++,
——) for Boolean operations. An integer operation for these operators needs to be used to replace the Boolean
operation.

o Incomplete Statement: HLS tools generate a violation when the case statement does not completely cover the
range of values used in conditional expressions. Considering the uncovered values is needed to complete the
statement.

o Unsupported Structures: HLS tools do not support virtual functions in C++, necessitating the use of strategy
or template methods to achieve polymorphic behavior in hardware designs.

o Exception-handling: Violations are reported when there are out-of-bound array reads/writes and illegal shifts.
Additionally, whereas CPU code uses stack popping to handle exceptions, on ASIC, exception-handling modules
need to be built to deliver the termination message to other modules.

Fig. 1illustrates the traditional workflow, where developers rely on scripts to refactor the HLS-incompatible code.
However, these scripts can only address basic errors, leaving complex or unforeseen issues unresolved. Therefore,
manual refactoring by a developer with deep hardware expertise becomes essential. After the incompatibility
errors are fixed, the developers then optimize the HLS-C code and add/tune hardware directives to further
improve the design.

Several techniques have been proposed to address the incompatible issues of regular C/C++ code in HLS tools
[10-12]. However, these techniques can only partially resolve the aforementioned errors in regular C/C++ code.
Developers still need to continually apply various scripts implementing these individual techniques to enhance
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the hardware synthesizability of C/C++ code, thus leading to error-prone and time-consuming development
cycles.

To automate code refactoring, recent studies have reported promising results of applying LLMs [40-43] to
refactor and optimize C/C++ code for HLS. C2HLSC [40, 41] uses an LLM to transform C code into HLS-compatible
code through iterative prompting and tool feedback. It hierarchically decomposes complex designs, generates unit
tests, applies compilation and synthesis feedback loops for refactorings. However, C2HLSC relies on manually
crafted prompts and possible human-in-the-loop checks, which limits its generalizability across diverse HLS-
incompatible issues. HLSPilot [42] leverages the LLM to automate HLS for hardware acceleration on hybrid
CPU-FPGA platforms. However, it is not designed for ASIC-oriented optimizations. It prioritizes maximum
throughput, which often results in excessive area and power consumption, overlooking the trade-off between
latency and area. Auto-Repair [43] presents an LLM-driven repair framework for HLS that uses a Retrieval-
Augmented Generation (RAG) strategy, incorporating an external correction template library, extracted from
official HLS tool manuals, to guide the LLM towards correct repair. However, the refactoring process with LLMs
for HLS still faces several main challenges: @ The analysis of potential errors in C/C++ code lacks a comprehensive
reasoning process, leading to incomplete error analysis, which in turn impacts subsequent refactoring. @ Existing
framework relies on a manually created library to provide reference templates for refactoring. @ The impact of
various refactoring strategies, particularly for handling recursion, has not been systematically explored, which
in some cases leads to suboptimal designs. @ More importantly, refactoring the C/C++ code for latency-area
balanced pipelining is not considered, which is essential for optimizing the synthesized hardware. ® Optimization
of the fractional part of floating-point variables, which is crucial for hardware efficiency, is also overlooked.

Contrary to the previous work, the proposed framework is designed to comprehend refactoring guidelines and
combine the relevant design tools with LLMs to refactor C/C++ code for HLS. It takes regular C/C++ code as
input and automatically generates corresponding optimized HLS-C designs.

3 LLM-Aided C/C++ code refactoring and optimization for High-Level Synthesis
3.1 Overview of the Proposed Framework

As shown in Fig. 2, the LLM-aided C/C++ code refactoring and optimization framework for HLS consists of six
stages:

1) Step-Wise Reasoning: An original C/C++ code C_Orig is compiled using the HLS tool, and actual errors
are reported. Since the compiler may not be able to detect all errors in a single compilation, the code, along
with common HLS incompatible errors, is subsequently provided to an LLM for analysis and detection of other
potential errors step by step:

2) Efficient Library Creation for Retrieval-Augmented Generation (RAG): A repair library containing correction
templates tailored for HLS is efficiently created by a script that scans the HLS tool manual. This script employs
keyword matching to extract and formulate correction templates for various HLS-incompatible types. The RAG
technique is then used to retrieve similar reference templates T_Ref for the subsequent LLM-Aided refactoring.

3) LLM-Aided Iterative Refactoring: The extracted reference templates T_Ref are used to enhance the quality of
LLM’s prompts while generating a more accurate code C_Re. If the compilation of C_Re fails, the error message
will be fed back to the LLM for iterative refactoring. Otherwise, the successfully compiled code is saved as C_Ref.

4) Pipeline-Aware Decomposition: Leveraging the natural language understanding and in-context learning
capabilities of the LLM, complex loop structures are decomposed into multiple smaller subtasks by refactoring the
C_Ref. This process employs a progressive, balanced decomposition that adapts to latency requirements: each
benchmark starts with coarse-grained decomposition to reduce latency at low cost, and finer-grained strategies
are only introduced when necessary, achieving a more balanced trade-off between latency and area in ASIC
design.
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Fig. 2. The proposed LLM-Aided efficient C/C++ code refactoring and optimization framework for HLS.

5) Floating-Point Bit Width Adjuster: To optimize both integer and floating-point variables in hardware designs,
the existing dataset associated with the C/C++ code is used to determine their optimized bit width. The integer
portion is analyzed by extracting the minimum and maximum values to compute the necessary bit width. The
fractional portion is then initialized with a minimal number of bits; which is iteratively adjusted until the desired
precision is achieved.

6) Equivalence Verification and PPA Optimization: After synthesizing the HLS-C code into a corresponding
RTL code, the C-RTL co-simulation is performed for equivalence verification. Based on the original C++ test
benchmarks, the HLS tool automatically compares the RTL simulation results with the C_Orig results to verify
the correctness of the synthesized RTL design. Then, the successfully refactored HLS-C code with large area,
high power, and high latency are identified by the HLS tool. The LLM is used to optimize these key segments by
adding/tuning pragmas with the guidance of the HLS official manual. This framework integrates efficient interac-
tion between LLM and HLS tools, thereby greatly improving the efficiency of the refactoring and optimization
process.

Before executing the six-stage LLM-aided workflow, the framework performs a series of offline preparation
steps to ensure consistent interaction between the LLM and the HLS tool, the offline processes of the proposed
framework include: @ The creation of an HLS repair library consisting of correction templates; @ Design of
general LLM prompts and code examples for both refactoring and optimization tasks; @ The collection of pragma-
based optimization strategies from the official HLS manual. An example of refactoring a regular C++-based
breadth-first search (BFS) algorithm is provided in Appendix I to illustrate the proposed framework. Each of the
above stages is explained in detail in the following subsections.

3.2 Step-Wise Reasoning

Inspired by the Chain of Thought (CoT) technique, LLM-aided step-wise reasoning framework is introduced to
perform progressive analysis on HLS-incompatible C/C++ code, denoted as Corig. In practice, the HLS tool first
compiles C_Orig, and reports a set of errors that actually exist in the code. Since the compiler may not be able to
detect all errors in a single compilation, an LLM-aided step-wise reasoning is employed to iteratively analyze
the code. As illustrated in Fig. 2, this reasoning process is structured into three key stages: (1) What: The LLM
enumerates all potential HLS-incompatible issues by analyzing the C_Orig in conjunction with a knowledge
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Fig. 3. Example of the LLM using RAG to refactor recursion errors.

base of common incompatible types, ensuring that compiler-missed issues are identified. (2) Where: The LLM
identifies the precise location of each issue (e.g., function name, line number) by generating structured outputs,
such as “dynamic array access at line X of the for-loop.” (3) Why: For each identified issue, the model provides a
technical rationale (e.g., “dynamic allocation cannot be statically unrolled in hardware”), enabling more targeted
and accurate subsequent refactoring.

These three steps form a progressive reasoning chain that systematically analyzes what errors exist, where they
occur, and why they arise, ensuring explainable analysis of HLS-incompatible issues, effectively preventing the
LLM from skipping reasoning steps or generating unsupported assumptions, thereby improving the correctness of
subsequent refactoring. An example of analyzing HLS-incompatible errors is demonstrated in Fig. 14 in Appendix
I

3.3 Efficient Library Creation for LLM-Aided Refactoring

As depicted in Fig. 3, a repair library is efficiently created by scanning the HLS tool manual, alleviating the need
for manual effort in its creation. A keyword-based script is employed to scan the manual, match relevant terms,
and extract the corresponding text segments, which are then stored in separate files. Developers then review
and refine these templates to ensure correctness in formatting and content. Through this process, illustrative
examples for each type of HLS incompatibility are systematically gathered, ensuring that an up-to-date repair
library is maintained with minimal human effort. In our library, 74 independent T_ref files are extracted from the
HLS tool manual, covering seven common categories of HLS-incompatible types (e.g., dynamic pointer, recursion,
unsupported structure, etc.). Each T_ref file contains approximately 200 tokens and includes explanations of
incompatibility issues and correction examples.

To enhance the refactoring capability of the LLM, we incorporate a Retrieval-Augmented Generation (RAG)
mechanism, which introduces external, domain-specific knowledge into the reasoning process via a retriever. By
leveraging RAG, the LLM is empowered to generate functionally correct and tool-compliant code refactorings,
thereby significantly increasing the refactoring pass rate of the corrected designs. The RAG-enhanced refactoring
process for handling HLS-incompatible issues involves the following key stages:

First, an external repair library containing correction templates is created. Each template extracted from the
HLS manual consists of four components: (i) the error message reported in the compiler log, extracted from
real compiler outputs, (ii) a violation example, (iii) the corresponding explanation and guidance text extracted
from the official HLS manual, and (iv) a corrected version of the code. This library serves as a domain-specific
knowledge base tailored to the HLS-incompatible issues.

ACM Trans. Des. Autom. Electron. Syst.
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Fig. 4. Flowchart of different schemes for refactoring recursion. (a) Original recursion; (b) Use loop iteration to replace
recursion; (c) Use HLS template for compile-time unrolling; (d) Use explicit stacks to simulate recursion.

Second, when a compilation error is detected in the original C/C++ code, the framework parses the compiler
log and employs a similarity search, such as a Sentence Transformer [46], to retrieve the most relevant correction
templates from the repair library.

Third, the retrieved correction template is then integrated into the prompt provided to the LLM. This augmented
prompt contains retrieved domain-specific repair examples, enabling the LLM to produce high-quality refactorings
that are more likely to pass HLS compilation and simulation.

Since injecting all correction templates at once would result in an excessively long context, we adopt a batching
strategy to gradually inject templates, limiting each batch to a maximum of three T_ref files. This approach
mitigates issues caused by long-context inputs such as ambiguous reasoning or overlooked guidance.

Fig. 3 illustrates the workflow of employing RAG for refactoring the HLS-incompatible ‘recursion’ error. Initially,
when the compiler detects a ‘recursion’ error, it generates an error log. This log is then used to retrieve the most
appropriate correction template in the HLS repair library by the sentence transformer [46]. Once the correction
template with the highest similarity is retrieved, it is used as part of the prompts for the LLM. This correction
template (T_Ref in Fig. 3) includes HLS guidance on how to refactor recursion, examples of a violation, and
corresponding refactored versions. By integrating this external guidance into the input prompts of the LLM, the
output responses are improved significantly.

Generally, three primary strategies are often employed to resolve compiler "recursion” errors for HLS: loop
iteration-based recursion replacement, HLS template-based unrolling, and explicit stack simulation. Each approach
refactors the recursion differently, thereby affecting the performance of the synthesized hardware. In Fig. 4(a),
the original recursion function is depicted, where a function repeatedly calls itself until a base case is reached.
This recursion paradigm is often incompatible with HLS tools, as dynamic function calls cannot be directly
synthesized. In Fig. 4 (b), recursion is replaced by loop iteration. Each iteration performs the same computation as
a single recursion call. This strategy is generally straightforward to implement and is well supported by HLS tools,
but performance may degrade when handling deep recursion due to increased loop latency. Fig. 4 (c) illustrates
the HLS template-based unrolling, where each recursion is unrolled at compile time. However, if the recursion
depth is large, hardware resources could become a limiting factor. Fig. 4 (d) shows the explicit stack simulation
approach. Rather than relying on recursion calls, a static stack data structure is used to push parameters and pop
results, thereby simulating the behavior of recursion. However, this technique introduces additional memory
overhead and increases control complexity. Three primary strategies are tried to find the optimal hardware
design. Experimental results in Section 4 demonstrate that loop iteration-based recursion replacement achieves
comparable performance to template-based unrolling, while explicit stack simulation exhibits lower efficiency
due to the additional overhead of stack management. Another example of RAG-based code refactoring for HLS
via the LLM, including the prompts and responses, is demonstrated in Fig. 15 of Appendix IL
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//Before refactor, conv. is nested within read (a)k // Before refactor (b) k // Before refactor (c)

loopl: for (int y = 1; y < img.h - 1; y++) { // DFS traversal within the node insertion loop void SortAndProc(int n, const ty in[MAX],

loop2: for (int x = 1; x < img.w - 1; x++) { loopl: for (int i = 0; i < n; i++) { ty out[MAX]) { ty srt[MAX];

loop3: for (int i = 0; i < 3; i++) { node *ni = &nodes[i]; *find_insert (in[i]) = ni; for (int i = 0; i < n; i++) srt[i] = in[i];

loop4: for (int j = 0; j < 3; j++) { loop2: for (node *cur = root; cur != NULL;) { for (int i = 0; i < n - 1; i++)

sum += img.d[y + i][x + j] * filter[i + 1][j + 1];}. while (cur != NULL) { for (int j =0; j<n - - 15 j4+)
stack[++top] = cur; cur = cur->left; if (srt[j] > srt[j + 1]) swap(srt, j, j + 1);

//After refactor for pipeline, split read and @nk if (top != -1) {cur = stack[top--]; // Process sorted array

Function read (stream, img, img_w, img_h): out [++res_id] = cur->value; cur = cur->right;}.. for (int i = 0; 1 < n; i++){

loopl: for (int y = 1; y < img.h - 1; y++) { procd[i] = process(srt[i]);}}

loop2: for (int x = 1; x < img.w - 1; x++) { //After refactor for pipeline k

stream << { // Node Insertion Function //After refactor for pipeline

img.d[y-11[x-1], img.d[y-1][x], img.d[y-1]1[x+1], void insert_nodes(int input[MAX_SIZE]) { void SortAndProc(int n, const ty in[MAX], ty

img.d[y][x-1], img.d[y][x], img.d[y][x+1], loopl: for (int i = 0; i < n; i++) { out[MAX]) {ty srt[MAX];

img.d[y+1][x-1], img.d[y+1][x], img.d[y+1][x+1]};}} node *ni = &nodes[i]; *find_insert (in[i]) = ni;}} for (int i = 0; i < nj i++) srt[i] = in[i];

for (int i =9; i < n - 1; i++)

Function compute (str_in, str_out, filter): // DFS Inorder Traversal Function for (int j = 0; j < n= 1 -1; j++)

while (str_in is not empty) { void dfs_inorder_traversal() { if (srt[3] > srt[j + 11) swap(srt, j, j + 1);

win = str_in.read(); loop2: for (node *cur = root; cur != NULL; ) { // Process each half of sorted array

fixed_t sum = 0; while (cur != NULL) { loopl: for (int.di = 95 i < n/2; i++) {

loop3: for (int i = 05 i < 3; i++) { stack[++top] = cur; cur = cur->left;} prod[i] = process(srt[i]);}

loop4: for (int j = 05 j < 3; j++) { if (top != -1) {cur = stack[top--1; loop2: for (int'd = n/2; i < n; i++) {

sum += win[i][j] * filter[i][j];}} str_out << sum;}.. output[++res_id] = cur->value; cur = cur->right;}. prod[i] = process(srt[i]);}}

Fig. 5. Example of code before and after pipeline-aware decomposition.

3.4 Pipeline-Aware Decomposition

To realize efficient pipelining and parallel execution, the complex loop structures are decomposed into multiple
smaller subtasks. This process is particularly important in ASIC designs implemented via the HLS Tool, where
the loop structure significantly influences the latency and area of the synthesized hardware [42, 47, 48]. By
leveraging LLMs with in-context learning capabilities, task decomposition is guided by natural language rules
and representative examples, ensuring that the refactored code is optimized for parallel execution with minimal
area overhead.

A major challenge in loop-based task decomposition lies in selecting an appropriate strategy. If loops are
divided in an unbalanced manner, inefficient pipeline stages may be introduced, leading to increased latency and
area. To address this issue, a progressive balanced decomposition method is employed, where coarser-grained
decomposition is first applied to achieve performance improvement with minimal overhead, and finer-grained
decomposition is introduced only when the expected low latency is not achieved. This ensures that latency is
effectively reduced while minimizing area overhead. Once decomposition is confirmed, the code is refactored
accordingly. The correctness of the refactored code is also verified by the HLS tool to ensure consistency. The
testing begins with the current version of the refactored code. If an error is detected, the refactoring process
is repeated based on the error prompt. If the error still exists, it rolls back to the previous code version and
constrains the LLM to avoid the same error in the subsequent new iteration. If multiple attempts fail to resolve
the error, the previous version is retained as the final refactored code. Three strategies are shown in Fig. 5, and
detailed examples illustrating these strategies are provided below:

Strategy 1: Multiple Nested Loops as a Subtask: In the edge detection task, four layers of nested loops are present.
The first two loops (loop1 and loop2) handle pixel reading, while the remaining two (loop3 and loop4) perform
convolution operations. Before refactoring, convolution is performed within the nested loops responsible for
reading image pixels. After refactoring, the convolution operations are moved to a separate compute function to
enable efficient pipelining. Strategy 1 performs a preliminary coarse-grained decomposition to reduce latency at
a small area cost. Strategies 2 and 3 can achieve even lower latency, they typically introduce a large number of
additional registers, increasing the area overhead of the target ASIC.

Strategy 2: Single Loop Layer as a Subtask: In the depth-first search (DFS) algorithm, traversal and node insertion
operations are typically performed within nested loops. However, executing both tasks within a single loop
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Fig. 6. Workflow of the bit width adjuster (BWA) for determining integer and fractional bit width of floating-point variables.

structure could limit opportunities for pipelining. To mitigate this issue, the loop is refactored so that node
insertion and DFS traversal are treated as independent subtasks, each executed as a separate pipeline stage.
Compared to Strategy 1, Strategy 2 enables finer-grained pipelining and low latency at the cost of increased area.
Strategy 2 is only applied when Strategy 1 cannot achieve sufficient latency reduction.

Strategy 3: Each half of the loop as a Subtask: Prior to refactoring, the sorted-data processing occurs serially in a
single loop that traverses the entire array. Rather than relying on direct loop unrolling, which typically requires
the total iteration count n to be an exact multiple of the unroll factor and can mishandle or ignore the “tail”
iterations. In addition, to avoid dependency violation, one should carefully determine the configuration of the
loop unrolling (or split). Our approach explicitly splits the loop into two carefully configured segments, each with
its own iteration range, and inserts a tiny residual loop to deal with the tail iteration. In this scheme, the first
segment handles indices [0, [n/2] — 1] and the second handles [|n/2],n— 1], guaranteeing that data dependencies
within each half are preserved and that no element is dropped. Strategy 3 provides the finest decomposition and
is used only when the first two strategies fail to realize the desired low latency.

The pipeline-aware decomposition employs a progressive, balanced method that adapts to latency requirements:
each benchmark starts with coarse-grained decomposition (e.g., Strategy 1) to reduce latency at low cost, and
finer-grained strategies (e.g., Strategy 2 and Strategy 3) are only introduced when necessary. By introducing only
the necessary granularity, our method guides the LLM to enhance pipelining efficiency while minimizing area
overhead, achieving a more balanced trade-off between latency and area in ASIC design.

By automating the loop decomposition process with LLMs, the refactored code achieves efficient pipelining,
significantly reducing the latency of the generated hardware design while minimizing area overhead. Another
example of pipeline-aware decomposition via the LLM, including the prompts and responses, is presented in
Fig. 16 in Appendix II.

3.5 Floating-Point Bit Width Adjuster

In traditional HLS development, floating-point numbers are often declared as basic C/C++ data types, which may
exceed the bit width actually required and thus lead to low hardware efficiency. Traditional constraint-based
approaches often require designers to manually configure parameters in a GUI or develop custom scripts for
steps such as data collection, value range estimation, fixed-point bit width computation, and type substitution.
These methods frequently involve manual debugging and iteration, which are labor-intensive.

To address this issue, we introduce an LLM-aided floating-point bit width optimization module, as illustrated in
Fig. 6, which analyzes variable-associated datasets to optimize bit widths for both integer and fractional portions.
This module leverages the generative capabilities of LLMs to generate a bit width optimization script, assisting
the developer through the following steps: (a) collect simulation traces and extract extrema of variables; (b)
compute optimal integer and fractional bit width based on precision requirements; and (c) systematically replace
float types with ac_fixed<M,N> types throughout the code.
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Fig. 7. LLM-aided HLS optimization scheme.

Specially, for the integer portion of the floating-point variable, the Bit Width Adjuster (BWA) determines the
integer bit width by identifying the maximum absolute value of ‘x’ in the dataset and then computing:

1, if max |x| <1,
(1)

m=

[log,(max |x[)]+ 1, otherwise.

Here, m represents the number of bits required to accommodate both positive and negative values of the
integer variable ‘x’ (i.e., a signed integer range of [-2™"!,2™~1 —1]). Once m is determined, the variable ‘x’ is
updated to use ac_uint or ac_int types, replacing the standard integer data types.

For the fractional portion of the floating-point variable, a minimal fractional bit width (e.g., 1 bit) is initially
assigned by using the ac_fixed types, after which the bit width adjuster iteratively checks the precision loss
and adjusts the fractional bit width as needed. If the desired accuracy is not achieved, the fractional bit width is
incremented until precision requirements are satisfied. By eliminating the need for custom script development
and manual check iterations, our approach reduces human effort and meets the target precision.

3.6 Equivalence Verification.and PPA Optimization

After synthesizing the HLS-C program into RTL, C-RTL co-simulation is performed to verify functional equiva-
lence. Given that Power, Performance; and Area (PPA) are critical metrics in hardware design [44], it is essential
to identify performance bottlenecks. To enable efficient HLS optimization, the critical code segments with perfor-
mance bottlenecks are identified using design analyzers in the HLS tool. Strategies such as adding or modifying
pragmas are then applied to these critical code segments to optimize them.

The optimization strategies are identified by an HLS optimization strategy library, which is built by us according
to the manual of the HLS tool [45]. As shown in Fig. 7, the optimization strategy information Opt_L1 consists of
a brief concept, parameter descriptions, and optimization examples. The most suitable optimization strategies
will be matched via a similarity search, such as a sentence transformer [46], and then integrated into the prompts,
utilizing the LLM’s in-context learning capabilities to generate an optimized code. For example, loop unrolling
(#pragma hls_unroll) can be added by the LLM to transform a serial iteration of a loop into a parallel execution,
which helps reduce circuit latency. This pragma needs to be set to yes or a value less than or equal to the maximum
number of loop iterations. In addition, when memory interfaces become limiting factors, the LLM can optimize
memory read and write operations by adding dual-port capabilities or increasing cache mechanisms in the HLS-C
code. Another example of the area optimization for the hardware design, including prompts and responses, is
demonstrated in Fig. 17 in Appendix II. After optimizing the HLS-C code, circuit optimization strategies such
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Fig. 8. Comparison of HLS refactoring pass rate of the proposed framework HLSRewriter (including step-wise reasoning)
with GPT-4 Turbo baseline, GPT with scripts, GPT with RAG on 24 real-world tasks, shown on the x-axes of the figures.

as retiming are further adopted to minimize the clock period and the number of sequential components of the
synthesized circuit.

4 Experimental Results

We demonstrate the performance of the proposed LLM-aided framework for HLS across various real-world tasks,
evaluating both the refactoring pass rate and the optimized hardware performance. These benchmarks, sourced
from related work [10, 11, 13, 14], contain HLS-incompatible errors. Specifically, our evaluation includes the
following tasks: Double Pointer (DP), Hash Table (HT), Deep Neural Network (DNN), Linear Programming (LP),
Binary Tree (BT), K-Nearest Neighbor (KNN), Linked List (LL), Depth-First Search (DFS), Breadth-First Search
(BFS), Edge Detection (ED), Greedy Algorithm (GA), Bubble Sort (BS), Support Vector Machine (SVM), Fourier
Transform (FT), Color Correction (CC), Fibonacci Sequence (FS), Cyclic Rotation (CR), AES Encryption (AES),
Data Stream (DS), Longest Increasing Path (LIP), Max Points on Line (MPL), QR Decomposition (QRD), Dump
Filter (DF), and Turbo Encoder (TE).

To provide a thorough analysis, we conducted a comprehensive evaluation across all 24 benchmarks with
respect to the framework’s two major design goals: RAG-based repair and PPA (Power, Performance, Area)
optimization. This ensures that our reported results reflect the framework’s overall effectiveness. For other
optimization techniques, we adopted a benchmark-specific evaluation strategy. For example, pipeline-aware
decomposition targets complex tasks that can be meaningfully decomposed, often the bottlenecks in achieving
low latency, whereas simple tasks do not benefit from such decomposition. Similarly, the floating-point bit-width
adjuster is applied only to benchmarks that involve floating-point operations.

During the evaluation, GPT-4 Turbo Model was used as the LLM via OpenAlI APIs [49]. All experiments were
conducted with the Catapult HLS Tool on an Intel(R) Xeon(R) Silver 4314 2.40 GHz CPU. The logic circuits in
implementing HLS-C code were synthesized with Synopsys Design Compiler using the Nangate 45nm open-cell
library. To demonstrate the refactoring capability of the proposed framework, each experiment for a particular
task was repeated n instances (n = 15). For each instance, the LLM was queried five times to refactor the code based
on errors reported by the HLS tool. The refactoring pass rate in stage 3 is defined as Pass Rate (%) = m/n, where
m is the number of successfully refactored instances and n is the number of all instances. Here, the refactoring is
considered successful only if the generated HLS-C code (1) is successfully synthesized by the HLS tool and (2)
passes functional simulation. Stages 4-6 target the PPA trade-off, so we evaluated latency, power, and area, which
is standard practice for hardware optimization research.

Fig. 8 compares the refactoring pass rate of the proposed HLSRewriter framework with those using GPT-4
Turbo directly, GPT with scripts, and GPT with RAG for code refactoring, respectively. The baseline method
using GPT alone achieves a refactoring pass rate of 55.83%. Incorporating refactoring scripts [10-13] improves
the pass rate to 65.83%. The RAG-enhanced approach further improves the pass rate to 79.73%, representing a
23.90% improvement over the baseline. In addition, we conducted additional experiments by randomly sampling
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10%, 50%, and 80% of the template files (T_ref). The results show that with only 10% of the templates included,
the pass rate dropped from 79.73% to 60.54% (a decrease of 19.19%), and performance gradually improved as more
templates were incorporated. At the 50% mark, the pass rate recovered to 72.50%. Eventually, when a large portion
of templates was included, such as 80%, the pass rate approached 76.38%, which is close to the performance of
the full framework. This incremental improvement highlights the value of integrating HLS-specific templates
extracted from the HLS manual into the refactoring process. By leveraging the LLM’s adaptive learning capability,
RAG enables more accurate code refactoring, significantly enhancing the pass rate.

Building upon these methods, our proposed framework with step-wise reasoning achieves the highest refactor-
ing pass rate of 86.67%, outperforming the baseline by 30.84% and delivering an additional 6.94% improvement
over the RAG-based method. This improvement is attributed to the step-wise reasoning strategy, which enables
the LLM to conduct a more comprehensive error analysis. By guiding the model through a structured reasoning
process, it reduces the risk of skipping steps or misjudging errors, thereby establishing a reliable foundation for
effective code refactoring.
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Fig. 9. (a) Comparison with C2HLSC [41] in HLS refactoring pass rate. (b) Area of different schemes for refactoring recursion;
(c) Power of different schemes for refactoring recursion

To facilitate a fair and comprehensive comparison with the related work C2HLSC [41], we reused the C2HLSC
benchmark suite and replicated its experimental setup, including the same HLS tool and LLM configurations (e.g.,
temperature, top_p, and number of runs). As shown in Fig. 9 (a), our HLSRewriter achieves higher simulation pass
rates in most cases, with an average improvement of 14.81%. These improvements are attributed to its structured
step-wise reasoning and the use of correction templates systematically extracted from the official HLS manual.

To evaluate the impact of different refactoring strategies for recursion, three approaches, explicit stack simu-
lation, template-based compile-time unrolling, and loop iteration-based recursion replacement, are compared
in terms of area overhead and power consumption in Fig. 9 (b) and (c). Compared with explicit stack simula-
tion, template-based unrolling achieves a 9.3% reduction in area and a 6.84% reduction in power consumption,
while loop iteration-based replacement reduces the area by 23.13% and power consumption by 16.92%, further
demonstrating its efficiency in HLS-based recursion refactoring.

To illustrate the impact of pipeline-aware decomposition on hardware acceleration, we include ten benchmarks
that can be decomposed. We made this choice because pipeline-aware decomposition is targeted at certain
complex tasksthat can be truly decomposed, while simple tasks do not benefit from such decomposition. As
shown in Fig. 10, the baseline latency, area, and power, before applying the decomposition, are normalized to 100%.
Our decomposition strategy achieves an average latency reduction of 36.58%, with an average area increase of
only 7.38%, demonstrating an effective trade-off between performance and hardware cost. This is because pipeline-
aware decomposition follows a progressive and balanced strategy, where coarser-grained decomposition is first
applied to achieve performance improvements with minimal area overhead, and finer-grained decomposition is
introduced only when necessary. This ensures that latency is effectively reduced while keeping area and power
consumption under control. In addition, compared to directly prompting the LLM (e.g., "decompose the task"),
our structured strategy reduces decomposition iterations by 2.61x on average, avoiding random refactorings
through progressive, example-based guidance.

Moreover, to provide a comprehensive and fair comparison with the related work HLSPilot [42], we evaluated
both frameworks on the benchmark under the same experimental settings and LLM configurations. As shown in
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Fig. 10. Comparison with HLSPilot [42] in terms of latency, area, and power.

Fig. 10, under the premise of achieving comparable latency, HLSRewriter achieves significantly better hardware
efficiency, with a 53.39% average reduction in area and a 41.46% average reduction in power consumption compared
to HLSPilot. These reductions are attributed to its progressive, balanced decomposition and comprehensive
optimization strategies tailored for ASIC design.
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Fig. 11. Ratios of area and power with the corresponding precision loss using the proposed bit width adjuster.

Fig. 11 illustrates the function of the floating-point bit width adjuster module, where the proposed scheme is
compared with the default data type in terms of area overhead, power consumption, and precision loss across
various floating-point tasks, including floating-point operations. The labels F(n) on the x-axis correspond to
configurations using n-bit fractional precision. The results show that this module achieves average reductions of
17.78% in area and 7.52% in power while preserving precision, offering designers a flexible trade-off between
hardware efficiency and computational accuracy. When using a lower fractional bit width, the module reduces
both area and power consumption at the cost of increased precision loss. As the fractional bit width increases, area
and power consumption rise due to the growing complexity of arithmetic units, but this leads to an improvement
in computational accuracy.

To demonstrate the effectiveness of the proposed LLM-aided PPA optimization on logic circuits, we compared
the area, power, and latency across all benchmarks before and after using such optimization. As shown in Fig. 12,
the proposed optimization strategy further achieves an average reduction of 24.99%, 12.69%, and 18.34% in area,
power, and latency, respectively, resulting in more efficient designs. These improvements stem from the pragma
tuning and circuit optimizations. By applying hardware directives such as loop unrolling, the HLS-generated
design can exhibit enhanced parallelism. The retiming technique then redistributes registers to shorten critical
paths and minimize area overhead. This co-optimization effectively enhances the performance of the final
synthesized circuit.

5 Conclusion

In this paper, we propose an LLM-aided code refactoring and optimization framework for HLS to resolve incompat-
ibility issues in standard C/C++ code while achieving optimized hardware designs. To mitigate LLM hallucinations,
step-wise reasoning is employed to analyze HLS-incompatible errors, and a repair library containing reference
templates is efficiently created. These templates are then integrated with a Retrieval-Augmented Generation
(RAG) paradigm to guide the LLMs towards correct refactoring. Moreover, a pipeline-aware decomposition
strategy is introduced to progressively break down complex loop structures into smaller tasks, thereby enabling
efficient pipelining and reducing hardware latency. In addition, a bit width adjuster module is incorporated
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Fig. 12. Ratios of latency, area, and power after applying hardware directive tuning and retiming.

to determine the optimal bit width for both integer and floating-point variables. Experimental results on 24
real-world tasks have demonstrated that the proposed framework significantly improves the refactoring pass rate
and hardware performance compared to traditional approaches and the direct use of the LLM.
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Appendix I: An example of code refactoring and optimization framework for HLS

Consider a part of the Breadth-First Search program (in a total of 139 lines in the original code) shown in Fig. 13.
This program involves creating a binary tree, initializing the tree structure, adding nodes, and then performing a
Breadth-First Search (BFS) to visit and process each node.

In Section 4, we conducted a comprehensive evaluation of all seven types of errors. Here, to clearly illustrate
the refactoring process, we use this example containing three typical incompatible errors, i.e., ‘pointer’, ‘dynamic
array’, and ‘recursion’. The detailed refactoring process is as follows:

1) Step-Wise Reasoning: The original C++ program, C_Orig, is compiled using the HLS tool, and the first
compilation reports two incompatible errors: ‘pointer’ and ‘dynamic array’. Subsequently, both the common
HLS-incompatible error types along with the complete program are fed into the LLM to systematically analyze
what errors exist, where they occur, and why they arise, during which the LLM identifies an additional incompatible
error, ‘recursion’. Traditional scripts are used to refactor the above three errors, but the compilation fails again.
The process then moves to the stage of matching error correction templates.

2) and 3) LLM-Aided Refactoring with RAG: In this stage, a repair library is efficiently built according to the
HLS tool manual, which is used to match detected errors with their corresponding correction templates. The
matched templates, T_Ref, are then used to enhance the quality of prompts provided to the LLM, guiding the
LLM to refactor the C_Orig, generating a more accurate HLS-C program. As shown in Fig. 13, LLM implements
three main refactorings on C_Orig:

® Modify Pointer Access to Array Access: In C_Orig, tree nodes are managed through pointers directly
manipulating memory locations (Line 1 in Fig. 13(a): TreeNode *left, *right). The HLS-C version modified by
the LLM replaces these pointer-based node accesses with array indices (Line 1-3 in Fig. 13(b)). This modification
uses a pre-allocated array (Pool) of TreeNode structures, where each node can be accessed via its index rather
than pointers.

@ Rewrite Dynamic Array into Static Array: In C_Orig, malloc is used to create a new TreeNode with dynamic
memory allocation (Line 2 and 3 in Fig. 13(a): malloc(sizeof())), which is not supported by HLS tools because
the synthesized circuit cannot manage data structures with unbounded size. The LLM manages all tree nodes
through a predefined array Pool (Line 4 in Fig. 13(b): Pool[treeRoot] = {MAX, MAX, -1};), which avoids
dynamic allocation.
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1 struct TreeNode {TreeNode *left, *right; int value;}; Pointer 1 struct TreeNode {unsigned int left, right; int value;}; k
2 void initialize(TreeNode **treeRoot) { Dynamic 2 struct TreeNode Pool[MAX]; Array Access

3 *treeRoot = (TreeNode *)malloc(sizeof(TreeNode));} Array 3 unsigned int rootIndex; Static Array

4 void add(TreeNode **treeRoot, int count, int *elements); 4 void initialize(unsigned int treeRoot) {Pool[treeRoot] = {MAX, MAX, -1};}
5 void BFS(unsigned int rootIndex) { 5 void add(unsigned int treeRoot, int count, int elements[MAX]);

6 // loop 1: Node Insertion 6 struct Record {unsigned int Index; bool L_Visited, R_Visited;};

7 for (int i = 0; i < 1; i++) { Nested Loop 7 #pragma design_goal area // Area Optimization Refa(:ti:red
8 _iEt_r_n_=_!i_s_iz(_chil_[Eo_o:(En_df)_(']_.l/'a_l_l',ls)_; (a) C_Orig 8 void BFS(unsigned int rootIndex) {{ unsigned int stack[MAX]; & Optimized
9 // loop 1-1:. BFS Traversal 9 int Tstack = 9; stack[Tstack++] = rootIndex; HLS-C

10 for (int j = 0; j < 2; j++) { 10 while (Tstack > ©) {int currentCount = Tstack; unsigned int temp[MAX] ;|
11 if (j == © && Pool[rootIndex].left!= MAX) { 11 for (int i = 0; i < currentCount; i++) { // loop 1: Node Insertion
12 BFS(Pool[rootIndex].left); Recursion 12 temp[i] = stack[--Tstack];

13 } else if (j == 1 && Pool[rootIndex].right!= MAX) { 13 ac_int<9, false> m = visit(Pool[temp[i]].value);}

14 BFS(Pool[rootIndex].right);}}}} 14 fo—r‘—(—i;t—_i—:—;_i—:—é;;r‘;;t_cr)\:n—t—;'—i::)—-{—/—/—l-o—oE—Z—:” BFS Traversal

15 void processTop(int count) { TreeNode *treeRoot; 15 unsigned int leftIndex = Pool[temp[i]].left; ..right; Explicit Stack
16 initialize(&treeRoot); int data[5] = {2, 7, 4, 9, 6}; 16 if (leftIndex != MAX) {stack[Tstack++] = leftIndex;} ..right;}}}}
17 add(&treeRoot, 5, data); BFS(treeRoot);} 17 void processTop(int count) {unsigned int rootIndex = 0; .}

Fig. 13. Working example (Breadth-First Search) of the proposed LLM-aided refactoring framework. (a) Original C++ program
using pointers, dynamic arrays, and recursion; (b) Refactored HLS-C program.

® Convert Recursion to Iteration: As shown in lines 11-14 of Fig. 13(a), the original function BFS employs
recursion to call itself for processing the left and right child nodes of the current node. The LLM replaces the
recursion by using an explicit stack data structure, as refactored in lines 16 of Fig. 13(b). This stack simulates the
automatic management of the function call stack used in recursion. After these refactorings, the HLS tool compiles
this program again. If the compilation still fails, iterative refactoring continues until a successful compilation is
achieved.

4) Pipeline-Aware Decomposition: In breadth-first search (BFS) algorithms, node insertion in lines 7 and traversal
in line 10 of Fig. 13(a) are often performed in a single loop. However, keeping these two operations within one loop
could limit opportunities for pipeline optimizations. By refactoring the BFS, each operation in Fig. 13(b)—node
insertion (lines 11) and BFS (lines 14) traversal—is treated as a separate subtask. This separation not only maintains
the overall BFS logic but also enables more pipelining.

5) Bit Width Adjuster: To optimize the design of hardware implementations, a bit width adjuster module is
integrated into the framework to analyze and fine-tune the bit width of variables. As shown in line 6 of Fig. 13(a)
and the corresponding line 15 in Fig. 13(b), if a variable ‘m’ is declared as a 32-bit integer and the optimization
script finds that its minimum value is 0 and its maximum is 481, then only 9-bit are needed instead of 32-bit. Then,
the previously generated script assigns the optimal bit width by replacing unsigned int m with ‘ac_int<9,
false> m’ in C_Orig.

6) Equivalence Verification PPA Optimization: After synthesizing the C++ code to obtain the corresponding
hardware RTL model, C-RTL co-simulation is then performed to verify the correctness of the synthesized RTL
design. Then, a large area is identified by the HLS tool. The proposed LLM-aided optimization strategy is then
applied to reduce the area of design by adding the pragma such as ‘#pragma design_goal area’ at the top of
the function BFS. Retiming is further used to minimize the clock period and the number of sequential components
in implementing the synthesized circuit to achieve a more efficient PPA design.

Appendix Il: Examples of prompts and output responses of the LLM at different stages
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@: System Prompt: You are an expert in identifying the High-Level

Synthesis (HLS) incompatible errors in the regular C/C++ program.

[%’ Problem Description Prompt:

You are now tasked with step-by-step analysis of standard C++
code. The HLS tool reports two actual issues: dynamic pointers
and dynamic arrays.

¢ The other common types of HLS-incompatible errors are
summarized as follows. For each error type, I provide you a
brief overview and the common struct:
(1) Exception...; (2) Recursion...; (3) ... (Omitted for brevity)

Here is a typical breadth-first search (BFS) C++ code with HLS-
incompatible errors. This code involves creating a binary tree,
initializing the tree structure, adding nodes, and performing a BFS
to visit and process each node. The code is given as follows:

struct TreeNode {TreeNode *left, *right; int value;}; k
void initialize(TreeNode **treeRoot) {

*treeRoot = (TreeNode *)malloc(sizeof(TreeNode));}
void add(TreeNode **treeRoot, int count, int *elements);
void BFS(unsigned int rootIndex) {

for (int i = 0; i < 1; i++) { </> C_Orig
int m = visit(Pool[rootIndex].value);
for (int j = 05 j < 25 j++) {
if (j == © && Pool[rootIndex].left!= MAX) {
BFS(Pool[rootIndex].left);
} else if (j == 1 && Pool[rootIndex].right!=MAX){

BFS(Pool[rootIndex].right);}..

*  Your task is to detect all potential HLS-incompatible errors.
« Attention: Please follow the following steps below to analyze:
Step 1: Analyze ‘what’ the potential errors are;
Step 2: Locate ‘where’ the potential errors are;
Step 3: Give the reasons for the each potential error.

LLM’s Output Response:

Step 1: The use of recursion in the BFS function, calling
BFS(Pool[rootIndex].left); and BFS(Pool[rootIndex].right);.
Step 2: Inside the for loop within the BFS function, the
recursive calls to handle left and right child nodes occur.
Step 3: HLS tools generally do not support recursion because
the recursion depth cannot be statically determined, and
therefore cannot be mapped to hardware modules.

J
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Qg System Prompt: You are an expert in repairing the High-Level

Synthesis (HLS) incompatible errors in the regular C/C++ program.

%Problem Description Prompt:

¢ The complete C++ code for HLS is as follows:

* Here are the compilation errors returned by the HLS tool:

€ # Error: No definition for routine 'malloc’ (CIN-16)
€ # Error: Unsupported feature 'pointers-to-pointers' (CIN-243)

* Here is analysis of the potential error via LLMs: Recursion...

*  Your task is to repair all the above HLS-incompatible errors in
the C++ code with the guidance of the templates T_Ref
extracted from the HLS tool manual...(Omitted for brevity)

¢ The correction templates to guide repair are shown as follows:

T_Ref1 Guidance of Repairing Pointer Errors:

Overview: Dynamic pointers are forbidden in HLS as it cannot give each
memory location an identifier. Converting to array access is needed...

==
Example of a Violation : . QCorrection Example 1: ..; Example 2: ..,;

T_Ref2 Guidance of Repairing Dynamic Array Errors:

Overview: HLS cannot manage dynamic arrays with unbounded size.
Such malloc function must be replaced with pre-allocated static arrays....
=

Example of a Violation : . \,_;] Correction Example 1: ..; Example 2: ..;

T_Ref3 Guidance of Repairing Recursion Errors:

Overview: Recursion, requiring dynamic memory in a stack...Converting
into a loop-based iteration or using template functions is required...
=

Example of a Violation: ...; g Correction Example 1: ..; Example 2 : ..;

*  Please analyze and repair the code carefully. Ensure all
modifications do not affect the functionality of the C++ code...
Please provide a completely corrected HLS-compatible code.

LLM’s Output Response:

struct TreeNode {unsigned int left, right; int value;};
struct TreeNode Pool[MAX]; ... // Static Array & Array Access
void initialize(unsigned int treeRoot)...
void add(unsigned int treeRoot, int count, int elements[MAX]);
void BFS(unsigned int rootIndex) {
unsigned int stack[MAX];
int Tstack = @; stack[Tstack++] = rootIndex;...}}}
while (Tstack > @) {
int currentCount = Tstack; </> HLS-C
unsigned int temp[MAX];); ..(Omitted for brevity)

J

Fig. 15. Refactoring with RAG: LLM refactorings the HLS-
incompatible errors according to external guidance from the
HLS tool manual.

Fig. 14. Step-Wise Reasoning: Identify potential HLS-
incompatible errors in the regular C/C++ code via the LLM.
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©¢ System Prompt: You are an expert in code decomposition for
efficient pipelining in HLS.

[%Problem Description Prompt:
To achieve efficient pipelining, we need to decompose
complex loop structures in the HLS code into smaller subtasks,
thereby reducing overall latency of the synthesized hardware.
* Below is a representative example that demonstrates how to
break down a nested loop in a regular code:

int mac(int A[4][4], int B[4][4]) {int sum = @; 7

for (int i = 0; 1 < 4; i++) {// MAC Op. using nested loops
for (int j = 0; j < 4; j++) { // Before decomposition
sum += A[i][j] * B[i][j];}}return sum;}

for (int j = 9; j < 4; j++) {sum += A_row[j] * B_row[j];..
int mac(int A[4][4], int B[4][4]) { int total = @, sums[4];
for (int i = 0; i < 4; i++) { // Process each row
sums[i] = mac_row(A[i], B[i]);}
for (int i = 0; i < 4; i++) // Accumulate all row results
total += sums[i]; return total; }

¢ Your task is to decompose the nested loops below with the
guidance of above illustrative examples...

void BFS(unsigned int rootIndex) {
for (int i = 9; 1 < 1; i++) {// loop 1: Node Insertion

int mac_row(int A_row[4], int B_row[4]) { int sum = ©0;
// Compute the MAC for a single row

int m = visit(Pool[rootIndex].value);
for (int j = 0; j < 2; j++) {// loop 1-1: BFS Traversal
if (j == © && Pool[rootIndex].left!= MAX) {
BFS(Pool[rootIndex].left);
} else if (j == 1 && Pool[rootIndex].right!= MAX) {
BFS(Pool[rootIndex].right);}}}}

LLM’s Output Response:

void BFS(unsigned int rootIndex) {{
unsigned int stack[MAX];
int Tstack = 9; stack[Tstack++] = rootIndex;
while (Tstack > 9) {int currentCount = Tstack;
unsigned int temp[MAX];
// loop 1: Node Insertion
for (int i = 0; i < currentCount; i++) {
temp[i] = stack[--Tstack];
ac_int<9, false> m = visit(Pool[temp[i]].value);}
// loop 2: BFS Traversal
for (int i = 0; i < currentCount; i++) {
unsigned int leftIndex = Pool[temp[i]].left; ..right;
if (leftIndex != MAX) {
stack[Tstack++] = leftIndex;} ..right;}}}}

.@: System Prompt: You are an expert in power, performance,

and area (PPA) optimization of the synthesized circuit in HLS.

%Problem Description Prompt:
¢ The complete HLS code and the .tcl script are as follows:

solution file add {kernel_path} -type C++ ...

go new\n go analyze\n

go compile...

¢ The performance bottleneck from the report is Large Area.

¢ Your task is to optimize both the HLS-C program and the Tcl
commands with the guidance of the optimization strategies
extracted from the manual of the Catapult HLS tool.

* The optimization strategies for the area are shown as follows:

</>

HLS-C run.tcl

Area Optimization Strategy 1: #pragma design_goal area Opt_A1
Brief concepts: Determine if the tool should optimize for area ...
Parameter Description: Set design_goal to ‘area’ ...

Example 1:

#pragma design_goal area
void test (ac_int<l6,false> in, ac_int<32,false> &out){}..

Area Optimization Strategy 2: ARRAY_INDEX_OPTIMIZATION Opt_A2
Brief concepts: Determine if additional optimizations are performed
on arrays that are not a power of two. These optimizations include
better support for word width, interleave ... Parameter Description:
Set this command to true to minimize the area...

Example 1: directive set ARRAY_INDEX_OPTIMIZATION true in run.tcl

...... (Other strategies are omitted)
* Please refer to the guidance of area optimization strategies and
add/tune the parameters to optimize the HLS-C program...

LLM’s Output Response:

struct TreeNode {unsigned int left, right; int value;}; N
struct TreeNode Pool[MAX]; ..// Static Array & Array Access
void initialize(unsigned int treeRoot) ..
void add(unsigned int treeRoot, int count, int elements[MAX]);
#pragma design_goal area
void BFS(unsigned int rootIndex) { </> HLS-C

unsigned int stack[MAX]; int Tstack =

stack[Tstack++] = rootIndex; ..}}} ..(Omitted for brevity)

..# Branch the solution and set directive value to true k
go new\n go analyze\n

directive set ARRAY INDEX_OPTIMIZATION true run.tel
go compile. .. (Omitted for brevity due to space limitations)

Fig. 16. Pipeline-Aware Decomposition via the LLM.
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