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Abstract

We introduce FIXME, the first end-to-end and large-scale
benchmark for evaluating Large Language Models (LLMs)
in hardware design functional verification (FV). Comprising
747 tasks derived from real-world hardware designs, FIXME
spans five core FV sub-sets: specification comprehension, ref-
erence model generation, testbench generation, assertion de-
sign, and RTL debugging. To ensure high data quality, we de-
veloped an AI-human collaborative framework for agile data
curation and annotation. This process resulted in 25,000 lines
of verified RTL, 35,000 lines of enhanced testbenches, and
over 1,200 SystemVerilog Assertions. Furthermore, through
expert-guided optimization within the multi-agent aided flow,
we achieved a remarkable 45.57% improvement in average
functional coverage, underscoring the benchmark’s robust-
ness. Through evaluation of state-of-the-art LLMs like GPT-
4.1, FIXME identifies key limitations and provides actionable
insights, advancing the potential of LLM-driven automation
in hardware design functional verification.

Introduction
The integration of Large Language Models (LLMs) (Naveed
et al. 2023) into hardware design workflows, known as
LLM-Aided Design (LAD) (IEEE 2025), is emerging as
a transformative paradigm in Very Large Scale Integration
Circuit (VLSI) (Barbe 2013) design methodologies (Thakur
et al. 2023; Fu et al. 2023). This integration promises to rev-
olutionize hardware design by enabling more agile design
automation and intelligent iteration (Fang et al. 2025).

Traditionally, hardware design encompasses register-
transfer level (RTL) implementation using hardware de-
scription languages (HDLs) and functional verification
(FV) (Mano and Ciletti 2012). Existing research on LAD
focuses on HDL generation, such as RTLCoder (Liu et al.
2024b), BetterV (Pei et al. 2024), ChatCPU (Wang et al.
2024), VGV (Wong et al. 2024), GPT4AIChip (Fu et al.
2023), and ChatChisel (Liu et al. 2024c).
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Figure 1: Typical IC development workflow. Verification
typically accounts for over 50% of the time consump-
tion (Wilson Research Group and Siemens EDA 2022).

While these studies demonstrate the ability of LLMs to
generate functionally simple designs, their capabilities are
limited by a critical constraint: the lack of systematic and
sufficient data alignment to develop a deep understanding of
hardware functionality (Qayyum et al. 2024). This limitation
is largely due to the relative scarcity of research focused on
applying LLMs to the FV stage, which in turn impedes their
ability to design and verify complex circuits.

In this context, a fine-grained evaluation of the capabil-
ities of LLMs in FV is crucial for guiding future research.
Unfortunately, existing LAD benchmarks are inadequate for
this task: 1. Existing works, such as RTLLM (Lu et al. 2024)
and VerilogEval (Liu et al. 2023), mainly evaluate HDL gen-
eration and do not involve verification. The hardware de-
signs provided in them are mostly sampled from beginner
websites like HDLBits (hdlbits.01xz.net 2024), which can-
not reflect the complexity of FV challenges in the real world,
so these designs remain insufficient even after modifications.
2. Recently emerging FVEval (Kang et al. 2024) and Asser-
tionBench (Pulavarthi et al. 2025) focus solely on specific
scenarios in FV. This scope fails to capture the full breadth
and complexity of real-world FV, which includes critical
tasks such as specification comprehension (Li et al. 2024),
testbench (Yang, Wille, and Drechsler 2014) generation, ref-
erence model (Swan 2006), assertion (Lu et al. 2025) de-
sign, and debugging (Wang et al. 2025). The time allocated
to these tasks in FV is significant, as shown in Figure 1.
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Figure 2: Time Cost Distribution of Traditional Hardware
Design Functional Verification (Synopsys 2015)

To address these critical limitations, we propose FIXME,
the first comprehensive evaluation framework designed for
LLM-aided functional verification. FIXME includes 747
tasks sampled from real hardware designs across the net-
work, categorized into three difficulty levels (L1-L3), di-
vided into 5 subsets: SpeCom, MGen, TBGen, SVAGen, and
RTLFix. It matches the FV process end-to-end, finely exam-
ines the capabilities of LLMs in design understanding, ref-
erence model design, testbench planning, SVA generation,
and debugging. The main contributions are as follows:
• We propose the first end-to-end benchmark for LLM-

aided design functional verification. To the best of our
knowledge, FIXME is the first comprehensive, multi-
modal, and quantitative evaluation framework specifi-
cally designed for LLMs in FV. It encompasses the full
FV pipeline, including specification, reference model,
testbench, assertion, and debugging, thereby enabling a
reliable and realistic assessment of LLM capabilities in
practical verification scenarios.

• We construct a high-quality, functional-verification-
specific benchmark dataset with expert-level accu-
racy. FIXME features a structured task taxonomy with
three difficulty levels, five sub-sets, and 747 diverse
tasks—from multiple-choice questions to code genera-
tion. Created through an AI-human collaborative work-
flow powered by our multi-agent system, the benchmark
integrates expert-curated specifications, 25K lines of au-
dited design code, 35K lines of enhanced testbench, and
over 1,200 SystemVerilog assertions, achieving an aver-
age functional coverage improvement of 45.57% over the
initial data, thereby enhancing evaluation accuracy.

• We conduct systematic evaluation and provide action-
able insights for LLM-aided design research. Through
comprehensive benchmarking of state-of-the-art LLMs,
we identify current limitations and promising directions
for future improvement in LAD-based verification. Our
findings offer a foundational reference for advancing
LLM capabilities in complex, structured LAD FV tasks.

Related Work
Functional Verification (FV) FV is a critical phase in the
modern hardware design lifecycle, aimed at ensuring that a

design conforms to its specification and behaves as intended
under all possible input conditions (Bergeron and Autodesk
2003; Spear and Tumbush 2012; Wang, Chang, and Cheng
2009). A typical FV process is as follows: given a specifica-
tion, engineers construct reference models, testbenches, and
assertions to verify the RTL. If any failures or output mis-
matches occur, the design undergoes debugging and refine-
ment until correctness is achieved. The time allocation for
each step is illustrated in Figure 2, and the entire workflow
is depicted in Figure 3. This process is both time-consuming
and complex, motivating the exploration of automated solu-
tions (Wu et al. 2024; Abdollahi et al. 2025).

LLM-Aided Design and Benchmarks Recent advance-
ments in LLMs have enabled their application in hard-
ware design. Various initiatives focus on leveraging LLMs
for different aspects of the design process, including HDL
code generation (e.g., VeriGen (Thakur et al. 2024), Bet-
terV (Pei et al. 2024), RTLCoder (Liu et al. 2024b)),
RTL debugging (e.g., RTLFixer (Tsai, Liu, and Ren 2024),
MEIC (Xu et al. 2024)), and overall chip acceleration (e.g.,
ChipChat (Blocklove et al. 2023), ChipGPT (Chang et al.
2023), GPT4AIGChip (Fu et al. 2023), ChatCPU (Wang
et al. 2024)). Several studies also explore the use of LLMs in
FV(e.g., LLM4DV (Zhang et al. 2023), VerilogReader (Ma
et al. 2024), AssertLLM (Fang et al. 2024), AutoBench (Qiu
et al. 2024), and Assertionforge (Bai et al. 2025)).

Benchmarking has become a key tool for assessing the ca-
pabilities of LLMs in hardware design. Most existing bench-
marks focus on HDL code generation (e.g., RTLLM (Lu
et al. 2024), VerilogEval (Liu et al. 2023), VeriGen (Thakur
et al. 2024), and GenBen (Wan et al. 2025)). However,
benchmarks specifically targeting the functional verification
process remain limited. Although some efforts address for-
mal verification (e.g., FVEval (Kang et al. 2024)), there is
a significant gap in comprehensive evaluation on practical,
end-to-end simulation-based verification tasks.

Challenges in LLM-Aided FV Benchmark Constructing
effective benchmarks for LLM-aided Functional Verification
(FV) presents several key challenges: 1) Data Scarcity: The
availability of high-quality FV data for LLM training and
evaluation remains significantly limited (Liu et al. 2024a).
Our comprehensive sampling of open-source Verilog repos-
itories revealed that fewer than 10% provided a complete set
of specification documents, RTL code, and corresponding
testbenches, underscoring a critical shortage of adequate FV
data. 2) Quality Assurance: Even in cases where complete
datasets are available, validating their accuracy requires ex-
tensive simulation-based verification, which is inherently
time-consuming and resource-intensive. This quality assur-
ance step is essential to ensure data reliability (Chang et al.
2024b), but significantly complicates benchmark prepara-
tion. 3) Task Complexity: FV encompasses multiple intri-
cate stages, including specification interpretation, model de-
sign, stimulus iteration, formal verification, and debugging.
Each stage presents distinct requirements for benchmark
construction, requiring careful curation to achieve an opti-
mal balance between complexity and diversity. This multi-
stage process further increases the challenge of developing
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Figure 3: Traditional Design Functional Verification (Synopsys 2015)

Figure 4: Total Hardware Design Statistics on Public Data
from 2011.01-2025.06. Out of over one million design mod-
ules, only over 7000 have testbenches.

representative benchmarks.

FIXME: The Proposed Benchmark
Overview
To address the critical need for a comprehensive evaluation
of LLMs in hardware FV, this paper proposes FIXME as a
large benchmark with 747 tasks, which were derived from
real-world hardware designs, representing a substantial col-
lection of approximately 10% of all publicly available de-
sign modules that include an executable testbench (see Fig-
ure 4). Designed to facilitate a holistic, end-to-end assess-
ment that mirrors a typical FV workflow, FIXME is method-
ically organized into five distinct sub-sets. To enable a more
granular analysis of model capabilities, tasks within each
sub-set are further classified into three levels of difficulty.
The sub-sets are described as below:

• SpeCom (Specification Comprehension Evaluation):
contains 149 tasks for evaluating the specifications com-
prehension of LLM, including 51 multi-modal tasks.

• MGen (Reference Model Generation Evaluation):
comprises 111 tasks, with 31 multi-modal tasks.

• TBGen (TestBench Generation Evaluation): With 158
tasks, this sub-set targets testbench generation, featuring
51 multi-modal tasks.

• SVAGen (SystemVerilog Assertion Generation Evalu-
ation): This sub-set includes 61 tasks for SVA design, of
which 21 are multi-modal.

• RTLFix (RTL Fix Evaluation): This is the largest sub-
set with 268 tasks, including 166 multi-modal tasks.

Specifically, the proportion of tasks is partially based on
the time cost distribution of corresponding tasks in real-
world hardware functional verification (FV), as Figure 2,
aiming to strike a balance between the importance of each
component and feasibility for independent evaluation.

Moreover, considering that practical FV processes often
involve visual content such as circuit diagrams, FIXME in-
troduces multi-modal task types for better simulating real-
world scenarios. As demonstrated above, the construction of
FIXME is complex and is designed to provide a more real-
istic and challenging platform for evaluating the potential of
LLMs in the context of hardware FV.

Design Philosophy
End-to-End Evaluation Paradigm FV is a complex,
multi-stage process in which domain-specific knowledge
and underlying capabilities are tightly coupled. Failures at
any stage can significantly delay design convergence. There-
fore, an effective evaluation of FV capabilities should be
conducted in an end-to-end manner. This principle motivates
the design of FIXME: a comprehensive assessment frame-
work that balances evaluation fidelity, task objectivity, and
diversity across a wide range of design types and verifica-
tion requirements. To achieve this, we identify five core sub-
sets and design corresponding task classifications that follow
a one-to-one mapping with real-world verification steps, as
summarized in Section 2.1.

Modular Sub-Set Organization To ensure extensibility
and flexibility in accommodating diverse verification needs,
FIXME organizes its tasks into five mutually decoupled sub-
sets. These sub-sets are designed to be independent of each
other and the overall evaluation workflow. This modular ar-
chitecture enables future benchmark iterations to focus on
specific sub-sets or introduce new tasks without compromis-
ing the integrity of the entire framework.

AI-Augmented Benchmark Construction To address
the challenge of data scarcity and labor-intensive checks in
real-world FV scenarios, we propose an AI-human collabo-
rative framework tailored for benchmark construction. We
design a multi-agent system that automates data filtering,
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Figure 5: FIXME: Workflow, Construction, and Task Example. Part A illustrates the general workflow with FIXME, where a
configuration file specifying the LLM API, modal, and evaluation set, etc. Part B details AI-human collaborative construction of
FIXME, as exemplified by its efficient identification of 7,473 hardware designs with testbenches from over ten million collected
entries. Finally, part C provides examples for each sub-set: C.1 provides a case of level L2; C.2 provides one case of level L3;
C.3-C.5 provide cases of level L1; and C.5 demonstrates the situation of multimodal cases.
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simulation tools execution, initial auto-labeling, and prelim-
inary question generation. As illustrated in Figure 5, we im-
plement this methodology through this framework. More-
over, the methodology can be generalized to other domains
facing similar challenges in data availability and annotation.

Construction of FIXME
Data Collection We initially crawled hardware design
repositories from across the web as our primary data source.
The detailed data statistics are presented in Figure 4. There
are over 7000 design modules with a testbench in total. To
systematically process this data, we introduce an automated
pipeline comprising specialized agents designed for various
stages of data curation and benchmark construction. The
initial phase, automated basic data filtration, begins with
Agent 1, which scans project file structures to retain only
those containing essential testbench files and verification
scripts. Next, Agent 2 employs few-shot learning to ana-
lyze the filtered project directories, extracting RTL code and
testbench files, and generating verification scripts compati-
ble with Synopsys VCS (Synopsys, Inc. 2023). Afterwards,
these scripts are executed through the VCS task API, and
the correct ones are selected as primary candidates for the
FIXME benchmark.

Question Annotation The process begins with a two-
phase difficulty classification. Initially, an automated agent
(Agent 3) performs a preliminary classification of all can-
didate modules into three tiers based on Lines of Code
(LoC): small-scale (0–100 LoC), medium-scale (100–200
LoC), and large-scale (≥ 200 LoC). Subsequently, human
experts refine this quantitative sorting by incorporating qual-
itative metrics of functional complexity, such as control flow
depth, state machine intricacy, and interface design, thereby
ensuring a robust, hybrid evaluation of task difficulty.

After classification, tasks are generated and refined using
a collaborative human-agent workflow. A key preliminary
step involves Agent 4 performing a semantics-preserving
rewrite of all design specifications, which is then validated
by experts. This is crucial for creating novel task prompts
that mitigate the risk of LLMs solving problems via mem-
orization of public data. The generation process is then tai-
lored for each subset:

• SpeCom: Multiple-choice and true-false questions are
generated by Agent 4 from the specifications.

• MGen, TBGen, and SVAGen: For these tasks, the prob-
lems and reference solutions are derived from the orig-
inal project’s specifications and expert-verified code to
maintain fidelity to the source design.

• RTLFix: Agent 4 programmatically injects common, re-
alistic bugs into the verified RTL. Human experts then
review and refine these fault scenarios to ensure they pos-
sess genuine diagnostic value and reflect real-world hard-
ware design challenges.

Answer Annotation To enhance the reliability and preci-
sion of the FIXME benchmark, human experts meticulously
augmented each candidate task with optimized testbenches
and SVAs. This process entailed: (1) refining testbenches to

achieve over 90% functional coverage, (2) crafting SVAs for
formal verification, and (3) developing reference model in-
terfaces. This effort served two purposes: to eliminate mod-
ules with corner-case failures, strengthen dataset robustness,
and to produce high-fidelity reference solutions, reducing
evaluation ambiguity.

Quantitatively, these enhancements optimized 58,000 to-
kens of technical specifications, audited 50,000 lines of de-
sign code (selecting 25,000 lines), added 25,000 lines of ver-
ification testbenches, integrated 1,235 critical assertions, and
established a unified debugging interface. Resulting cover-
age improvements include a 45.57% increase in functional
coverage, a 7.5% increase in average line coverage, and a
43.14% boost in toggle.

The above efforts provide standard answers or references
for MGen, TBGen, and SVAGen. Besides, for SpeCom, cor-
rect answers are established by human experts during ques-
tion generation by Agent 4. As for RTLFix, reference so-
lutions are also defined within the fault injection process
by Agent 4, with expert oversight ensuring accuracy. This
method provides a definitive standard for model assessment.

Multi-Modal Features FIXME naturally supports multi-
modal, including text, code, circuit diagrams, tables, and
waveform files, to simulate real-world FV scenarios (Chang
et al. 2024a). For the waveform files required during de-
bugging, we use the VCD format, which can be converted
into text-based time-series signal sequences and waveform
screenshots for the model to reference.

Evaluation metrics Specification comprehension is eval-
uated based on the pass rate of objective questions. For code
generation tasks — including reference model generation,
testbench generation, and assertion generation — evaluation
metrics include both syntax correctness and functional pass
rate. Additionally, for testbench generation, we further re-
port scores from simulation tools, along with line coverage
statistics to assess the completeness of test stimuli. Debug-
ging tasks are evaluated based on the pass rate after bug
fixes. These metrics collectively provide a comprehensive
assessment of both functional correctness and verification
coverage, enabling fine-grained analysis of LLMs’ capabil-
ities across different stages of the FV pipeline. Finally, we
report the fraction of tasks in which the answer produced by
the model matches the reference answer under ”Pass@5”.

Evaluation
We selected 10 models, including SOTA closed-source,
open-source, and domain-specific fine-tuned VLSI mod-
els. To accommodate the extended context requirements
of more complex tasks, we chose versions of these mod-
els that support longer input/output token lengths, namely
GPT-4.1-2025-04-14 (MacCallum and Lee 2025), Claude-
Sonnet-4-202505 (Anthropic 2025), Gemini-2.5-Flash (Co-
manici et al. 2025), DeepSeek-R1-20250324 (Guo et al.
2025), Llama-4-Scout-B10 (Meta AI 2025), Qwen-QwQ-
32B (Qwen Team 2025), Mistral-Large-2-128k (Mistral
AI 2025), GPT-4o-128k (OpenAI 2024), Gemini-1.5-Pro-
128k (Google 2024), and Semikong-70B (pentagoniac
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Figure 6: Evaluation Results of Pass Rate.

2024). The hyperparameter settings for all models remain
consistent.

To collect comprehensive simulation test coverage data
for the testbench generation task, we utilized Synopsys VCS
for data collection, focusing on line coverage and toggle
coverage metrics. FIXME also supports the collection of ad-
ditional metrics, such as branch coverage. We performed a
pass@5 evaluation for all tested models.

Results and Discussion
Results
The pass rate results for all evaluated models are depicted
in Figure 6, while detailed coverage statistics specific to the
TBGen subset are illustrated in Figure 8.

For all subsets except SpeCom, none of the models sur-
passed a 50% functional PR, with the mean functional PR
across all models and subsets standing at 38.15%, and the
mean syntax PR at 65.73%. Focusing on the TBGen subset,
all the generated testbenches fell below the 50% threshold
in both line and toggle coverage. This limitation suggests
that LLM-based testbench generation often fails to cover key
signals and corner cases, potentially leaving critical design
bugs undetected. To underscore the practical importance of
coverage, we conducted an ablation within the MGen subset
by evaluating LLM-generated reference models using both
the original testbenches and those refined by human experts.
As shown in Figure 9, roughly 30% of errors went unde-
tected when using low-coverage testbenches, clearly demon-
strating that coverage gaps have an impact on the reliability.

Analysis
Task Quality As illustrated in Figure 6, the observed
functional PRs of LLMs across our collection of real-world
tasks range from 15% to 50%. This distribution reflects the

carefully controlled task difficulty and the effective differ-
entiation of model capabilities, in contrast to earlier bench-
marks that frequently emphasized surface-level correctness
or template-based problem structures, which can inadver-
tently inflate performance and obscure model limitations.

Moreover, the use of coverage-enhanced testbenches
plays a central role in revealing subtle functional errors,
as illustrated in Figure 9. For example, the functional PR
of the reference model using GPT-4.1 dropped by roughly
27% after increasing testbench coverage. This decline indi-
cates that more fine-grained test cases are effective at un-
covering functional issues in model-generated code. The re-
sult not only demonstrates the necessity of our approach but
also highlights a broader point: to properly assess a model’s
actual capability limits in tasks such as code generation or
task-oriented reasoning, the evaluation must include meth-
ods that reveal hidden failure modes and expand test-case
coverage, rather than relying solely on surface-level correct-
ness checks. This underscores the need for tasks to be care-
fully constructed, detailed, and sufficiently challenging to
expose the true limitations of model reasoning and gener-
ation across different autonomous-system workflows.

Design Rationality To better understand how different
stages of the end-to-end evaluation pipeline interact, we
conduct a Pearson correlation analysis (Sedgwick 2012)
over multiple indicators covering specification understand-
ing, code synthesis, local debugging, and final functional
correctness. As shown in Figure 7, all pairwise correlations
exceed 0.5, and the average surpasses 0.8. These results re-
veal two important insights.

First, the strong correlations suggest that performance in
intermediate reasoning or synthesis stages is highly predic-
tive of final task success, supporting the hypothesis that fail-
ures in LLMs often originate from early-stage semantic mis-
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Figure 7: Pearson Correlations Between the Metrics of Different Task Types.

Figure 8: TBGen Coverage Results.

Figure 9: The Impact of TB Coverage on Func.PR of MGen.

interpretation rather than execution-level faults. Second, the
correlation pattern provides empirical support for system-
level training and evaluation paradigms. If upstream and
downstream stages are strongly aligned, then end-to-end op-
timization strategies, which include multi-stage alignment,
holistic supervised fine-tuning, are empirically justified.

Further Discussion Our evaluation shows that, despite
the promising outlook, integrating LLMs into real hardware
design and development workflows remains a substantial
challenge. In the context of functional verification, current
models still exhibit high error rates, low reliability, and con-
siderable uncertainty. This stems from the probabilistic na-
ture of LLMs: they are prone to hallucination and can pro-
duce outputs that are syntactically fluent yet functionally in-
correct or semantically incoherent. In integrated-circuit de-

velopment, this weakness is magnified, as even minor errors
in RTL code or assertions can trigger severe downstream
failures, costly silicon re-spins, or product delays (He and
Yu 2024; Xu et al. 2025).

More broadly, these observations extend beyond hardware
design and reflect a fundamental limitation in applying cur-
rent LLMs to demanding scientific and engineering work-
flows. Across domains that require precise reasoning, trust-
worthy decision making, and fidelity to formal or executable
semantics, the gap between surface correctness and func-
tional correctness remains a critical barrier to deployment.

Addressing this challenge requires rethinking how we
train, align, and evaluate LLMs. It’s essential to build end-
to-end datasets grounded in industrial practice, strengthen
the alignment between upstream and downstream tasks,
and adopt fine-grained evaluation methodologies. Achieving
these goals will require deeper, more transparent collabora-
tion between industry and academia.

Conclusion
In this work, we introduced FIXME, a comprehensive
benchmark designed to evaluate a broad spectrum of hard-
ware design functional verification skills. Comprising 747
question-answer pairs across five distinct sub-domains,
FIXME bridges the gap between academic research and the
complexities of real-world design applications. We evalu-
ated over 10 state-of-the-art LLMs on FIXME. Despite re-
cent advancements in LLM-Aided Design, even the most
capable models still lag significantly behind human perfor-
mance on FIXME. This underscores the challenges of func-
tional verification tasks within practical, real-world applica-
tions and highlights areas for future LLM development.
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