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Abstract

Verification flows use Verification IPs (VIPs) to identify assertion
violations. This is well-suited for on-chip protocols (e.g., AXI, AHB)
with standard specifications (e.g., AMBA) for developers to write
assertions that detect violations. Patching these violations, however,
still requires manual effort. A good patch must not only fix the viola-
tion but also preserve functionality (e.g., pass the testsuite) without
causing new violations. We propose STITCH, based on the intuition
that given an implementation, a violated assertion, and a counterex-
ample an LLM can try to synthesize patches. To evaluate STITCH, We
develop a new dataset that comprises 100 violations in 11 implemen-
tations of 5 protocols (AXI, AHB, APB, Wishbone, and TileLink).
Our first experiment reports 19% success rate across 4 LLMs (GPT4,
GPT5, Gemini, and Claude). By analyzing the failed cases, we devise
3 improvement strategies: patch localization, violation specific con-
text (cone of influence, counterexample), iterative feedback from
model checker outputs over candidate patches. Our experiments
show these strategies help STrTCH achieve 61% patch success, with
GPT5 dominating with 56%. We validate ST1TCH patches through
simulation and on real hardware. We compare STITCH to 3 state-of-
the-art non-LLM tools and existing patches.
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1 Introduction

On-chip communication protocols (e.g., ARM AMBA AXI [14],
APB [16], AHB [15], Wishbone [61], TileLink [52]) share funda-
mental structural and behavioral similarities, as they are designed
to ensure reliable data transfer between IP blocks. Post-verification
validates if an implementation satisfies functional and performance
requirements stated in protocol specifications (e.g., ensuring that
data transfers between IP blocks occur without delay or data loss) or
developer-defined constraints (e.g., enforcing timeouts after a given
number of cycles). If there are assertion violations, a developer
writes a patch that satisfies the verification.

In this paper, we propose STITCH that aims to automatically
generate patches for implementations that violate assertions. More
importantly, our definition of a good patch not only ensures that
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the assertion is proven but also checks if it is functional and stays
compliant with previously proven assertions. LLMs have shown
promise in RTL code generation tasks (e.g., test-driven implemen-
tation, DFT compatibility, fixing syntax errors) [48, 55, 59]. Thus,
for our problem, we aim to assess the effectiveness of LLMs. As a
first step, we curate a dataset of 100 protocol violations collected
from 11 implementations for 5 protocols. Experimentally, for our
dataset, when we provide the violation and implementation to 7
LLMs with a prompt to generate a patch, all of them fail to produce
any good patches.

Next, we test the effectiveness of providing counterexamples,
with the intuition that it will help the LLM to understand the root
cause. This approach yields 19% good patches across GPT5, Gemini,
Claude, GPT4. Based on our analysis of these two experiments,
we present novel insights to improve the patch success rate. We
identify the patch point using assertion, cone of influence and
implementation analysis, which helps the LLM in reducing the
search space for patches and improves the patch success rate to 40%.
Next, even in cases where the patch fails, we guide the LLM to learn
from the failure. For each failed patch, we use the model checker
to generate counterexamples and ask the LLM to summarize the
changes that caused the failure. We then feed this summary back
to guide the next patch generation attempt, helping the LLM avoid
making the same mistakes. We can iteratively repeat this process for
each failed patch. In doing so, we notice that the summary must be
informative yet concise to avoid stagnating patch generation. Lastly,
we experimented with providing traces of failed testbenches, but
instead of guiding the LLM to generate a good patch, we observed
that the LLM tends to overfit, which results in proving the assertion
but failure of other testbenches and assertions. In our experiments,
StrTcH achieved 61% successful patches after 5 iterations.

Our above outlined improvement provides an ablation study
systematically capturing the impact of our design choices. Of the
4 LLMs, GPT5 outperforms in terms of patch success rate (56%)
while GPT4 is least effective (6%). Claude performs the slowest but
results in smaller patches (9 line changes); whereas GPT5 patches
are larger in size (22 line changes). When synthesized on hardware,
Claude patches tend to be more resource intensive, where as Gemini
patches have lowest impact. We do not observe any correlation
between patch sizes and hardware impact. Next, we evaluate STITCH
with respect to ground truth. It has a success rate of 90% and while
the code patch sizes are larger than ground truth, the hardware
impact is comparable. Lastly, we compare STITCH with three non-
LLM approaches by using a standard dataset [3]. STITCH achieves
92% success rate to not only out-compete all three tools individually
but also collectively. Our experimental data is available [53].
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Table 1: (Left side) Buggy Code. (Right side) Patched code. red: exact patch

assign ARREADY = arready; assign ARREADY = arready;

1 1
2 always @(posedge ACLK) begin 2 always @(posedge ACLK) begin
3 if (ARESETN == 1'b0) 3 if (ARESETN == 1'b0)
4 begin 4 begin
5 arready <= 1'bo; 5 arready <= 1'bo;
6 araddr <= 7'bo; 6 araddr <= 7'bo;
end 7 end
8 else begin 8 else begin
9 if (~arready && ARVALID) 9 if (~arready && ARVALID &&
10 10 ('RVALID|| RREADY))
1 begin 1 begin
12 arready <= 1'b1; 12 arready <= 1'b1;
13 araddr <= ARADDR; 13 araddr <= ARADDR;
14 end 14 end
15 else 15 else
16 arready <= 1'bo; 16 arready <= 1'b0;
17 end 17 end
18 end 18 end

assert property (@(posedge ACLK) disable iff (!ARESETN)
(~ARREADY && ARVALID && (RVALID &3 !RREADY)) |=> !ARREADY);

2 Challenges & Insights

Example. Consider the bug [65] reported by Ma et al. [37] in a
widely used ARM AMBA AXI protocol implementation [14]. Table 1
shows a part of the read address latching in the read transaction.
The specific intent of this logic is the ARREADY generation which is
to assert it only when the subordinate is ready to accept a new read
address. In the buggy version (left), ARREADY could still be raised
while a previous read response (RVALID high and RREADY low) was
pending, allowing overlapping transactions thus clearly violating
the assertions shown at the bottom of Table 1. The patch adds a
condition ensuring a new read address is accepted only when no
response is outstanding, matching the assertion by preventing the
subordinate from signaling readiness during an active transaction.

2.1 Challenges & Insights

Given a syntactically correct and synthesizeable implementation
along with a violated assertion, our goal is to automatically synthe-
size a patch to satisfy the assertion. Below, we summarize the key
insights gained while developing STITCH to achieve this objective.

Insight #1: Patch Validation. Assuming we generate a candidate
patch, the first challenge is deciding whether it is actually good.
Even syntactically correct patches may break functionality, overfit
to specific cases, or introduce new violations. Testbenches, and the
larger test suites built from them, provide useful coverage, but they
do not guarantee correctness. A patch may satisfy the violation
by altering unrelated logic rather than fixing the underlying issue.
Thus, we combine test-suite compliance with formal verification
over the full assertion set, allowing us to catch interactions where
satisfying one assertion causes another to fail. This ensures that
each patch preserves functionality and remains consistent with
the specification. In summary, we consider a candidate patch to
be good if it satisfies all of the following: (i) preserves syntactic
correctness; (ii) proves the violated assertion; (iii) maintains the
original functionality captured by a testsuite; and (iv) proves a strict
superset of assertions compared to the original implementation.
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Table 2: Patchable violations and good patches per protocol & implementation.

AXI AHB APB Wishbone TileLink Total
Impl. AL AG AS AP AF AH P CH MH WB TL
#Patchable 12 19 12 15 16 6 4 1 3 5 7 100
# Patches 2 7 3 3 2 0 0 1 1 0 0 19

Insight #2: Impact of Counterexample. We curate a dataset of vio-
lated assertions from implementations of the 5 protocols (AXI, AHB,
APB, Wishbone, and TileLink). Table 2 shows the 100 violations.
Our first experiment was to give implementation and the violated
assertions to the 4 LLMs (GPT4/5, Gemini, Claude), but none of
the produced patches satisfied the good patch criteria. A closer
analysis of failed cases showed that the LLMs lacked guidance; it
did not have enough context of what went wrong. In cases such as
our example in Table 1, the faulty read-address behavior becomes
visible only when examining the precise temporal evolution of sig-
nals such as ARREADY, RREADY, and RVALID. Their high-low
transitions reveal the violation, information that the assertion alone
does not make explicit. While we could rely on mining a large data-
base of hardware bugs and their corresponding patches to learn
reusable patterns or templates, such datasets are scarce, making
direct fine-tuning of LLMs impractical. Instead, we adopt a context-
driven strategy in which the LLM is guided by concrete structural
and behavioral information derived from verification outputs. As
shown in Table 2, this guidance proved particularly effective: in
19/100 cases, counterexamples directly exposed the failing scenario,
allowing the generated patch to correctly handle the missing case.

Insight #3: Accurate Patch Point Identification. Patch localization
identifies the precise region of the implementation that must be
modified to resolve a detected violation [27]. Because RTL imple-
mentations are typically complex, assertions alone rarely reveal the
exact fault location. In our study of 100 violations, the 19 success-
ful repairs all correctly localized the underlying bug. RTL code is
particularly well suited for localization because its functionality is
organized into defined structural blocks (always blocks). Assertions
include the specific signals involved in the violated behavior, allow-
ing the search space to often be narrowed to the blocks operating
on those signals. In our example in Table 1, the signals appear in
only two always blocks out of 732 LoC. While patch point identifi-
cation is effective for simple properties, some cases (e.g., reset) may
still require involved changes. To handle such cases, we rely on the
cone of influence (COI), which captures both directly and indirectly
related signals (e.g., through control or data dependencies). In our
motivating example, the COI points to the always block and the
corresponding branch shown in Table 1.

Insight #4: Iterative Context-driven Code Generation. Violated as-
sertion, localized code region, and counterexample trace can repair
simple violations, but they are not sufficient for complex cases.
In these scenarios, we adopt an incremental repair loop: the LLM
proposes an initial patch, the model checker evaluates it, and any
new counterexample triggers a new repair iteration. By aggregat-
ing counterexample traces across iterations, the LLM progressively
uncovers additional corner cases that must be addressed, enabling
it to improve the patch until the assertion is proven.
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Figure 1: STiTcH Overview. COI stands for Cone of Influence, CE for Coun-
terexample Trace, and i for the iteration.

Insight #5: Context Summarization. LLMs benefit from extensive
contextual guidance. But our experiments showed that propagat-
ing too much information (bug-localization outputs, multi-iteration
counterexample analyses, and detailed patch summaries) led to stag-
nation as redundant reasoning accumulated and impeded progress.
To address this, we carefully craft context that is carried to the
next iteration. We produce compact yet verified reasoning that
reduces hallucinations and only preserves the information neces-
sary for the next step. As the only exception, we carry forward the
counterexample traces as-is, due to their impact (Insight #2).

Insight #6: Testsuite Feedback. While investigating these failures,
especially cases where patches were proven by the model checker
but still failed the testsuite, we tried feeding the failing test traces
back into the tool. This did not turn any failures into successful
repairs: fixing the specific failing test broke other functionality and
invalidated assertions that the original patch had satisfied.

3 StiTtcH Design

Figure 1 presents an overview of the StrtcH workflow. Starting
from a buggy implementation and its violated assertion, we invoke
the model checker to obtain a counterexample trace and the cone of
influence. We construct the initial context using this data, combined
with the assertion and implementation (Figure 1a). Next, we produce
a candidate patch in the repair stage (Figure 1b). We reverify the
candidate patch with the model checker. If the assertion remains
unproven, we use the candidate patch to build a candidate patch
context (Figure 1c). We feedback this new context into the repair
stage. This loop continues until the assertion is successfully proven.

Validation. Once the violated assertion is proven, we run the
patched implementation through a test suite to assess its correct-
ness, and verifying with the model checker that all previously
proven assertions hold. The goal is to ensure that the new imple-
mentation not only proves the violating assertion but also a strict
superset of assertions that were proven before applying the patch.

3.1 Initial Context

StrTcH first analyzes the violated assertion using a model checker,
which produces a counterexample (CE) trace and a COI in its formal
verification report. We export the trace in VCD format rather than
the proprietary WLF format and convert it to CSV, which is both
more suitable for LLM processing and easier to interpret.

Bug Localization. Using the assertion, the implementation, and
the COI, we ask the LLM to locate the code responsible for the
violation. The prompt exploits the block structure of RTL (e.g.,
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always blocks) and restricts attention to the blocks that drive the
signals in the assertion. In our example from Table 1, this procedure
correctly isolates lines 1-18 out of 732 lines of code. The LLM must
justify its selection, explaining how the selected region relates to
the assertion and the COL This stage outputs selected line ranges,
the corresponding code, and the associated reasoning.

Implementation & Counterexample Analysis. We ask the LLM for
a structured description of the implementation. This helps in later
reasoning to link the violated property and guide the LLM in its
processing of the implementation. To analyze the counterexample
trace, we prompt the LLM to reason about how the counterexam-
ple trace violates the assertion and to identify the specific signal
behaviors involved, (e.g., which signal goes low when it is expected
to remain high). We instruct the LLM to think about the erroneous
behavior in the implementation based on the observed trace. The
LLM reasons about the signal behavior in the counterexample with
respect to the code regions previously identified as potential faulty
locations, explaining how the existing logic permits the violation.

Aggregation. To aggregate the context of the above 3 analy-
ses, we instruct the LLM to cross-verify and reconcile these three
sources of reasoning. This step reduces hallucination and produces
a single, coherent explanation of the violation. We prompt the
LLM to self-validate the analyses aggregation and to redo it. Once
approved, this aggregation represents our initial context.

3.2 Candidate Patch Generation

After establishing the context for patching, we provide the LLM
with the inputs shown in Figure 1b: the latest context (initial or can-
didate), the implementation, the assertion, the COI, and CE(s). Using
this, the LLM proposes a patch that satisfies several constraints: it
must preserve all signal names and interfaces, use only synthesiz-
able SystemVerilog code, and make the assertion provable while
maintaining the design’s functionality. In the iterative case, where
the previous patch fails model checking, we state that the previous
patch is incorrect and forbid superficial rewording or reformatting.
To avoid hallucinations and interface or code inconsistencies, we
supply both the localized code section and the full implementation.
In practice, some LLMs generate a patch limited to the relevant
section, while others output a complete corrected implementation;
our pipeline accepts both forms. After the LLM proposes a patch,
we instruct it to review its own proposed patch and to check if the
violated assertion now holds. We ask it to summarize the changes
and their intended effects. This enables the LLM to learn from prior
attempts without being biased by unnecessary context.

3.3 Candidate Patch context

Given a candidate patch, if the assertion remains unproven, we
construct a new context. We feed the counterexample, the COI, and
the outputs from candidate-patch generation (Section 3.2) to the
LLM, shifting the focus from the original implementation to the
observed failure. Bug-localization information, though not provided
explicitly, is already reflected in the patch summary. We therefore
build the next iteration context by combining output of patch-
generation with the model checker feedback, as described below.
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o Failure Analysis. Concretely, we prompt the LLM to perform
failure reasoning, in which it analyzes why the patch failed,
identifies the specific logic that still permits the property vi-
olation, and compares the new counterexample trace against
the patch to pinpoint the failure location.

o Counterexample Analysis. We use the model checker to gen-
erate a counterexample and COI for the candidate patch. We
prompt the LLM to do counterexample trace analysis.

o Aggregation. We create a compact context by aggregating
the output of above steps for the candidate patch with the
patch summary of the fixes and repair reasoning.

Note that we avoid using all previous candidate patches, either
explicitly or by including individual summaries. However, the in-
formation pertaining to previous failed patches is not all lost; the
summaries and failure analyses maintain awareness of past deci-
sions and help prevent the repetition of ineffective repair strategies.

4 Evaluation

We perform an ablation study on 100 violations to show the impact
of our design choices in StrTcH (Section 4.1). We show the hard-
ware impact of good patches from different LLMs (Section 4.2). We
compare STITCH to ground truth and non-LLM tools (Section 4.3).
Our full evaluation data is available at [53].

Setup. We implement St1TcH in Python using the LangChain
library to interface with LLMs [30]. It accepts assertions in Sys-
temVerilog Assertion (SVA) or Property Specification Language
(PSL) format and the buggy implementation in Verilog or SystemVer-
ilog as input. All STITCH outputs are produced as structured JSON
objects, ensuring consistent formatting and lossless transfer of in-
formation between stages. As intermediate reasoning tends to be
verbose, we carefully constrain and force each step’s output to keep
only essential details, enough to preserve traceability and avoid
hallucination, while preventing context-window overflow. For de-
bugging and analysis, we save intermediate artifacts per violation,
including reasoning, patches, traces, and validation results.

Selecting Implementations. We select the 5 protocols with avail-
able VIPs (Table 3) and evaluate the 11 implementations using
their protocol-specific cocotb [19] testsuites [4, 5, 13, 22, 58] . Each
testsuite exercises core behaviors such as reset, read, and write
transactions. We retain only implementations that pass at least 80%
of tests, focusing on essential functionality (e.g., correct read-back)
while ignoring less critical cases. Of the 15 implementations exam-
ined, 11 meet these criteria and form our evaluation set, we discard
4 implementations [35, 38, 50, 60].

Patchable Violations. We run the assertions from the protocol
VIPs (Column 3 in Table 3) through Questa 2024 a Siemens model
checker [51], and report the number of proven or violated asser-
tions. We report 150 violations (Column 6). After looking into the
assertions, 50 of them involve only input signals which make them
non patchable. Indeed, such assertions are unprovable, as the im-
plementation has no control over its inputs, which are treated as
unconstrained and may take any value during verification. After
filtering, 100 patchable violations remain to evaluate STITCH.
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Table 3: Implementation, assertions, testsuites details along with number of
uncovered violations, patchable cases, and successful StiTcH patches.

Impl. Source VIP Testsuitein% #Ass. #Viol. #Patchab. #Patched.

AL [8) [66] 100 5] 29 16 12 8
AG [41] [66]  80[5] 29 23 19 15
AS [54] [66] 80 [5] 29 14 12 8
AP [45] [66] 90 [5] 29 19 15 9
AF 7 [66] 90 [5] 32 21 16 7
AH  [1] [25] 80[4] 26 18 6 2
P (18] [10] 100 [22] 32 11 4 4
MH  [42] [10] 80 [22] 32 8 3 3
CH [20] [10] 80 [22] 32 6 1 1
WB  [24] [21] 85[58] 17 7 5 2
TL [12] [34] 85[13] 21 7 7 2
Total - - - 308 150 100 61

Language Models. We started with 7 LLMs. Based on our counter-
example experiment (Insight #2), we eliminated 3 LLMs (Qwen2.5 [49],
Llama3.3 [39], and Deepseek-v3 [32]) as that yield 0 good patches.
We retained 4 LLMs that yielded non-zero good patches: GPT-
40 [43], Gemini 2.5 Pro[26], Claude Sonnet 4 [11], and GPT5 [44].

4.1 Generating Patches

We run StITCH on all 100 patchable violations listed in Table 3 using
the 4 LLMs. We classify the produced patch into three categories:
failure, partial success, and success. A patch fails when the assertion
derived from the original implementation is not proven after STITCH
completes its pipeline. If the patch proves the assertion, we run it
through the testsuite. If it fails the same tests as the original, we
mark it as partially successful and show its success rate. When
the patched implementation passes the testsuite, we run it against
the set of assertions. It must prove at least the same assertions as
the original buggy version plus the target violation; otherwise, the
patch is declared a failure.

Ablation Study #1. Impact of Counter-examples. As discussed in
Section 2, for our first experiment we feed the buggy implementa-
tion, the assertion, and the counterexample trace to the LLM and
ask it to emit the patched implementation. We validate each can-
didate patch per our good patch criteria. As shown in Figure 2(a),
we produce 19/100 successful patches across the 4 LLMs, of which
15 are from GPT5. Most of these violations are straightforward to
address such as data clearance, where the patch ensures that data
is cleared once it is no longer valid.

Ablation Study #2. Impact of Initial Context. Figure 2(b) shows the
results after generating the first round of candidate patches, follow-
ing the process outlined in Figure 1. This illustrates the benefit of
providing structured initial context and using our staged pipeline:
out of 100 violations, the LLMs now repair 40. Most successes over-
lap with those in Figure 2(a), but an additional set of violations are
repaired. Several newly repaired properties, such as AGRR, AGWW,
and AGWX, require reasoning over multiple interacting signals,
making bug-localization and counterexample analysis particularly
valuable. We also observe more patches for stability-related vi-
olations in implementations AG and AS, whose logic structures
are relatively simple. Interestingly, although WB is a small module
where localization is straightforward, violation WBD1 was not fixed
by any LLM in Figure 2(a); it is repaired here only after incorporat-
ing counterexample-guided and implementation-aware reasoning,
which revealed the missing acknowledgment condition.
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Ablation Study #3. Impact of More Iterations. Figure 2(c) shows
the outcome after the third iteration, which incorporates three
counterexamples and their accumulated fix summaries. Iteratively
expanding the context improves the repair rate to 58%. While AG
and AS stability violations were fixed earlier, more complex cases
in AF and AP (e.g., APRA, AFWW) only become patchable here.
The three MH violations are also first repaired at this iteration,
as MHAT’s fine-grained temporal requirement on error signaling
requires multiple counterexamples. Some LLMs still fail to produce
a functional patch for this assertion. Finally, Figure 2(d) presents
the outcome after the fifth candidate-patch iteration, which rep-
resents the final performance of STITCH. We get a marginal gain
of 3 additional violation repairs at the fifth iteration, which sup-
ports our decision to stop after 5 iterations. Among the remaining
cases, ALRS stands out: it is an ordering property encoded with
advanced temporal constructs such as eventually. Because ALRS
specifies the entire read-transaction sequence, repairing it requires
big restructuring of the implementation, making it one of the most
challenging assertions to patch.

StITCH Patch Size. We report the number of modified lines across
violations using the 4 LLMs. Figure 2 (left) shows the 61 violations
that at least one LLM was able to patch. We observe that GPT5 con-
sistently repairs a wider range of violations than the other LLMs,
but the patch sizes are larger. In cases such as ALRP and ALWP,
these extensive edits are justified: the original designs lacked any
logic for the protection signals, and since these signals appear in
the interface, STITCH must introduce complete handling, naturally
resulting in bigger patches. For violations repaired by multiple
LLMs, we observe clear differences in patching behavior. Claude
is generally more conservative, producing smaller edits and suc-
ceeding mainly on cases where other LLMs also succeed and the
required modifications are limited. In contrast, GPT5 and Gemini
are able to repair violations whose fixes require more extensive
code changes. When looking into the generated patches, we found
that the LLMs often propose structurally different repairs, which
explains the gap in line-change counts. For the AXI-based imple-
mentation AG, several violations are fixed by all LLMs, but because
the implementation leaves considerable freedom in how to correct
the behavior, the LLMs produce diverse patching strategies.

StrTcH Patch Generation Time. GPT5 is the slowest, taking 4-32
minutes, about 1.35X slower than Gemini (2-24 min) and 2.42x
slower than GPT4 (2.35-7.56 min), while Claude is slightly slower
still (5-42 min) due to longer reasoning chains. As expected, later
iterations increase latency: GPT5 ranges from 9.05-29.02 min, Gem-
ini 3.95-20.45 min, GPT4 2.67-5.35 min, and Claude 11.23-20.63
min, reflecting the added counterexample analysis required for
harder cases such as AGWA. We defer to [53] for detailed data.

Analysis of Unpatched Violations. After running STITCH on the
100 violations for 5 iterations across the 4 LLMs, we obtain 61
successful i.e., good patches. Among the remaining 39, STITCH pro-
duces 15 partial fixes. Stability violations are largely repaired, but
AlL-related patches remain non-functional: although they touch
the correct region and make the assertion provable, they also alter
unrelated logic or overfit to the assertion, causing testsuite failures.
The remaining 24 violations fail entirely. Some assertions, such as
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Table 4: FPGA resource (LUTs,FFs), logic levels, and power overheads (in %)
relative to the original implementation. Missing patches shown as —.

GPT5 Gemini Claude
Viol. LUTs FFs LLs P(W) LUTs FFs LLs P(W) LUTs FFs LLs P(W)
ALRO 6.5 18 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 0.0 0.0
ALDC 34.8 0.0 0.0 0.0 2.2 0.0 -50.0 0.0 2.2 0.0 -50.0 0.0
AGRO 47.7 0.0 0.0 00 -21.6 0.0 0.0 0.0 2.1 24 0.0 0.0
AGRA 12 00 0.0 0.0 0.0  -415 0.0 0.0 - - - -
AGWW  -11.6 6.1 100.0 0.0 - — - - 15.1 24 100.0 0.0
AGR1 12.8 12 0.0 00 -124 0.0 100.0 0.0 - - - -
AGR2 -1.2 12 100.0 00 82 12 100.0 0.0 7.2 0.0 100.0 0.0
AGRS 12.8 0.0 100.0 0.0 35 0.0 0.0 0.0 - - - -
AGW1 14.0 7.3 100.0 0.0 -3.1 8.5 0.0 0.0 0.0 12 100.0 0.0
AGDC 93 00 100.0 0.0 9.3 0.0 100.0 0.0 209 0.0 0.0 0.0
APA1 159 00 -500 500 159 53 0.0 0.0 - - - —
APDC 15.9 0.0 -50.0 50.0 15.9 -5.3 0.0 0.0 - - - -
ASRD -68.2 -742 1000 00 -736  -68.4 0.0 -66.7 - - - -
AFWO 45 00  -50.0 0.0 -09 0.0 500 0.0 - - - —
IPSR 0.0 0.9 0.0 0.0 0.0 0.0 -100.0 0.0 - - - -
MHAT -2.9 0.0  -75.0 0.0 -2.9  -100.0 0.0 0.0 0.0 100.0  -75.0 0.0
MHSR - - - — 0.0 00 -250 0.0 26967.6 328000 750 550
CHER 0.0 -0.1 0.0 0.0 0.0 -0.1 0.0 0.0 0.0 -0.1 0.0 0.0
AHID 0.0 0.0 0.0 0.0 - - - - 0.0 0.0 0.0 0.0
WBD1 37 00 500 143 74 0.0 -50.0 0.0 - - - -
WBEH -14.8 0.0 -50.0 00 -222 0.0 -50.0 143 0.0 0.0 0.0 0.0
TLLE -2.5 0.0 0.0 -2.9 - - - - 2.5 0.0 0.0 -2.9

“«_»

Table 5: Comparison between ground truth and Stitch. : unavailable.

Ground Truth STITCH patch

Impl.

’ GTA LUTs FFs LLs Power (W) ‘ STITCHA LUTs FFs LLs Power (W)
S1.B (+2/-2) 423 1073 1 0.004 (+12/-6) 422 1073 2 0.004
S1R (+1/-1) 423 1073 1 0.004 (+4/-3) 423 1073 3 0.005
S2 (+1/0) 12 19 1 0.001 (+13/-5) 14 46 3 0.001
S3 (+33/-13) 59 105 1 0.002 (+52/-27) 57 103 3 0.002
D8 (+3/-3) 78 61 1 0.002 (+13/-5) - - -
D9 (+2/-2) 15 20 0 0.002 (+4/-4) 15 20 0 0.002
D11 (+7/-3) 31 270 0.002 (+36/-4) 33 27 1 0.002
D12 (+1/-1) 34 54 3 0.002 (+1/-1) 34 54 3 0.002
D13 (+3/-1) 17 18 3 0.001 (+3/0) 18 19 3 0.001

those governing acknowledgment stability, fail across nearly all im-
plementations, suggesting difficulty inherent to the assertion rather
than the design, though the exact cause remains unclear. Other
failed or partial cases stem from ordering properties whose repair
would require major structural changes to the memory subsystem.

4.2 Hardware Impact of Good Patches

While line changes provide a rough indication of patch size, they
do not reflect hardware behavior. Because resource usage is critical,
we synthesize all patched implementations on a VCU118 FPGA [9]
using Vivado [6] and measure LUT, FF, power, and logic-level (LL)
differences. Table 4 reports hardware impact for violations where
at least two of GPT5, Gemini, and Claude produced a successful
patch; GPT4 is omitted due to low effectiveness (Figure 2). Power
differences are generally negligible. A notable exception is MHSR
(Claude), where a small (+5/-1) patch introduces logic clearing a
1024-wide array, causing large hardware overhead. This highlights
that line-change counts alone cannot predict hardware cost and war-
rant synthesis-based evaluation. Aside from this case, LUT/FF/LL
increases remain bounded (max 47.7%, 8.5%, 100%), with averages
of 0.34%, —-3.14%, and 12.7%. Claude tends to add resources, Gemini
often reduces them, and GPTS5 typically leaves utilization nearly
unchanged (1-3%). Reductions also appear in ASRD, where FF and
LUT usage decrease by 68.4% and 66.7% due to logic restructuring.

4.3 Comparison to Prior Work

Ground-truth. To compare against an established ground truth,
we use the open-source testbed of reproducible hardware bugs from
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Figure 2: (Left) Line-change breakdown for all successfully patched violations; darker bars indicate insertions, lighter bars deletions, and X mark missing patches.
(Right) Patch outcomes across ablations: grey = fail, orange = partial (gradient to dark orange = 0 passed testbenches), green = success.

Table 6: Line changes between the original and patched implementations (A
Lines) across SoTA repair tools and StITcH. o marks a patch failure, X a failed
testbench, and numeric line changes indicate a passing testbench.

Impl. A Lines Impl. A Lines

CirFix RTLRepair SRepair Strci CirFix RTLRepair SRepair Strrcn

decoder_w1 X 2 35 2 shift_k1 1 X O 4
decoder w2 O X 38 9 mux_w2 x 2 1 1
counter_w1 1 O O 8 mux_w1 x 9 12 1
counter_k1 5 1 O 3 i2e_wil 1 @] O 5

counter_w2 1 2 o] 13 i2cw2 x O O 1

fsm_s2 x 15 o) O ikl 1 1 O 1

fsm_w2 X 3 O 28 sha3_wl1 1 @] O O
fsm_s1 x 2 O 7 sha3_s1 x 1 O 1

flop_w1 1 0 @) 1 reed_ol x (e} O 1

flop_w2 2 0 O 5 sdram_ w2 O 2 135 1

shift_w1 x 4 O 4 sdram_k2 O 2 140 19
shift_w2 1 0 O 6 sdram_w1 @] @] O

[37], focusing on the on-chip protocol cases in Table 5. For each of
the 9 bugs, we derive an assertion from the diff and testbench traces
between the buggy and patched versions, and supply this assertion
with the buggy implementation to STiTcH using GPT5. Cases where
no reliable assertion could be constructed are excluded. STrTCH
patches 9/9 bugs thus passing corresponding testbenches. Table 5
shows line-change counts and hardware metrics. axis-switch-d8
fails synthesis despite passing the testbench. For the remaining 8
cases, although StiTCH often modifies more lines, hardware impact
remains comparable to or slightly better than ground truth.

Non-LLM Repair. We compare STITCH to SoTA non-LLM repair
tools: RTL-Repair [29], SRepair [33], and CirFix [3]. We use the
CirFix [3] testbed for comparison, as all three tools use it. We repro-
duce RTL-Repair [29] and SRepair [33], but report their published
metrics when available and use SRepair’s artifact to fill in missing
LoC and coverage data. As in the ground-truth experiment, we craft
assertions for each bug and supply them, with the buggy implemen-
tation, to STITCH. STITCH repairs 22/24 benchmarks, and all patches
pass their testbenches; the remaining 2 cases fail to compile in the
model checker, so we cannot evaluate them. STITCH changes more
lines than CirFix or RTL-Repair (but fewer than SRepair, which may
add hundreds of registers), yet for 10/22 benchmarks where at least
one tool succeeds, it produces equal or fewer modifications. Manual
inspection shows that in other cases, STITCH performs the same
logical fix with different verbosity. In terms of correctness, CirFix
fails 9 testbenches, RTL-Repair fails 2, SRepair fails several, whereas
STITCH passes all tests for its patches. Finally, we aim to evaluate
CirFix, RTL-Repair, SRepair on our dataset of 100 violations. Since
these tools require hand-crafted templates and traces we limit the

comparison to 5 violations (AGDC, ASRA, AGRO, IPSR, CHER)
with crafted behavioral traces. None of the tools could patch 2/5
violations (IPSR or CHER). For the remaining 3/5 cases, the patches
failed the testsuites due to unintended logic changes.

5 Related Work

Automated program repair is studied in software engineering. Re-
cent SoKs [27, 31] outline three typical stages: fault localization,
patch generation, and validation via tests or formal specifications.
LLMs outperform classical techniques for software implementa-
tions [62]. Inspired by software engineering, STITCH targets hard-
ware implementations which has its unique challenges.

There are three noteworthy non-LLM based for repairing RTL [3,
29, 33]. All of them use template-driven repair strategies: CirFix
applies genetic programming over mutation templates evaluated
with testbench feedback; SRepair uses symbolic regression to search
expression templates; and RTL-Repair instantiates repair templates
using SMT solving to synthesize locally correct patches. StrTcH,
an LLM-based approach, does not rely on hand-crafted templates,
and outperforms them (Section 4.3).

LLMs can do RTL generation and debugging (e.g., syntax cor-
rection, compatibility with testing frameworks using retrieval aug-
mentation) [40, 48, 55, 56, 59]. LLMs finetuned for hardware design,
along with evolutionary or optimization-driven generation frame-
works, improve RTL synthesis quality, via domain adaptation and
specialized training. Concurrent assertion-driven repair works ei-
ther require training data or causal graphs [17, 64]; bug-driven
works neither use violated specification assertions nor enforce
strong test-suite validation [2, 23, 36, 46, 47]; and syntax error and
UVM-based works address orthogonal problems [28, 57, 63]. STITCH
uses LLMs, but is the first work that patches assertion violations.

6 Conclusion

STITCH uses assertions to automatically generate patches for on-
chip protocol implementations using LLMs. Across 100 real viola-
tions, our counterexample-guided and iterative design yields 61%
good patches that preserving functionality and hardware efficiency.

7 Content Generated by Al

We used ChatGPT and Copilot for editing the text and Latex of this
manuscript, authors inspected all outputs to ensure accuracy.
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