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Abstract

Recent studies have proposed reinforcement learning with verifiable re-
wards (RLVR) methods that enable LLMs to generate high-quality RTL
circuits from natural-language specifications. Existing approaches opti-
mize circuit PPA (Power, Performance, Area) by aggregating multiple ob-
jectives into a single scalar reward, making it difficult to simultaneously
generate diverse Pareto-optimal solutions across different trade-offs such
as low power, low latency, and small area. However, in practical design,
the relative importance of each objective varies depending on product re-
quirements and design constraints; thus, obtaining a diverse and high-
quality candidate set is beneficial in that designers can choose a preferred
trade-off a posteriori. In this work, we are the first to propose a learning
method for LLM-based circuit generation that optimizes, not the quality
of a single circuit, but the quality and diversity of the entire circuit set
obtained through multiple generations in the PPA objective space. The
proposed method consists of (1) a generation-based training pipeline that
reformulates coverage improvement of the entire Pareto solution set into a
sequential circuit generation problem, and (2) a reward function based on
Hypervolume Contribution (HVC) that measures how much a generated
circuit contributes to the Pareto front. Evaluation on the RTLLM v2 bench-
mark shows that the proposed method achieves +13.3 percentage points in
relative Hypervolume over a baseline without PPA optimization and +14.4
percentage points over a single-objective reinforcement learning method,
while also demonstrating superiority in circuit diversity.

1 Introduction

Recently, reinforcement learning with verifiable rewards (RLVR), such as GRPO, has
emerged (Shao et al., 2024), and the performance of LLMs on problems requiring reason-
ing capabilities has improved dramatically. Led by OpenAl’s ol and 03 (OpenAl, 2024;
2025) and DeepSeek-R1 (Guo et al., 2025), subsequent models have been continuously re-
leased (Yang et al., [2025; [Ettinger et al., 2025). RLVR enables the acquisition of advanced
logical reasoning capabilities in tasks where the quality of answers can be automatically
verified, such as mathematics, programming, and question answering.

This paradigm has also been applied to electronic design automation (EDA), particularly
to the NL-Code task of generating hardware description languages (HDLs) such as Ver-
ilog (Flake et al., 2020) from natural-language specifications. |[Zhu et al.|[(2026); Wang et al.
(2026) automatically verify whether a generated circuit conforms to its natural-language
specification using behavioral simulators such as Icarus Verilog (Williams & Baxter, [2002),
and improve specification compliance by learning with binary verification results as re-
wards. (Chen et al|(2025); [Hsiao et al| (2025) additionally estimate the PPA (Power, Per-
formance, Area) of generated circuits using downstream circuit evaluation tools such as
OpenROAD (Ajayi et al)} 2019), aggregate PPA into a single scalar reward via multiplica-
tive or weighted-sum scalarization, and perform reinforcement learning. This enables gen-
erating not only specification-compliant but also higher-performance circuits.
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However, these existing studies optimize the generation quality of a single circuit under
the scalarization function used during training. That is, trained models do not explicitly
learn to obtain a solution set spanning different trade-offs such as low power, low latency,
and small area. On the other hand, in circuit design, the relative importance of objectives
such as power, delay, and area varies depending on product requirements and design con-
straints, and trade-offs frequently arise among these objectives. Therefore, obtaining a di-
verse set of Pareto-optimal candidates is beneficial because it allows designers to choose a
preferred candidate a posteriori according to the desired trade-off (Dobes et al.,[2013;|Visan
et al., 2022; |Liu & Carloni, 2013). Furthermore, diverse and high-quality circuit candidates
may be usetul for generating promising parent individuals in search methods that combine
LLM-based generation with evolutionary algorithms, such as AlphaEvolve (Novikov et al.,
2025). (Details on the benefits of diverse and high-quality RTL generation are discussed in

Section[2.2])

In this work, for LLM-based circuit generation, we propose a learning method that aims
to improve the quality and diversity in the PPA objective space of the entire circuit set ob-
tained through multiple generations, rather than maximizing a single scalar reward for a
single circuit generation. To this end, (1) we introduce a generation-based training pipeline
that reformulates the set-level optimization problem of improving coverage of the entire
Pareto set into a sequential decision-making problem of generating the next candidate to
add, enabling learning via GRPO-based methods. (2) We introduce a reward function
based on Hypervolume Contribution (HVC) that encourages the generation of solution
groups close to the ideal Pareto front. For the novel problem setting of Pareto solution
exploration with LLMs in circuit generation, we define an evaluation metric called rela-
tive Hypervolume (rHV) and evaluate on RTLLM v2, a standard benchmark for NL-Code
tasks. The proposed method achieves +13.3 percentage points in rHV over the baseline
and +14.4 percentage points over the single-objective learning method.

2 Background

2.1 Abstraction Levels and Analysis Methods of Hardware Description Languages

In digital hardware design, circuits are described using hardware description languages
(HDLs), which serve a role analogous to programming languages in software. HDLs are
broadly categorized by their level of abstraction, ranging from high-level behavioral de-
scriptions that focus on what the circuit should do, to low-level structural descriptions that
specify connections between logic gates or standard cells. Among these, one of the cen-
tral representations used in LLM-based circuit generation is Register Transfer Level (RTL),
which describes data transfers between registers and clock-cycle behavior. RTL is widely
used in industry and is amenable to behavioral verification and performance evaluation
through simulation (Liu et al.,[2025). Representative languages include Verilog (Flake et al.
2020) and VHDL (Shahdad) |1986).

Test code for verifying whether an RTL-designed circuit correctly satisfies its specification
is also written in HDL. This is called a testbench. Specification verification is performed by
executing the testbench on a dedicated behavioral simulator. For Verilog, a representative
behavioral simulator is Icarus Verilog (Williams & Baxter, 2002).

To estimate the PPA (Power, Performance, Area) of an RTL-designed circuit, it must first
be converted to a lower-level gate-level representation. This conversion is called logic syn-
thesis. A representative logic synthesis tool is Yosys (Wolf & Glaser| 2013). After logic
synthesis, physical design tools such as OpenROAD (Ajayi et al,[2019) perform placement
and routing to estimate PPA.

2.2 Benefits of Diverse and High-Quality RTL Generation

In multi-objective circuit design, the relative importance of objectives such as power, delay,
and area varies depending on product requirements and design constraints. Therefore, ob-
taining a diverse set of Pareto-optimal candidates is beneficial because it allows designers
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to choose a preferred candidate a posteriori according to the desired trade-off (Dobes et al.|
2013;|Visan et al} 2022} [Liu & Carloni, |2013). While similar trade-off exploration can also
be performed using downstream logic synthesis and physical design tools, such evaluation
loops are computationally expensive, requiring many synthesis runs, with each candidate
taking minutes to hours; thus, iterative downstream evaluation is costly (Bai et al., [2023).
Novikov et al.[(2025) also argues that directly manipulating RTL to improve circuits has the
advantage of performing optimization early in the design flow. For this reason, generat-
ing diverse and high-quality circuits at the upstream RTL stage is practically useful in that
promising alternatives can be identified before invoking costly downstream evaluation.

Furthermore, the diversity of RTL candidates may also be useful in search methods that
combine code generation and improvement by trained LLMs with evolutionary algo-
rithms, such as AlphaEvolve (Novikov et al.}[2025). AlphaEvolve maintains a database of
previously generated programs and their evaluation results, reusing them as parent can-
didates and sources of inspiration while generating next candidates. Experiments have
verified its effectiveness across diverse domains, and in particular, for a task targeting TPU
arithmetic circuits, it demonstrated that directly modifying RTL can present optimization
candidates early in the design flow. As an important implication, Novikov et al. (2025)
states that retaining candidates that are good under different criteria, rather than keep-
ing only candidates that are good under a single criterion, can stimulate the generation of
more diverse candidate solutions. This insight suggests that diverse and high-quality RTL
candidates may be valuable not only for human designers but also as a promising parent
candidate pool for subsequent evolutionary search.

3 Related Work

3.1 RLVR in Circuit Generation

ChipSeek-R1 (Chen et al.||2025)) proposed a reinforcement learning framework for RTL gen-
eration based on a hierarchical reward design combining syntactic correctness, functional
correctness, synthesizability, and PPA. For PPA rewards, it aggregates PPA values esti-
mated using OpenROAD (Ajayi et al.,2019) into a single reward via a multiplication-based
scalarization function, achieving RTL code generation with PPA performance exceeding
human designs. BUFFALO (Hsiao et al, 2025) applies GRPO to the buffer tree generation
task, updating model parameters based on circuit quality metrics obtained from down-
stream physical design tool evaluation. Specifically, it normalizes the timing improvement
and area increase and aggregates them into a scalar reward via a weighted sum, which is
then maximized during training.

All of these methods optimize single circuit generation under a single scalarization func-
tion, and do not explicitly learn to generate diverse and high-quality solution sets spanning
different PPA trade-offs. In contrast, this work aims to improve the quality and diversity
of the entire circuit set obtained through multiple generations for a given specification in
the PPA objective space.

3.2 Evaluation of Multi-Objective Reinforcement Learning

Teoh et al|(2025) proposed the Normalized Hypervolume Generalization Ratio (NHGR)
for evaluating cross-environment generalization in multi-objective reinforcement learning.
NHGR is defined by normalizing each objective based on the element-wise minimum and
maximum of the optimal Pareto front for each evaluation context, then dividing the nor-
malized hypervolume of the approximate front obtained by the generalist by the normal-
ized hypervolume of the optimal front. This normalization is introduced to prevent the
difficulty of comparison that arises when ordinary Hypervolume depends on the scale of
objective values and the range of achievable Pareto fronts for each problem. Moreover, by
defining it as a ratio, it offers the advantage of intuitively interpreting how good the qual-
ity and diversity of the solution set are relative to the ideal Pareto front. When the true
Pareto front is unavailable, non-dominated value vectors from specialist agents trained
independently for each context are aggregated as an approximation of the Pareto front.
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Our setting shares the motivation with |Teoh et al.| (2025) but differs in the problem unit. In
Teoh et al.| (2025), the evaluation target is the “environment context,” and specialists can
be trained for each context. In our work, we target LLM-based circuit generation, with
evaluation units being individual samples in the benchmark. Thus, training a specialist
LLM separately for each sample to construct a reference front is impractical. Instead, we
integrate solutions obtained from all models and all trials for each problem and use the
resulting non-dominated set as a pseudo Pareto front.

4 Proposed Method

Figure [1| shows an overview of the proposed method. The method is a generation-based
training pipeline that alternates between “reinforcement learning with HVC reward” and
“dataset reconstruction.” By sequentially learning to generate the next circuit to add given
the circuit history obtained so far, the method improves the quality and diversity of the
overall circuit set obtained in the end. “Reinforcement learning with HVC reward” pro-
vides the LLM, conditioned on circuit history, with Hypervolume Contribution (HVC) as a
reward indicating how much the generated circuit contributes to the Pareto front relative to
the existing circuit set, and trains it using reinforcement learning. “Dataset reconstruction”
aggregates circuits and their evaluation results generated during training, merges them
as new circuit history into the current training dataset, and constructs the next-generation
training dataset. This enables efficient learning of Pareto solution exploration capabilities
while progressively extending circuit history.

4.1 Reinforcement Learning with HVC Reward

In this phase, the model takes as input a specification written in natural language and pre-
viously generated circuits along with their PPAs during training, and learns to output the
next circuit to generate via reinforcement learning. The dataset used consists of an initial
dataset containing specifications written in natural language, corresponding testbenches,
and ground-truth circuit examples, merged with circuit history extracted through “dataset
reconstruction.” As a reward, we use Hypervolume Contribution (HVC), which indicates
how much the Hypervolume increases in the objective function space when the circuit is
added to the existing circuit set. This enables the model to learn to generate circuits with
large contributions to the Pareto front relative to the existing circuit set at each generation.
At test time, the model recursively adds generated circuits and their evaluation values to
the circuit history while generating circuits. Since the model is trained to generate circuits
with the largest Hypervolume Contribution at each generation iteration, the quality and
diversity of the overall circuit set obtained in the end are expected to improve.

Reinforcement Learning Algorithm We use GRPO (Group Relative Policy Optimiza-
tion) (Shao et al) [2024), which generates multiple responses {yi}iG:l from the old policy
7y, for each input g, computes advantages from relative rewards within the group, and
updates the policy with clipping and KL regularization without a separate value function.
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Input Prompt The input prompt consists of circuit specification s and circuit history H.
The circuit history lists previously generated circuits and their PPA values. This allows
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Figure 1: Overview of the proposed method. By alternating between reinforcement learn-
ing with HVC reward (top) and dataset reconstruction (bottom), the model learns Pareto
solution exploration capabilities while progressively extending circuit history.

the model to obtain information for exploring new Pareto solutions different from existing
solutions. The actual prompt template is shown in Appendix[C]

Hypervolume Contribution (HVC) To compute HVC, testbench verification is first per-
formed on Icarus Verilog (Williams & Baxter| 2002) for each candidate generated through
group sampling. Only candidates that pass are subjected to PPA estimation using
Yosys (Wolf & Glaser, 2013) and OpenROAD (Ajayi et al) [2019), following a similar ap-
proach to (Chen et al.| (2025). Candidates failing the testbench or with invalid PPA receive
HVC = 0. For candidates with valid PPA, normalization based on the ground-truth cir-
cuit’s PPA is performed to define objective function vectors. The objective function vector
for candidate i is:

Pyol D A
o - golden o golden o golden
0; = (0p,,0D,i,044); OPi = p o 0Di= e 0= (2)
gen,l gen,l gen,t

where Pgoiden, Dgoldens Agolden are the ground-truth circuit’s PPA, Pgen i, Dgen i, Agen,i are
candidate i’s PPA, and € is a small constant to avoid division by zero. This normalization
makes each component 1.0 for performance equal to the ground-truth circuit and greater
than 1.0 when exceeding it. Note that Pygen i, Dgen,i; Agen,i are all better when smaller.

Figure[2]shows an example of multiple candidates and their HVCs in the objective function
space. HVC is defined as the increment in Hypervolume with origin as the reference point
when adding candidate i:

HVC(o;) = HV({o; | j <i}) —HV({o; | j <i}) ®)

where HV is a function that computes the Hypervolume in the objective function space.
We use the implementation of Fortin et al.| (2012) for computing Hypervolume. Since the
objective function o; is a maximization metric, a larger HVC means that the candidate con-
tributes more to the Pareto front. Due to high reward variance, reward values are clipped
to the range [0, 3.0] for training stabilization.
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The method uses reward R; as a combination of testbench verification reward and HVC.
Candidates passing the testbench receive a pass reward of 1.0 plus HVC, while failing
candidates receive 0. In summary, the variables in Equation[I|are determined as follows:

1.0+ HVC(o;) if testbench passed

=6 H), yi~m,,(-|q), Ri= . 4
1=, v~ oo, Ri={g 1 estben @
4.2 Generation-based Dataset Reconstruction
After each generation of training, circuits 04
generated during training are aggregated o
to construct the next-generation training _.L.Oz\ No Solution
dataset. This process progressively ex-
tends circuit history, enabling the model HVC(oy)
to learn Pareto solution exploration with Solution Space
longer histories as training progresses. 0p
Specifically, for each candidate generated Oa
during training, the generated circuit, its R No Solution
PPA value, HVC, and the input circuit his- 4"\.\:?
tory are recorded. Among circuits gen-
L . HVC(0;41)
erated for the same original sample (i.e.,
sharing the same specification and circuit A 0

history), the candidate with the highest Y
HVC is selected. The selected circuit is
then concatenated with the previous circuit
history and added to the next-generation
dataset. To prevent excessive input length
growth, samples with a history length of
5 or more are removed. Additionally, to
control dataset size, an upper limit of 1,000
samples per history length is imposed,
with the oldest samples removed when this limit is exceeded. Finally, the original dataset
without circuit history is added to complete the next-generation training dataset.

Figure 2: Example of Hypervolume Contri-
bution (HVC). In the objective function space,
the HVC is the Hypervolume increment with
origin as the reference point when adding
candidate i. A larger HVC means the candi-
date contributes more to the Pareto front.

Through this dataset reconstruction, starting from history length 0, samples with history
lengths 1,2, ...are added as generations progress. By training on circuit histories of various
lengths, the model acquires sequential Pareto solution exploration capabilities.

5 Experiments

5.1 Baselines

We evaluate all methods on two publicly available RTL-generation models as base models:
VeriReason-3B (Wang et al., [2026) and CodeV-R1-Distil-7B (Zhu et al., [2026). Using two
base models with different training recipes allows us to verify that the effectiveness of the
proposed method is not specific to a particular base model. VeriReason-3B is a Qwen2.5-
Coder-3B-based model trained through supervised fine-tuning on RTL generation data
and GRPO reinforcement learning based on testbench feedback, but it does not directly
optimize PPA objectives as rewards. CodeV-R1-Distil-7B is a Qwen2.5-Coder-7B-Instruct-
based reasoning-enhanced Verilog generation model that similarly emphasizes functional
correctness without directly optimizing PPA objectives. Both are thus positioned as exist-
ing strong RTL generation models that emphasize functional correctness.

On top of each base model, we compare the following five methods, designed from three
perspectives to comprehensively verify the effectiveness of the proposed method: (1) the
unmodified base model without PPA optimization (Base) to evaluate the effect of PPA-
aware training; (2) single-scalar-reward reinforcement learning (Single-Objective PPA) to
verify the superiority of HVC reward as multi-objective optimization; (3) models using
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the same generation-based training pipeline as the proposed method but with different re-
ward functions (Sequential TB, Sequential TB+PPA) to verify that generation-based train-
ing alone is insufficient and that combining it with HVC reward is essential.

Base is the unmodified base model (VeriReason-3B or CodeV-R1-Distil-7B) without any
additional PPA-aware training, and is positioned as an existing strong RTL generation
model that emphasizes functional correctness. Single-Objective PPA is a model addi-
tionally trained with GRPO on the base model using testbench pass reward plus scalarized
PPA reward similar to |Chen et al|(2025) (the formula is shown in Appendix , and cor-
responds to the single-objective reinforcement learning baseline in this work. Sequential
TB is a model trained using the same generation-based training pipeline as the proposed
method on the base model, with only the reward function replaced by testbench pass re-
ward. It performs sequential generation conditioned on circuit history during evaluation,
but PPA-based optimization or contributions to the Pareto front are not included in the
reward. Sequential TB+PPA is a model trained using the same generation-based train-
ing pipeline as the proposed method on the base model, with only the reward function
replaced by the sum of testbench pass reward and PPA scalar reward. That is, training is
performed in a sequential generation setting, but the optimization target remains a single
scalar reward without directly optimizing the quality or diversity of the entire solution set.
Sequential HVC (Ours) is a model trained using the proposed generation-based training
pipeline on the base model with reward based on testbench pass reward and Hypervolume
Contribution (HVC). By learning to sequentially generate candidates with large contribu-
tions to the Pareto front relative to existing circuit history, the method aims to improve the
quality and diversity of the entire solution set.

5.2 Dataset

Training data were constructed through two-stage filtering based on VeriReason’s (Wang
et al||2026) hard level (1,149 problems). First, 889 problems where the ground-truth circuit
passed testbench verification and PPA estimation were extracted and used as training data
for non-generation-based single-objective training (Single-Objective PPA). Next, for these
889 problems, multiple circuit candidates were generated using CodeV-R1-Distil-7B (Zhu
et al., 2026), and 78 problems where negative correlation (»r < 0) was observed between
area and delay were extracted. This is because problems where the Pareto front degen-
erates to a single point provide weak learning signals for multi-objective optimization.
These 78 problems were used for generation-based training (Sequential TB/Sequential
TB+PPA /Sequential HVC). For evaluation, 45 problems out of 50 in RTLLM v2 (Liu et al.,
2024) where testbench verification and PPA estimation succeeded were used.

5.3 Evaluation Method

For each RTLLM v2 problem, circuits were generated by recursively adding generated
circuits and their evaluation values to the circuit history, and evaluated using the following
three metrics. Evaluation was conducted with high-temperature sampling (T = 0.5) with
multiple trials per problem to reduce variance.

Relative Hypervolume (rHV) This metric is inspired by the NHGR of [Teoh et al.[(2025)
described in Section 3.2. In this work, for each problem 7, we construct a reference archive

IT; = ND(U;) as the non-dominated set of the union U; of solutions obtained from all
models and all trials, and define rHV as follows:
HV(SNm ij ; 1‘)
HV,, ;i = —="— 5
i = Ty () ©)

where S,,,;  is the set of circuits generated by method 7 on problem i in trial j, 5, ; and

I1; are these solution sets mapped to the objective space normalized to [0, 1] using the
minimum and maximum PPA values in U;, and r is the reference point. rHV takes values
in [0, 1], with values closer to 1.0 indicating achievement of a Pareto front closer to the
reference archive. For aggregate evaluation, we report the mean across all problems and
trials: rHV,,. See Appendixfor detailed mathematical definitions of rHV.
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Table 1: Relative Hypervolume (rHV) for each model. Each column shows the rHV mea-
sured after a given number of sequential generation iterations (iter), where the model gen-
erates a new circuit conditioned on the circuit history accumulated so far.

Base Model Method rHV (iter=1) rHYV (iter=5) rHYV (iter=10)
Base 13.1% 17.5% 19.1%
Single-Objective PPA 10.4% 15.4% 18.0%

VeriReason-3B Sequential TB 15.5% 18.5% 19.2%
Sequential TB+PPA 17.2% 20.6% 21.6%
Sequential HVC (Ours) 22.9% 30.7% 32.4%
Base 23.1% 34.1% 38.4%
Single-Objective PPA 23.5% 34.5% 37.8%

CodeV-R1-Distil-7B  Sequential TB 28.4% 32.9% 33.5%
Sequential TB+PPA 27.7% 31.2% 32.0%
Sequential HVC (Ours) 26.7% 40.6% 43.2%

Win Rate For each problem i and trial j, a win is assigned to the model achieving the
highest Hypervolume among all compared models. When multiple models achieve the
same maximum Hypervolume, the win is split equally among them. Formally, the Win
Rate for model m on problem i and trial j is defined as:

l[HVm,i,]‘ = maxm/ va,ri,j]

WR,, ;i =
L |{1’YZ, : va’,i,j = maxX,,» val’,i,j}|

(6)

where 1[-] is the indicator function. For aggregate evaluation, we report the mean across all
problems and trials: WR,, = ﬁ Y. WR;,; j. Win Rate takes values in [0, 1], with larger
values indicating greater superiority over other models. Since Win Rate considers only
relative wins within each problem, it can be directly aggregated without normalization
even when Hypervolume scales vary significantly across problems.

Circuit Diversity The number of circuits with unique PPA values generated per problem
and trial. Higher values indicate that more diverse circuits can be generated in a single
trial.

6 Results

6.1 Relative Hypervolume Comparison

Table 1) shows the relative Hypervolume (rHV) for each model. The proposed method
(Sequential HVC) achieved the highest rHV at iter=5 and iter=10. With VeriReason-3B as
the base model, at iter=10, it showed 32.4% compared to Base’s 19.1% (+13.3 percentage
points) and Single-Objective PPA’s 18.0% (+14.4 percentage points). With CodeV-R1-Distil-
7B as the base model, at iter=10, it likewise showed 43.2% compared to Base’s 38.4% (+4.8
percentage points) and Single-Objective PPA’s 37.8% (+5.4 percentage points), confirming
that the effectiveness of the proposed method does not depend on the choice of base model.

6.2 Win Rate Comparison

Figure 3| shows the Win Rate progression per generation count (iteration). The proposed
method (Sequential HVC) achieved the highest Win Rate at almost all iterations in both
base models; the only exception is iter=1 for CodeV-R1-Distil-7B, where Sequential TB is
marginally higher. As the generation count increases, its Win Rate rises steeply and its lead
over the other methods widens. This indicates that the proposed method not only finds
good circuits initially but also continues exploration using circuit history to acquire more
diverse Pareto-optimal solutions.
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Figure 3: Win Rate progression per generation count.
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Figure 4: Circuit diversity comparison.

Notably, the Win Rate of the proposed method is maintained at a high level even beyond
iter=5, the maximum circuit-history length seen during training, rather than degrading for
longer exploration. This confirms that the proposed method generalizes to exploration
horizons longer than those used in training.

Conversely, the Win Rate of Sequential TB and Sequential TB+PPA declines as the number
of iterations increases, leaving them with the lowest Win Rate at later iterations in both
base models. This suggests that with testbench reward or scalar PPA reward alone, reward
hacking occurs where the model simply regenerates previously generated circuits, so that
additional iterations fail to explore new Pareto solutions.

6.3 Circuit Diversity Comparison

Figure [d] shows the circuit diversity comparison. The proposed method (Sequential HVC)
was confirmed to generate the most diverse circuits in both base models. Base and Sing]le-
Objective PPA show intermediate diversity, with their relative ordering depending on the
base model.

On the other hand, Sequential TB and Sequential TB+PPA exhibit the lowest circuit diver-
sity in both base models, frequently producing only a single unique circuit per trial. This
directly evidences the reward hacking observed in the Win Rate results in Section[6.2} with
testbench reward or scalar PPA reward alone, the model tends to regenerate previously
generated circuits, suppressing exploration of new circuits. This underscores that explic-
itly incorporating contributions to the Pareto front into the reward, as in HVC, is essential
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in the proposed generation-based pipeline. To further confirm that the gains of the pro-
posed method do not merely stem from avoiding duplicate generations, we conduct an
ablation that adds an explicit repetition penalty to the sequential baseline in Appendix[E.4}

7 Conclusion

The experimental results of this work provide important insights for handling multi-
objective optimization in reinforcement learning with verifiable rewards for LLMs.

First, multi-objective reinforcement learning with HVC reward (Sequential HVC) was
shown to be effective for Pareto-optimal solution exploration compared to single-objective
learning (Single-Objective PPA). At iter=10, the proposed method outperformed Single-
Objective PPA by 14.4 percentage points in rHV and also showed superiority in circuit di-
versity. This result suggests that HVC reward can effectively learn trade-off structures that
cannot be captured by conventional approaches that aggregate multiple objective functions
into a single scalar value.

Second, it became clear that reward design is extremely important in the proposed
generation-based training pipeline. Sequential TB and Sequential TB+PPA yielded the low-
est circuit diversity and, at later iterations, the lowest Win Rate across both base models,
indicating that with testbench reward or scalar PPA reward alone, reward hacking occurred
where the model simply regenerates previously generated circuits. This indicates that to
promote exploration of new solutions in generation-based training, contributions to the
Pareto front must be explicitly incorporated into the reward.

Third, as generation count increases, the superiority of the proposed method expands,
and performance improvement continues even for longer exploration (up to iter=10) than
training (up to iter=5). This generalization capability suggests that the proposed method
acquires the essential ability of sequential Pareto solution exploration using circuit history,
rather than simply overfitting to specific exploration lengths.

Limitations This work has several limitations. First, this work targets only circuit design,
and application to other engineering fields such as control engineering is unverified. Sec-
ond, this work verified only the setting where the objective function space dimension is 3
(PPA). Since the proposed method requires computing Hypervolume for each rollout dur-
ing training, addressing increased computational complexity when the objective function
space dimension increases remains a challenge. Third, due to LLM context length limita-
tions, there is an upper limit on the length of circuit history provided as input. Therefore,
for problems with very many solutions on the Pareto front, it is not possible to provide all
history as input, making it difficult to enumerate all solutions. Fourth, limitations remain
regarding data scale: the evaluation benchmark is limited to a single benchmark, RTLLM
v2, and generalization to other benchmarks or more diverse circuit specifications remains
unverified. Additionally, the training data used for generation-based training (Sequential
TB/Sequential TB+PPA /Sequential HVC) consists of only 78 problems, and verifying ef-
fectiveness on larger-scale datasets remains future work.
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A Detailed Definition of rHV

This section provides the detailed mathematical definition of relative Hypervolume (rHV)
and describes the properties of rHV when an objective function degenerates.

A.1 Mathematical Definition

Throughout this section, a solution x denotes a single generated circuit. Each solution x
is associated with the three-dimensional objective vector o(x) = (op(x),0p(x),04(x)) de-
fined in Equation 2} whose components are the golden-normalized power, delay, and area
objectives. We write f;;(x) for the k-th component of this vector evaluated on problem i
(k € {1,2,3}); all three objectives are maximized, i.e., larger is better.

Let x%m’i’j ’l), xgm’i’j 'l), ... denote the circuits generated by method m on problem i in trial j at
(0)
i j
problem i in trial j from the first iteration through iteration ¢:

iteration /. The cumulative solution set S ’. . collects all circuits generated by method m on

¢ . .
0 = [ {almiih), xfmiin ) o)
I=1
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This is the per-trial solution set whose Hypervolume the numerator of rHV measures.

To obtain a common reference for problem i, we take the union U; of the cumulative solu-
tion sets over all methods m € M and all n; trials at the final iteration #;e;:

nt
u= U Uspiy’ ®

meM j=1

The reference archive I1; is the non-dominated set of this union, i.e., the pseudo Pareto
front used as the denominator of rHV:
I1; = ND(U;) )

Because the raw PPA values differ in scale across objectives and problems, each objective
k € {1,2,3} is min—-max normalized using the extreme values observed in U;:

- fik(x) — a3

fik(%) = fp———— (10)
’ gh _ 1

%Gp — g +€
where q}f;{“’ = min,cy, fix(x) and q?;(gh = maxyey, fik(x) are the per-objective minimum

and maximum over the union, and ¢ = 10~2° avoids division by zero. For any solution

set Z, we write Z for the set obtained by mapping every solution x € Z to its normalized
objective vector (f;1(x), fi2(x), fi3(x)). In particular, 555)1 j and I1; are the normalized per-

trial solution set and the normalized reference archive, respectively.
rHV is then the Hypervolume of the normalized per-trial solution set divided by that of
the normalized reference archive:

HV (8] 1)

HV(K) = nj’i’jl 11
T m,i,j HV (Hi; I') ( )

where the reference pointis r = (—8, —d, —J) with § = 10712, The reference point is placed
slightly below the origin, rather than at the origin itself, so that rHV remains well-defined
and reduces to a 2-dimensional relative Hypervolume when an objective degenerates (Sec-

tion|A.2).

A.2 Property of rHV When an Objective Degenerates

Proposition 1. Consider a 3-objective maximization problem with the normalized reference point
r=(—9,—-0,-9), 6> 0.

Assume that the third objective is constant across all solutions, and after normalization:

fia(x) =0.
Then, for any point set
c [0,1]% x {0},
the following holds:
HV(P; (~4, 8, ~6)) = §HV(Pyy; (~4,~5)),
where

Py = {(u,v) | (u,0,0) € P}
is the projection onto the first and second objectives.

Proof. By the definition of Hypervolume for maximization problems:

HV(P;r) = A3 | | [r1, p1] X [r2, p2] ¥ [r3, p3]
peP

13
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Since every point has the form (u,v,0) € P, each point spans a hyperrectangle:
[—0,u] x [=d,v] x [=4,0].
Therefore:
U [=6u]l x[-6,0] x[-6,0] = U [=du]l x[=60] | x[-4,0]
(u,0,0)eP (uv)ePrp

By the product property of volume:

(M,U)Eplz
= 0HV(Pyp; (=9, —9)). (13)

HV(P; (—6,-6,-0)) = /\2( U [=6u] x [5,0]) ") (12)

Applying this result to both the numerator and denominator:
=(0 (0
HV(S),)it) = RV ((S})) )i (—6,—9)),

HV(ﬁl’;I‘) = (SHV«ﬁi)lz,' (—5, —5)) .
Therefore:

0 HV((SS,)I‘,]')M; (=6, —5))

av = "
P i) = TRy ()10 (=0, —9))

Therefore, when the third objective takes the same value across all solutions, the third
objective appears only as a common factor in both numerator and denominator, and rHV
effectively reduces to a 2-dimensional relative Hypervolume based on the first and second
objectives.

B PPA Reward

P, golden % Agolden % Dgolden

14
Pgen Agen Dgen +e€ (14)

TPPA =

where P, A, and D denote power, area, and delay, respectively. The subscript “golden”
refers to the ground-truth circuit and “gen” refers to the generated circuit. € is a small
constant to avoid division by zero.

C Prompt Templates

We show the prompt templates used for multi-objective reinforcement learning below.
{spec} represents the circuit specification, {circuit} represents the generated Verilog cir-
cuit, and {ppa} represents PPA values as placeholders.

14
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C.1 System Prompt

You are a helpful assistant. The assistant first thinks about
the reasoning process in the mind and then provides the user
with the answer. The reasoning process and answer are enclosed
within <think> </think> and <answer> </answer> tags,
respectively.

Now the user asks you to write verilog code as shown in <Spec>.
After thinking, enclose the final verilog code in ~~“verilog™"
within <answer> </answer> tags.

Note that circuits satisfying the same specification have
already been obtained, and you need to derive a Pareto-optimal
solution with different PPA values from those circuits. The
circuits obtained so far and their PPA values are listed below
in <# Circuit history>.

C.2 User Prompt (iteration = 1)

## Spec
{spec}

## Circuit history
No previous circuit.

C.3 User Prompt (iteration > 2)

## Spec
{spec}

## Circuit history
### previous circuit 1
“*Tverilog
{circuit_1}

- PPA: {ppa_1}

### previous circuit 2
“*Tverilog
{circuit_2}

- PPA: {ppa_2}

### previous circuit i
“Tverilog
{circuit_i}

- PPA: {ppa_i}

D Hyperparameters

Table 2| reports the hyperparameters used for training.

15
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Table 2: Training hyperparameters. Common GRPO settings are shared across all methods
on both base models; Max Steps differs by base model.

Hyperparameter VeriReason-3B  CodeV-R1-Distil-7B
Num. GPUs 4 4
GPU H200 H200
Batch Size (per device) 2 2
Gradient Accumulation Steps 4 4
Learning Rate 1.0 x 107° 1.0 x 107
Max Steps 15,000 1,500
Number of Generations 8 8
Temperature 0.9 0.9

KL Penalty (8) 0.04 0.04
Max Prompt Length 1,024 1,024
Max Completion Length 8,192 8,192
Max History Length per Sample® 5 5

t Applies only to generation-based training methods (Sequential TB / Sequential TB+PPA /
Sequential HVC); not used for Single-Objective PPA.

Table 3: Bootstrap confidence intervals (95%) of the rHV difference between Sequential
HVC (Ours) and each baseline at iter=10.

Base Model Comparison rHV Diff (95% CI)
Ours — Base +13.3 [+2.1, 424.8]
. ) Ours — Single-Objective PPA  +14.5 [42.5, +27.0]
VeriReason-3B Ours — Sequential TB +13.2 [+4.7, +22.7]
Ours — Sequential TB+PPA  +10.8 [+1.2, +20.9]

Ours — Base +4.8 [+0.6, +9.0]

—— Ours — Single-Objective PPA  +5.4 [+1.4, +9.9]
CodeV-RI-Distil-7B Ours — Sequential TB +9.7 [+3.5, +16.6]

Ours — Sequential TB+PPA  +11.2 [+4.9, +18.3]

E Additional Analysis

E.1 Bootstrap Confidence Intervals

To assess statistical reliability, we computed 95% confidence intervals for the rHV differ-
ences between Sequential HVC (Ours) and each baseline at iter=10 using a nested paired
bootstrap. Specifically, we resampled the 45 problems with replacement and, within each
sampled problem, resampled the 30 trials with replacement while preserving paired trial
comparisons, and repeated this procedure 10,000 times. Table [3| reports bootstrap con-
fidence intervals (95%) of the rHV difference between Sequential HVC (Ours) and each
baseline at iter=10.

For both VeriReason-3B and CodeV-R1-Distil-7B, the 95% confidence intervals of the im-
provements over all baselines do not cross zero, indicating that the gains are stable even
when accounting for both problem-level and trial-level variation.

E.2 Relative Hypervolume with Respect to the Baseline-Only Archive

To quantify the effect of including our own outputs in the reference archive, we conduct an
out-of-self reference analysis: we remove all outputs of Sequential HVC (Ours) across all
trials and rebuild the reference archive using only the four baseline methods (Base, Single-
Objective PPA, Sequential TB, Sequential TB+PPA), and evaluate rHV with respect to this
baseline-only archive. However, for this baseline-only reference archive, the hypervolume
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Table 4: Median relative Hypervolume (rHV) computed with respect to the baseline-only
archive. Each column shows the median rHYV after a given number of sequential generation
iterations (iter).

Base Model Method rHV (iter=1) rHYV (iter=5) rHYV (iter=10)
Base 2.2% 6.4% 10.3%
Single-Objective PPA 0.9% 5.3% 10.3%

VeriReason-3B Sequential TB 0.0% 0.2% 0.3%
Sequential TB+PPA 0.1% 0.9% 3.4%
Sequential HVC (Ours) 3.0% 15.1% 19.4%
Base 11.5% 23.9% 32.1%
Single-Objective PPA 14.4% 29.2% 36.1%

CodeV-R1-Distil-7B  Sequential TB 19.8% 33.0% 33.0%
Sequential TB+PPA 17.7% 27.1% 29.8%
Sequential HVC (Ours) 24.5% 36.5% 41.8%

of the reference archive becomes extremely small for some problems, so the mean of this
ratio-based rHV is dominated by a few outliers. We therefore compare methods using the
median rHV instead of the mean for this additional analysis. Table [ reports the median
relative Hypervolume (rHV) computed with respect to this baseline-only archive.

Sequential HVC (Ours) still achieves the highest median rHV with respect to the baseline-
only archive for both the VeriReason-3B and CodeV-R1-Distil-7B bases, confirming that the
original conclusion is not merely an artifact of including Sequential HVC in the reference
archive.

E.3 Objective-Space Coverage

To gain a more intuitive understanding of how each method covers the Pareto front, we vi-
sualize the solutions generated by each model at test time as two-dimensional projections
onto pairs of objective axes. Figure [5|shows the resulting scatter plots for each method.
Because all three objectives are normalized so that larger values are better (Equation[2), so-
lutions lying toward the upper-right region of each projection are more desirable; a method
is therefore preferable when its solutions are both widely spread and pushed toward this
region. The visualization confirms that the proposed method (Sequential HVC) distributes
diverse solutions across the desirable upper-right region, complementing the aggregated
rHV results reported in the main text.

E.4 Repetition Penalty Ablation

The Sequential HVC reward encourages the model to generate circuits that contribute to
the Pareto front, which also has the side effect of discouraging duplicate generations. It is
therefore not obvious whether the gains of Sequential HVC come from directly optimizing
the Pareto-front contribution or simply from learning to avoid repeated generations and
produce unique circuits. To disentangle these two effects, we run an ablation that adds an
explicit repetition penalty to the sequential baseline and test whether avoiding duplicates
alone yields a comparable improvement. Figure[6|reports the Win Rate and circuit diversity
of the sequential baseline with and without the repetition penalty. While the repetition
penalty substantially suppresses the generation of duplicate circuits, it still underperforms
Sequential HVC in terms of both rHV and Win Rate. This indicates that avoiding repetition
alone is not sufficient for effective Pareto-front exploration, and that directly optimizing the
Pareto-front contribution through the HVC reward is crucial.

E.5 Relative Hypervolume of the Union across Trials

The main results evaluate rHV on a per-trial basis. To assess the aggregate exploration
capability of each method, we additionally evaluate rHV after taking the union of the so-
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Figure 5: Scatter plots of the generated solutions in the objective space for each base model.
Visualizing the solutions in the objective space clarifies how each method covers different
trade-off regions of the Pareto front. Sequential HVC (Ours) attains a broader coverage of
the objective space than the baselines.

lutions generated across multiple trials for each method. Figure |/| reports the resulting
rHV, providing a view of how much of the Pareto front each method can cover when its
independent trials are combined.

Figure|/|arranges the results in a grid of bar charts, with rows corresponding to the num-
ber of iterations (1, 5, and 10) and columns corresponding to the number of unioned trials
Nuias € {1,5,10,15,20,25,30}; each subplot compares the rHV of the five methods as
bars. For both VeriReason-3B and CodeV-R1-Distil-7B, Sequential HVC shows an advan-
tage when Ny, is small. For the CodeV-R1-Distil-7B experiments, even at Ny = 30
Sequential HVC achieves higher rHV than all methods except the Base model, to which it
remains comparable, consistent with the phenomenon reported by Yue et al.| (2025), where
RL-trained models improve small-k pass@k performance while the base model catches up
as k grows. Overall, the main contribution of our method is not to dominate the Base
model under an extremely large archive budget, but to obtain diverse and high-quality cir-
cuits efficiently with a smaller inference budget. This matters for practical use cases where
designers want to quickly obtain diverse candidate circuits, and for downstream inference-
time search or evolutionary algorithms that benefit from efficient generation of promising
initial candidates.
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Figure 6: Effect of adding an explicit repetition penalty to the sequential baseline, evalu-
ated in terms of relative Hypervolume (top), Win Rate (bottom left), and circuit diversity
(bottom right). Although the repetition penalty reduces duplicate generations, it does not
match the improvement of Sequential HVC, indicating that the gains of our method arise
from directly optimizing the Pareto-front contribution rather than merely avoiding dupli-

cates.

19



Published as a conference paper at COLM 2026

1 iters 5 iters 10 iters
80% 80% 80%
60% 60% 60%
1]
2 F 0% 40% 40%
T
b
- I - l I - I I II
~m=flR NN N |
80% 80% 80%
60% 60% 60%
1]
£ 2 40% 40% 40%
T
wn
20%I III - IIIII 20%IIIII
0% I 0% 0%
80% 80% 80%
60% 60% 60%
7]
s>
S T 40% 40% 40%
o =
e
20%IIII - IIII - II
0% 0% 0%
80% 80% 80%
60% 60% 60%
1]
]
S T 40% 40% 40%
SE
©
20%IIII - III - II
0% 0% 0%
80% 80% 80%
60% 60% 60%
7]
©
S 3 40% 40% 40%
pag
o~
20%IIII - III - II
0% 0% 0%
80% 80% 80%
60% 60% 60%
1]
©
S 3 40% 40% 40%
SE
o~
- IIII - II - II
0% 0% 0%
80% 80% 80%
60% 60% 60%
1]
©
S T 40% 40% 40%
pag
o«
- IIII - II - II
0% 0% 0%
L& L LK & L& LK & L LT S
RAFENS L s PO
o ,\\\&Q\ o Q\« \ 'Q\?’Q‘&Q’\
& F > @\C’ & > Q\AC’ & L Qs(’
P & @ e e
& & & F S & S
<o %e?‘ <> %@0‘ 2 %QP‘

(a) VeriReason-3B

Figure 7: Relative Hypervolume (rHV) evaluated on the union of solutions generated
across multiple trials for each method. Aggregating the solutions from independent tri-
als measures the overall Pareto-front coverage attainable by each method. Sequential HVC
(Ours) retains its advantage over the baselines for smaller numbers of unioned trials. The
results for CodeV-R1-Distil-7B are shown on the following page.
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(b) CodeV-R1-Distil-7B

Figure 7: (continued) Relative Hypervolume (rHV) evaluated on the union of solutions
generated across multiple trials for each method.
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