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Abstract
Logic Synthesis compilers play an indispensable role in Field Pro-
grammable Gate Arrays (FPGAs) design, translating Register-Transfer
Level (RTL) designs into gate-level netlists. Defects in logic synthe-
sis compilers may affect the security of final hardware implementa-
tions. Existing methods explored several test case generation and
mutation approaches for logic synthesis testing but are limited by
simple corpora and random strategies. It leads to the redundancy
of test cases and further prevents the exploration of defects in logic
synthesis compilers. To address the problem, we propose RL4HDL, a
new method which uses Reinforcement Learning to guide logic syn-
thesis compiler testing. Specifically, RL4HDL includes three main
components, the Diversity Metamorphic Construction Component
(DMC) and the Reinforcement Learning Control Component (RLC)
and the Differential Testing Component(DTC). To generate diverse
HDL test cases, the DMC applies a series of domain-specific meta-
morphic transformations to a set of seed designs, producing new
test cases that are semantically equivalent to the originals while
exhibiting richer structural patterns. Then, to reduce redundancy
in the generated test cases, the RLC adaptively selects metamorphic
transformations based on a reward of embedding-based structural
diversity. It is realized by a lightweight bandit-style agent that
automatically adjusts the selection probabilities of different trans-
formations so as to avoid repeatedly generating similar test cases.
Finally, to reveal defects in logic synthesis compilers, the DTC
compiles each candidate HDL test case with multiple logic Synthe-
sis compilers and compares the resulting netlists and simulation
traces. If there are any discrepancies between different compilers or
between semantically equivalent test cases compiled by the same
compiler, the DTC reports these cases as candidate compiler defects.
Comprehensive experiments conducted over a three-month period
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demonstrate the practical effectiveness of our method. We discov-
ered 20 unique defects, including 12 previously unreported defects,
which have been confirmed by official developers. Moreover, our
approach has been shown to generate more distinct test cases than
the state-of-the-art method.
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1 Introduction
As highly flexible and programmable integrated circuits, Field-
Programmable Gate Arrays (FPGAs) play a critical role in mod-
ern electronic design automation (EDA) [7, 9, 11, 13, 18, 20]. They
have been widely used in aerospace, electronics, and medical de-
vices [8, 9, 15, 19, 21, 24, 25]. In FPGA design, the logic synthe-
sis compiler is a critical component, and it translates register-
transfer level (RTL) descriptions into optimized hardware imple-
mentations [12, 23, 29]. Defects in logic synthesis compilers can
propagate into the final hardware, leading not only to functional
failures but also to exploitable security vulnerabilities [22]. There-
fore, it is important to ensure the correctness of logic synthesis
compilers.

Several methods have been proposed to test logic synthesis com-
pilers, including Verismith [12], EvoHDL (also referred to as Lego-
HDL) [29], and VERMEI [31]. Specifically, Verismith and EvoHDL
are fuzz-based testing frameworks. Verismith constructs valid HDL
programs by generating abstract syntax trees and reported 11 de-
fects over a two-year period. In contrast, EvoHDL first creates
Simulink models and then translates them to HDL via MATLAB’s
HDL Coder. By leveraging the breadth of the Simulink block li-
brary, it can produce more structurally complex test cases than
Verismith [29]. However, such fuzzing-based methods inherit the
randomness of fuzz testing, which leads to redundant and highly
similar test cases. To diversify the logical complexity of generated
test cases, VERMEI introduces a mutation-based approach. By iden-
tifying and pruning non-executing code in HDL test cases, VERMEI
generates equivalent variants and compares the synthesis results to
detect defects [31]. However, VERMEI focuses mainly on inserting
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and manipulating such non-executing code but neglects the execut-
ing code in HDL test cases. Furthermore, because its mutations are
still random, VERMEI can generate many similar variants, leading
to redundancy in the test cases. Therefore, to improve the capability
and efficiency of logic synthesis testing, it is crucial to reduce such
redundancy and increase the structural complexity of test cases.

We propose RL4HDL, a novel method utilizing Reinforcement
Learning (RL) to reduce the redundancy and improve the com-
plexity of test cases for logic synthesis compiler testing. Specifi-
cally, RL4HDL consists of three main components, the Diversity
Metamorphic Construction (DMC) component, the Reinforcement
Learning Control (RLC) component, and the Differential Testing
Component (DTC). Due to the rich Simulink block library which
can capture a wide range of realistic design patterns [29], RL4HDL
chooses to build test cases from converting Simulink models to HDL
code rather than directly from HDL fuzzing corpus. The Diversity
Metamorphic Construction (DMC) component first uses a Simulink
model generator to construct a set of valid seed models. For each
seed model, DMC applies a series of domain-specific metamorphic
transformations that preserve the original program semantics. Then
DMC invokes MATLAB HDL Coder to translate both the original
and transformed model into HDL implementations. We refer to the
HDL programs obtained from these transformations as mutants. By
working in this way, DMC can produce numerous HDL mutants
that remain semantically equivalent to their seed while exhibiting
more complex structural patterns than those in existing fuzzing
corpus. On top of DMC, the RLC component guides the choice
of metamorphic transformations and reduces redundancy in the
generated test cases. It uses a lightweight bandit-style scheduler
that adapts the selection of seed models and transformations based
on feedback about bug novelty and structural diversity. Concretely,
an embedding model is used to analyze the generated test cases
and quantify how different each mutant is from previously gener-
ated tests form the reward signal for the scheduler. Through this
way, RLC can effectively guides the test case generation process
toward structurally diverse mutants while avoiding repeatedly pro-
ducing highly similar test cases. Finally, the DTC checks whether
the generated mutants actually reveal compiler defects. It compiles
each original test case and its mutants with multiple logic synthesis
compilers, compares the resulting netlists and simulation traces. If
it observes any discrepancies either between different compilers or
between semantically equivalent test cases compiled by the same
compiler, DTC reports these cases as candidate compiler defects.

Over a three-month testing period, our method identified 20
unique defects, among which 12 were previously undiscovered.
All reported defects were confirmed by the official developers of
the respective FPGA logic synthesis compilers. Our embedding
evaluation also shows that RL4HDL produces more structurally
distinct and less redundant test cases than a state-of-the-art fuzzing-
based baseline. The main contributions of our work are as follows:
(1) We propose RL4HDL, a novel testing method for FPGA logic

synthesis compilers. By introducing a Reinforcement-Learning
Control (RLC) component, RL4HDL can generate structurally
diverse test cases while reducing redundancy in the generated
tests.

(2) We conduct extensive experiments to evaluate the effectiveness
of RL4HDL in both HDL test generation and defect detection.
And over a three-month period, RL4HDL discovered 20 unique
defects, 12of which were previously unknown.

(3) To support reproducibility and further research, we release our
implementation as an open-source tool on GitHub [5].

2 Related Work
2.1 Defect Detection in Logic Synthesis Tools
Recent testing methods for logic synthesis compilers can be roughly
divided into two categories: fuzz-based and mutation-based. Fuzz-
based methods include VlogHammer [1], Verismith [12], and Evo-
HDL [29]. These approaches aim to generate valid and diverse test
cases to exercise logic synthesis compilers. VlogHammer and Veri-
smith directly produce Verilog programs. Compared with the purely
random generation in VlogHammer, Verismith first constructs Ab-
stract Syntax Trees (ASTs) and then generates syntactically valid
Verilog test cases from the ASTs. However, the relatively simple
code corpora used by VlogHammer and Verismith limit the struc-
tural diversity of their tests and make it difficult to thoroughly
stress logic synthesis compilers. To address this, EvoHDL generates
Simulink models instead of Verilog code directly, leveraging the
rich Simulink block library as a more diverse corpus, and then uses
MATLAB HDL Coder to translate the models into HDL test cases.
Compared with VlogHammer and Verismith, EvoHDL can generate
more diverse test cases and support multiple HDLs (VHDL, Verilog,
and SystemVerilog). Experiments show that EvoHDL is more effec-
tive than Verismith, it detected 16 defects in three months, whereas
Verismith reported 11 defects over two years.

For mutation-based methods, VERMEI has been proposed to
generate more complex test cases for logic synthesis compiler test-
ing [31]. VERMEI introduces several mutation strategies, such as
identifying and deleting non-executing code. However, these oper-
ations mainly increase the syntactic diversity of test cases and can
not improve the logical diversity of the executing code. Moreover,
cause the mutations are still applied in a random manner, VERMEI
may generate many similar variants of the same seed, leading to
redundant test cases. Therefore, designing mutation strategies that
can systematically enhance the functional and timing diversity of
test cases while avoiding such redundancy remains a challenge in
logic synthesis testing.

3 Framework Of RL4HDL
In this section, we first present an overview of the framework of
RL4HDL. We then explain the Diversity Metamorphic Construction
(DMC) Component, the Reinforcement-Learning Control (RLC)
Component, and the Differential Testing Component (DTC).

3.1 Overview
The framework of RL4HDL is illustrated in Figure 1. RL4HDL starts
from a set of Simulink models, referred to as seed Simulink mod-
els. The DMC first analyzes each seed Simulink model and identi-
fies potential transformation regions, following similar procedures
to prior work [10, 17]. Then the DMC introduces specific meta-
morphic transformations, including MUX Intensive Transforma-
tion, Arithmetic Path Extension, Control-Fanout Restructuring, and
Hierarchical-Sharing Reorganization, into the identified transfor-
mation regions. The choice of which transformation to apply at
each region is governed by a policy distribution over these strate-
gies, which is provided and continuously updated by the RLC based
on feedback from previous tests. After applying the metamorphic
transformations, DMC generates new Simulink models, which we
call mutant Simulink models. DMC then uses MATLAB HDL Coder
to translate both the seed Simulink models and the mutant Simulink
models into HDL programs. We refer to the HDL generated from
seed models as seed HDL test case, and the HDL generated from
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Figure 1: The framework and Basic Component of RL4HDL.

mutant models as mutant HDL test case. The RLC sits on top of
DMC and adaptively adjusts the policy distribution based on a di-
versity reward. Specifically, we use a code embedding model to map
each mutant HDL test case to a vector in an embedding space and
compute distance to previously generated mutant HDL test cases.
The distance is used as a diversity score. RLC takes this diversity
score as the reward and updates the policy distribution, which can
prevent RL4HDL from producing large numbers of redundant and
similar test cases. Finally, the DTC synthesizes both the seed HDL
test cases and the mutant HDL test cases with multiple logic syn-
thesis compilers and simulates the resulting netlists. By comparing
the netlists and simulation traces, the DTC detects discrepancies
and reports the corresponding cases as candidate defects.

3.2 Diversity Metamorphic Construction
To generate diverse Simulink models and finally obtain diverse HDL
test cases, DMC introduces four specific metamorphic transforma-
tions, MUX Intensive Transformation, Arithmetic Path Extension,
Control Fanout Restructuring, and Hierarchical Sharing Reorgani-
zation. Before applying these metamorphic transformations, DMC
first identifies potential transformation areas in each seed Simulink
model and collects model information in these areas, including
the involved blocks, signals, and state variables as well as their
data types and connectivity, following similar procedures to prior
work [10, 17]. This information is later used to check the applicabil-
ity of each transformation and to ensure that the transformedmodel
remains semantically equivalent to the original one. Based on the
collected local information, DMC checks which transformations
are applicable at each potential transformation area.

We design four classes of metamorphic transformations that pre-
serve the functional semantics of the seed simulink models while
changing its structure, MUX Intensive Transformation (MIT), Arith-
metic Path Extension (APE), Control Fanout Restructuring (CFR),
and Hierarchical Sharing Reorganization (HSR). In the following,
we briefly describe each transformation and explain how it can
increase diversity in the generated tests and thereby help expose
defects in logic synthesis compilers.

MUX Intensive Transformation. Given a Simulink model 𝑆 =

(𝐵, 𝐸), where 𝐵 is the set of blocks and 𝐸 is the set of signal con-
nections, RL4HDL considers a combinational region 𝑅 ⊆ 𝐵 whose
outputs are a set of signals 𝑌 = {𝑦1, . . . , 𝑦𝑚}. For each 𝑦 ∈ 𝑌 , the
semantics of 𝑅 induces a function

𝑦 = 𝑓𝑦 (𝑥1, . . . , 𝑥𝑛),

where 𝑥1, . . . , 𝑥𝑛 are the input signals of this region (coming from
blocks outside 𝑅).

The MUX Intensive Transformation (MIT) constructs an equiva-
lent implementation of 𝑅 that contains additional multiplexer logic
but preserves the original input–output behavior. Formally, for each
output𝑦 ∈ 𝑌 RL4HDL generates two expressions 𝑒 (1)𝑦 and 𝑒 (2)𝑦 such
that

∀(𝑥1, . . . , 𝑥𝑛). 𝑒
(1)
𝑦 (𝑥1, . . . , 𝑥𝑛) = 𝑒 (2)𝑦 (𝑥1, . . . , 𝑥𝑛) = 𝑓𝑦 (𝑥1, . . . , 𝑥𝑛) .

In practice, 𝑒 (1)𝑦 and 𝑒 (2)𝑦 are obtained by applying semantics-preserving
rewrites to the original computation of𝑦, such as inserting and then
canceling arithmetic operations (e.g., “+𝑘” followed by “−𝑘”), dupli-
cating parts of the computation, or introducing identity Boolean
operations. These rewrites change the block structure but not the
functional result.

MIT then replaces the original computation of 𝑦 by a 2-to-1
multiplexer:

𝑦 = MUX(𝑐𝑦, 𝑒 (1)𝑦 (𝑥1, . . . , 𝑥𝑛), 𝑒 (2)𝑦 (𝑥1, . . . , 𝑥𝑛)),
where 𝑐𝑦 is a fresh Boolean control signal that does not affect
the functional result, because both MUX inputs are guaranteed
to be equal for all reachable inputs. For every input valuation of
(𝑥1, . . . , 𝑥𝑛), the transformed region still computes the same outputs
𝑌 . After HDL code generation, it can generate mutant HDL test
cases containing more multiplexer logic and deeper MUX trees,
which can help expose defects in logic synthesis compilers that are
sensitive to complex MUX networks.

Arithmetic Path Extension. Given a Simulink model 𝑆 and an
arithmetic computation path that computes an output signal

𝑧 = 𝑓 (𝑥1, . . . , 𝑥𝑛)
using a sequence of add, subtract, multiply, shift, or bitwise-logic
blocks, APE rewrites this path by inserting semantically neutral
arithmetic operations. Concretely, APE constructs an expression 𝑔
such that

∀(𝑥1, . . . , 𝑥𝑛) . 𝑔(𝑥1, . . . , 𝑥𝑛) = 𝑓 (𝑥1, . . . , 𝑥𝑛),
by adding and then canceling the same constant, applying a shift
and its inverse, or applying the same XOR with a constant twice,
while respecting the data type range to avoid overflow. For example,
APE may replace

𝑧 = 𝑓 (𝑥1, . . . , 𝑥𝑛)
by

𝑧 =
(
𝑓 (𝑥1, . . . , 𝑥𝑛) + 𝑘

)
− 𝑘

for an appropriate constant 𝑘 , or insert a longer chain of inter-
mediate arithmetic blocks that ultimately computes the same 𝑧.
For every input valuation, the transformed path still produces the
same output value, so the model remains semantically equivalent.
After HDL code generation, however, the corresponding logic cones
become deeper and the arithmetic networks more complex, which
increases structural diversity and can help expose defects in logic
synthesis compilers related to arithmetic simplification, constant
propagation, and timing-driven optimization.

Control Fanout Restructuring. Given a Simulink model 𝑆 =

(𝐵, 𝐸) and a Boolean control signal 𝑐 that guards a set of conditional
blocks 𝐵𝑐 = {𝑏1, . . . , 𝑏𝑘 } ⊆ 𝐵, CFR rewrites the control network
around 𝑐 while preserving its semantics. CFR constructs a set of
derived control signals

𝐶′ = {𝑐′1, . . . , 𝑐
′
𝑘
}
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such that for all input valuations 𝜎 ,

∀𝑖 ∈ {1, . . . , 𝑘}. 𝑐′𝑖 (𝜎) = 𝑐 (𝜎) .
Each 𝑐′

𝑖
is obtained from 𝑐 by applying simple Boolean identities,

possibly together with additional local signals 𝑑 that cancel out, for
example

𝑐′1 = 𝑐 ∧ 1, 𝑐′2 = 𝑐 ∨ 0, 𝑐′3 = (𝑐 ∧ 𝑑) ∨ (𝑐 ∧ ¬𝑑),
all of which evaluate to 𝑐 for any 𝜎 . CFR then rewires the guarded
blocks so that𝑏𝑖 is controlled by 𝑐′𝑖 instead of 𝑐 , and may insert extra
AND/OR blocks so that 𝑐 first fans out through several intermediate
signals and then reconverges.

Because each 𝑐′
𝑖
is logically equivalent to 𝑐 , the activation condi-

tion of every 𝑏𝑖 ∈ 𝐵𝑐 is unchanged for all inputs, and the overall
model remains semantically equivalent. After HDL code generation,
however, the synthesized design contains more complex control
networks with higher fanout and additional reconvergence points,
which increases the structural diversity of the test cases.

Hierarchical Sharing Reorganization. Hierarchical-Sharing Re-
organization (HSR) operates at the subsystem (hierarchy) level.
Consider a Simulinkmodel 𝑆 with two subsystems 𝐹1 and 𝐹2 that im-
plement identical or structurally similar computations over inputs
u = (𝑢1, . . . , 𝑢𝑚) and produce outputs v = (𝑣1, . . . , 𝑣ℓ ). RL4HDL
write their semantics as

𝐹1 : u ↦→ v1, 𝐹2 : u ↦→ v2,

and assume that for all input valuations u,

v1 (u) = v2 (u),
i.e., 𝐹1 and 𝐹2 are functionally equivalent with the same interface.

HSR performs factoring of shared computation. Suppose 𝐹1 and
𝐹2 each contain an isomorphic subgraph of blocks 𝐺1 and 𝐺2 that
implement a common subfunction

𝑔 : u′ ↦→ w

over some subset of inputs u′ and intermediate outputs w. HSR
creates a new subsystem𝐺 that implements 𝑔 once, removes𝐺1 and
𝐺2 from 𝐹1 and 𝐹2, and inserts calls to 𝐺 with the same inputs u′
and outputs w as in the original connections. The external inputs
and outputs of 𝐹1 and 𝐹2 are kept unchanged.

Because 𝐺 computes the same subfunction 𝑔 and the wiring
of the top-level inputs and outputs of 𝐹1 and 𝐹2 is preserved, the
overall input–output behavior of 𝑆 remains unchanged for every
input valuation. After HDL code generation, however, the resulting
design has a different module hierarchy and shared-subsystem
structure, which increases the variety of hierarchical and sharing
patterns seen by the synthesis tools and can help expose defects in
logic synthesis compilers related to hierarchy flattening, module
inlining, and cross-module resource sharing.

3.3 Reinforcement-Learning Control
The process of RLC is shown in Algorithm 1. RLC takes as input
the total number of rounds 𝑇 , the learning rate 𝜂, the baseline
update factor 𝛽 , and the number of neighbors 𝐾nn used in the
KNN-based diversity reward (header of Algorithm 1). It maintains a
preference value ℎ𝑎 (𝑡) and the corresponding probability 𝑝𝑎 (𝑡) for
each metamorphic strategy 𝑎 ∈ {1, . . . , 4}, together with a reward
baseline 𝑟 and an embedding corpusZ.

RLC first initializes the preferences and initial strategy probabil-
ities (line 1) and sets the baseline and embedding corpus to zero
and empty, respectively (line 2). It then iterates over testing rounds

Algorithm 1: RLC with KNN-based Diversity Reward
Input: rounds𝑇 , learning rate 𝜂, baseline step 𝛽 , neighbors 𝐾nn
Output: strategy distributions p(𝑡 ) , 𝑡 = 1, . . . ,𝑇

1 initialize ℎ𝑎 (1) ← 0, 𝑝𝑎 (1) ← 1
4 for all 𝑎 ∈ {1, . . . , 4}

2 𝑟 ← 0, Z ← ∅
3 for 𝑡 ← 1 to𝑇 do

4 𝑝𝑎 (𝑡 ) ←
exp(ℎ𝑎 (𝑡 ) )∑4

𝑏=1 exp(ℎ𝑏 (𝑡 ) )
for all 𝑎

5 (z𝑡 , 𝑛1 (𝑡 ), . . . , 𝑛4 (𝑡 ) ) ← DMC(p(𝑡 ) )
6 if |Z | = 0 then
7 𝑟𝑡 ← 0
8 else
9 N𝑡 ← KNN(z𝑡 ,Z, 𝐾nn )

10 𝑟𝑡 ←
1
|N𝑡 |

∑
z𝑖 ∈N𝑡 dist(z𝑡 , z𝑖 )

11 Z ← Z ∪ {z𝑡 }
12 𝑟 ← (1 − 𝛽 )𝑟 + 𝛽𝑟𝑡
13 𝑀𝑡 ←

∑4
𝑎=1 𝑛𝑎 (𝑡 )

14 if 𝑀𝑡 > 0 then
15 for 𝑎 ← 1 to 4 do

16 𝑤𝑎 (𝑡 ) ←
𝑛𝑎 (𝑡 )
𝑀𝑡

17 ℎ𝑎 (𝑡 + 1) ← ℎ𝑎 (𝑡 ) + 𝜂 𝑤𝑎 (𝑡 ) (𝑟𝑡 − 𝑟 )

18 else
19 ℎ𝑎 (𝑡 + 1) ← ℎ𝑎 (𝑡 ) for all 𝑎

20 𝑝𝑎 (𝑡 + 1) ← exp(ℎ𝑎 (𝑡 + 1) )∑4
𝑏=1 exp(ℎ𝑏 (𝑡 + 1) )

for all 𝑎

21 return {p(𝑡 ) }𝑇
𝑡=1

𝑡 = 1, . . . ,𝑇 (line 3). At the beginning of each round, the current
strategy distribution p(𝑡) is computed from the preferences ℎ𝑎 (𝑡)
using a softmax (line 4). This distribution is passed to the DMC
component, abstracted as DMC(p(𝑡)), which generates a new mu-
tant HDL test case and returns its embedding vector z𝑡 together
with the usage counts 𝑛𝑎 (𝑡) of each strategy in this round (line 5).

Next, RLC computes a diversity-based reward 𝑟𝑡 from z𝑡 . If no
history is available (|Z| = 0), it sets 𝑟𝑡 = 0 (lines 6–7). Otherwise, it
finds the 𝐾nn nearest neighborsN𝑡 of z𝑡 inZ and defines 𝑟𝑡 as the
average distance from z𝑡 to these neighbors (lines 8–10). The new
embedding z𝑡 is inserted intoZ and the reward baseline 𝑟 is updated
using an exponential moving average with factor 𝛽 (lines 11–12).
RLC then updates the strategy preferences according to how much
each strategy participated in this round. It first computes the total
number of applied transformations 𝑀𝑡 =

∑4
𝑎=1 𝑛𝑎 (𝑡) (line 13). If

𝑀𝑡 > 0, it derives the participation weight 𝑤𝑎 (𝑡) = 𝑛𝑎 (𝑡)/𝑀𝑡 for
each strategy and updates

ℎ𝑎 (𝑡 + 1) = ℎ𝑎 (𝑡) + 𝜂 𝑤𝑎 (𝑡) (𝑟𝑡 − 𝑟 ),
(lines 14–17); otherwise, it keeps ℎ𝑎 unchanged (lines 18–19). Fi-
nally, the strategy distribution for the next round, p(𝑡 +1), is recom-
puted from ℎ𝑎 (𝑡 + 1) via softmax (line 20). In this way, strategies
that more frequently contribute to mutants with high diversity
rewards gradually obtain higher preferences and probabilities in
p(𝑡), guiding DMC toward generating more diverse test cases.

3.4 Differential Testing
The DTC checks whether logic synthesis compilers preserve the se-
mantics of the seed and mutant HDL test cases. For each seed HDL
test case and its mutants, DTC runs several mainstream synthesis
tools (Yosys [28], Vivado [4], and Quartus [3]) to obtain gate-level
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netlists, and then simulates these netlists under the same input
stimuli (generated by HDL Coder [29]) using a common HDL simu-
lator (Icarus Verilog [2]). DTC first compares the simulation traces
produced by different compilers for the same HDL test case; any
cross-compiler inconsistency indicates that at least one compiler is
incorrect. It then compares, for each compiler, the traces of a seed
HDL test case and its semantically equivalent mutant HDL test
cases; any mismatch suggests that the compiler does not preserve
equivalence under the applied transformations. Whenever such
discrepancies are detected, DTC records the corresponding test
case and compiler as a candidate logic synthesis defect.

4 Evaluation
In this section, three experiments are conducted to evaluate the
effectiveness of RL4HDL. Specifically, our evaluation aims at an-
swering the following Research Questions (RQs).

(1) How effective is RL4HDL compared with SOTA methods?
(2) Can RL4HDL detect new logic synthesis compiler defects?
(3) How effective is RLC in defect detection, and what is its cost?

4.1 Evaluation Setup and Settings
RL4HDL is implemented in MATLAB, and the source code and
experimental data are available on GitHub [5]. All experiments
are conducted on a machine running Ubuntu 22.04 (64-bit) with
an Intel Core i9 CPU at 2.10GHz and 120GB RAM. For the logic
synthesis compilers under test (LSCUT), we use Yosys 0.58+132
(git sha1 12cb8e951, g++ 11.4.0-1ubuntu1~22.04.2, -fPIC -O3),
Vivado 2024.2, and Quartus 24.2, which are the latest versions avail-
able during our testing period. We use Icarus Verilog 11.0 (stable) as
the HDL simulator to run all generated netlists under a common set
of input stimuli. For the parameters in our method in Algorithm 1,
following the prior work and our preliminary tuning, we fix the
number of neighbours to 𝐾nn = 5 for stable behavior [14, 16, 30].
Then we fix 𝛽 = 0.05 to reduce variance without introducing bias,
because it is standard practice in policy-gradient methods [6, 27, 32].
And for code embedding, we use the pre-trained code encoderwhich
is CodeT5 to obtain vector representations of programs [26]. Fol-
lowing prior work on compiler testing [10, 12, 17, 29], we treat two
candidate logic synthesis defects as the same defect if they trigger
identical error messages and stack traces, or if they are confirmed
by the tool developers to be the same reason. All defects reported
in this paper are unique.

4.2 Answer to RQ1
To compare the effectiveness of RL4HDL against state-of-the-art
methods, we faithfully reproduce the latest logic synthesis testing
frameworks and follow their recommended settings. In particular,
we configure the generators so that the produced HDL test cases
contain about 700–1000 lines of code, as suggested in the original
papers [12, 29, 31]. We run each method, including RL4HDL and
the baselines, under the same testing budget of 200 CPU hours. We
focus on two aspects.

(1) the number of unique defects uncovered in the logic synthesis
compilers.

(2) the diversity of the generated HDL test cases.

To quantify structural diversity, we embed all generated HDL
test cases into a vector space using our code embedding model,
and for each test we compute its distance to the closest previously
generated test. We then use the average nearest-neighbor distance

Table 1: Defects detected by SOTA methods and RL4HDL
within 200 CPU hours.

Method Vivado Yosys Quartus Icarus Verilog

VERMEI [31] 1 1 0 0
Verismith [12] 2 0 0 0
EvoHDL [29] 2 1 1 0
RL4HDL 2 3 1 1
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Figure 2: Evolution of test case diversity (𝐷NN) over 200 CPU
hours.

𝐷NN as our diversity metric: a larger 𝐷NN indicates that new tests
are less clustered around existing ones and therefore less redundant.

For defect detection, as shown in Table 1, RL4HDL detects 2
unique defects in Vivado, matching EvoHDL and Verismith, while
VERMEI finds only 1. On Yosys, RL4HDL finds 3 defects, whereas
the baselines detect at most 1. For Quartus, RL4HDL and EvoHDL
each uncover 1 defect and the other methods find none. On Icarus
Verilog, only RL4HDL discovers a defect, caused by an implicit
sensitivity list for an always_* construct that leads to a compiler
crash; none of the baseline methods expose this issue, and we will
describe this bug in more detail in the next subsection.

For the diversity of the generated HDL test cases, as shown in
Figure 2, the average nearest-neighbor distance 𝐷NN of the three
baselines increases only slightly at the beginning and then quickly
saturates at relatively low values. VERMEI and Verismith converge
to the lowest 𝐷NN, indicating that their later tests are strongly
clustered around previously generated ones and therefore highly
redundant, while EvoHDL maintains only a moderate diversity
level. In contrast, the 𝐷NN of our method keeps rising during the
first 60 CPU hours and then stays at the highest level throughout
the remaining time, showing that our RLC component effectively
drives the metamorphic transformations to explore new regions of
the test space instead of repeatedly producing similar HDL tests.

4.3 Answer to RQ2
To evaluate the effectiveness of RL4HDL in discovering new logic
synthesis compiler defects, we ran our tool continuously for a
three-month testing period from October 2024 to January 2025. As
summarized in Table 2, RL4HDL exposed 20 unique defects in total,
12 of which were previously unknown. We classify each defect into
two categories: Miscompilation (M) and Crash (C). A Miscompi-
lation (M) defect means that the logic synthesis compiler finishes
normally but produces an incorrect netlist, which manifests as a re-
producible discrepancy in the simulation results. A Crash (C) defect
means that the compiler terminates abnormally when processing
the test case, for example with an internal error, assertion failure, or
segmentation fault. We present two illustrative examples to explain
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the defects found by RL4HDL and to illustrate why RL4HDL is able
to uncover new defects.
1 - always_latch begin
2 - if (clkin_data[64])
3 - celloutsig_1_10z = 22'h000000;
4 - else if (clkin_data[32])
5 - celloutsig_1_10z = in_data[190:169];
6 - end
7 - always_latch begin
8 - if (!celloutsig_1_18z)
9 - celloutsig_0_5z = 6'h00;

10 - else if (!clkin_data[0])
11 - celloutsig_0_5z = in_data[18:13];
12 - end

Listing 1: Example of metamorphic strategies in Logic
Operation Optimization

The first defect is a crash defect detected in Iverilog#1286. As
shown in listing 1, the bug occurs because when a bit/part select is
found in the implicit sensitivity list for an always_* construct, it is
replaced by the entire variable. If there is more than one bit/part
select from the same variable, it gets added to the list multiple times,
eventually cause crash. The defect is hard for previous methods to
expose because their generators rarely produce always_* blocks
with several correlated bit/part selects from the same vector; even
if such constructs appear, they are not systematically reinforced,
so the probability of hitting the exact pattern is extremely low. In
contrast, RL4HDL’s metamorphic transformations (Control-Fanout
Restructuring) naturally introduce multiple slices of the same bus
signal into the control logic while preserving semantics, and the
RLC keeps such structurally distinct patterns in the test distribution,
making this crash much more likely to be triggered.

The second defect is a miscompilation detected in Yosys. As
shown in Listing 2, the original RTL computes out_data by
first assembling a temporary vector shift_vec from data_low,
flag_bit, and data_mid, and then shifting it by shift_amt.
In the optimized netlist, Yosys rewrites this pattern into a sin-
gle concatenation-and-shift expression, but incorrectly replaces
data_low with the constant 7’h00. This faulty constant propa-
gation changes the result whenever data_low is non-zero, so the
synthesized netlist is no longer equivalent to the original RTL.
1 - assign out_data = shift_vec ≪ shift_amt;
2 - assign shift_vec[6:0] = data_low;
3 - assign shift_vec[7] = flag_bit;
4 - assign shift_vec[9:8] = data_mid[1:0];
5 - assign shift_amt = ctrl_bus[17:8];
6 + assign out_data = { data_mid[1:0], flag_bit, 7'h00 } ≪

ctrl_bus[17:8];

Listing 2: Example of metamorphic strategies in Logic
Operation Optimization

This pattern is also hard for previous methods to expose. Their
random generators seldom produce long arithmetic data paths that
combine concatenation, bit-slicing, and shifts on shared signals.
Even when such structures appear by chance, they are not system-
atically preserved or emphasized in later tests, so the probability
of triggering this bug remains low. In contrast, RL4HDL’s Arith-
metic Path Extension transformation explicitly constructs this kind
of shift-and-concatenation network while preserving semantics,
and the RLC keeps these structurally distinct mutants in the test
distribution, making the miscompilation more likely to be revealed.

4.4 Answer to RQ3
To isolate the impact of the Reinforcement-Learning Control (RLC)
component, we compare RL4HDLwith its variant RL4HDL-uniform,
in which the four metamorphic strategies are always selected with

Table 2: Defects found by RL4HDL in an evaluation period
of three months.

# Summary Type Fb LSCUT

1 HARTNlUtil::isCarryInst error C K Vivado
2 NNetC::singleDriver error C K Vivado
3 HARTGLAddGen::regenerate error C K Vivado
4 NPinC::parentModule error C K Vivado
5 DFPin::disconnect error C K Vivado
6 HARTTUpdateTNInstC::Cell error C K Vivado
7 HARTXmsgWriter::Print error C K Vivado
8 dot::openFile error C K Vivado
9 GXorGen::bestSoln error C N Vivado
10 ConstProp::reconnect error C N Vivado
11 PrioMuxInfo::setPinArray error C N Vivado
12 ConstProp::propagate error C N Vivado
13 DFNode::calcConstantBinaryInt error M N Vivado
14 HARTOptMux::createPartition error M N Vivado
15 NDup::dupGlobalNames error M N Vivado
16 NTargetLibC::findCell error M N Vivado
17 NBaseModC::realModule error M N Vivado
18 Sign extension of zero-width M N Yosys
19 Translation Defect on latch block with incorrect assign value M N Yosys
20 Assertion failure when using always_latch with constant bit selects C N Iverilog

Fb = Feedback from official developers of LSCUT (N = new bug, K = known bug);
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Table 3: Effectiveness and cost of RLC within 200 CPU hours.

Method HDL tests Defects Time(s)

RL4HDL-uniform 61890↑ 2 ↓ 11.6335↑
RL4HDL (RLC) 57330↓ 3↑ 12.55↓

a fixed uniform distribution (i.e., the bandit update in Algorithm 1 is
disabled). Both variants share the same DMC and DTC components
and are run under the same testing budget of 200 CPU hours.

As shown in Figure 3, enabling RLC increases the structural
diversity of the generated HDL test cases. Moreover, RLC does
not degrade defect detection efficiency, so the additional runtime
overhead it introduces is negligible in practice.

5 Conclusions and Future Work
In this paper, we presented RL4HDL, a reinforcement-learning
guided testing framework for FPGA logic synthesis compilers that
combines metamorphic HDL generation, diversity-aware bandit
control, and differential testing. Our experiments show that RL4HDL
generates more diverse HDL test cases and uncovers more unique
defects than existing fuzzing and mutation based methods. In future
work, we plan to extend RL4HDL to more logic synthesis compilers,
explore stronger code representations and RL policies.
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