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Abstract

Large Language Models (LLMs) have been applied to various
hardware design tasks, including Verilog code generation,
EDA tool scripting, and RTL bug fixing. Despite this exten-
sive exploration, LLMs are yet to be used for the task of
post-synthesis metric reasoning and estimation of HDL de-
signs. In this paper, we assess the ability of LLMs to reason
about post-synthesis metrics of Verilog designs. We intro-
duce MetRex, a large-scale dataset comprising 25,868 Verilog
HDL designs and their corresponding post-synthesis metrics,
namely area, delay, and static power. MetRex incorporates a
Chain of Thought (CoT) template to enhance LLMs’ reason-
ing about these metrics. Extensive experiments show that
Supervised Fine-Tuning (SFT) boosts the LLM’s reasoning
capabilities on average by 37.0%, 25.3%, and 25.7% on the area,
delay, and static power, respectively. While SFT improves per-
formance on our benchmark, it remains far from achieving
optimal results, especially on complex problems. Comparing
to state-of-the-art regression models, our approach delivers
accurate post-synthesis predictions for 17.4% more designs
(within a 5% error margin), in addition to offering a 1.7x
speedup by eliminating the need for pre-processing. This
work lays the groundwork for advancing LLM-based Verilog
code metric reasoning.
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1 Introduction

Recent advancements in Large Language Models (LLMs)
have demonstrated remarkable potential to transform the
field of hardware design, across a wide range of tasks such
as Verilog code generation [1-5], EDA tools scripting [6], de-
signing Al accelerators [7], and fixing RTL syntax errors [8].
However, an area yet to be explored is the application of
LLMs for reasoning and estimation of post-synthesis met-
rics of HDL designs. Given HDL code as input, LLMs could
potentially infer gate-level details and estimate key metrics,
such as area, delay, and static power.

While current LLMs can generate raw Verilog code, they
lack awareness of post-synthesis metrics and struggle to
reason about them effectively. Prior works utilized LLMs to
tweak Verilog code to meet area, delay, and power require-
ments using prompting methods [9] or search methods like
Monte-Carlo tree search [10]. However, these approaches
mainly focus on refining Verilog code, and they do not funda-
mentally enhance the LLM’s understanding of how different
design choices impact post-synthesis metrics. Thus, there
is a need for approaches that empower LLMs with deeper
insights into the underlying relationships between HDL code
and post-synthesis metrics.

In light of this, we introduce MetRex, an LLM-based frame-
work for high level metric estimation of HDL designs. MetRex
encompasses a large-scale dataset of 25,868 HDL designs,
each annotated with post-synthesis metrics on area, delay,
and static power. To enhance the LLM’s capability to under-
stand and reason about these metrics, we propose a Chain of
Thought (CoT) template that details the logical steps neces-
sary for computing these metrics. To the best of our knowl-
edge, MetRex is the first framework that addresses the task
of LLM-based code analysis for metric estimation of HDL
designs.

Our contributions are summarized as follows:

e We introduce a new dataset, MetRex', for benchmarking
Large Language Models (LLMs) for the task of reasoning
about post-synthesis metrics of HDL designs. The dataset
comprises 25,868 Verilog designs, each annotated with
area, delay, and static power metrics.

Thttps://github.com/scale-lab/MetRex
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e We developed an automated flow using a Verilog compiler,
a synthesis tool, and an LLM agent to detect and resolve
syntax and synthesis errors, ensuring a dataset of clean,
synthesizable designs.

e We introduce a Chain of Thought (CoT) prompting tech-
nique that improves the LLM’s reasoning and understand-
ing of post-synthesis metrics by 5.1%, 5.4%, and 8.9% on
the area, delay, and static power metrics, respectively, com-
pared to direct prompting methods.

e We employ the MetRex dataset in extensive Supervised

Fine-Tuning (SFT) experiments, demonstrating that SFT

can significantly improve the LLM performance in rea-

soning and estimating post-synthesis metrics on average
by 37.0%, 25.3%, and 25.7% on the area, delay, and static
power, compared to few-shot prompting techniques.

We compare the LLM estimation accuracy to regression-

based models [11], highlighting their potential for this

task in offering insightful and direct analysis of HDL code
without the need for intermediary formats. LLMs improve
the rate of obtaining accurate estimates within a 5% error
margin by 17.4% while offering 1.7x faster analysis by elim-
inating the need for feature extraction and pre-processing.

This paper is organized as follows. Section 2 discusses re-
lated work. Section 3 presents a general problem formulation
of the metric reasoning task with LLMs. Section 4 discusses
the MetRex dataset. Section 5 presents experimental results.
Section 6 discusses current limitations and future directions.
Finally, Section 7 concludes the paper.

2 Related Work

Large Language Models (LLMs) have demonstrated strong
potential in code generation tasks, where they can gener-
ate logically consistent code across various programming
languages [12]. Their utility extends beyond mere code gen-
eration to include code reasoning and understanding, where
they can repair bugs in codebases [13], reason about code
execution [14], and perform compiler optimizations [15].
In the hardware domain, LLMs have been extensively ap-
plied to Verilog code generation [1-5]. VeriGen [2, 5], for
instance, finetuned code LLMs for generating Verilog. Several
benchmarks, such as RTLLM [4] and VerilogEval [3], have
been presented to standardize the evaluation of LLMs in Ver-
ilog code generation tasks. LLMs have also shown promise in
code reasoning tasks, such as identifying and rectifying bugs
in RTL designs [8] and optimizing Verilog code [10]. Despite
these advancements, the application of LLMs in reasoning
about post-synthesis metrics of HDL designs remains largely
unexplored. This represents a significant research opportu-
nity, especially in enhancing the LLM’s understanding of
how different design choices impact post-synthesis metrics.
The metric estimation of RTL designs has also been a
subject of research for conventional machine learning tech-
niques. Studies presented in [11, 16—19] aim to provide an
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early estimate of the RTL post-synthesis or post-layout met-
rics to help accelerate the hardware design exploration pro-
cess. These techniques typically transform the RTL design
into different representational formats. MasterRTL [11] pro-
poses using simple operator graphs (SOGs) since it is closer
to the synthesized netlist than abstract syntax trees (ASTs)
[16, 17]. Manually engineered features are then extracted
from these representations and used as inputs to regression-
based models, such as XGBoost and graph neural networks,
to predict post-synthesis metrics.

In contrast, leveraging LLMs for this task offers a unique
advantage. Unlike traditional methods, LLMs can process
Verilog code directly, a lossless representation, thereby by-
passing the need for manual feature extraction or transfor-
mation into intermediary formats. This direct processing
enables LLMs to autonomously identify and extract features
and patterns closely associated with synthesis outcomes,
leading to potentially more insightful and faster analyses.
Our study specifically aims to assess LLM reasoning capabili-
ties about post-synthesis metrics of Verilog code, to broaden
our understanding of the utility of these models in HDL
design methodologies.

3 Problem Formulation

In this section, we provide a general formulation of the
HDL metric estimation task based on natural language in-
structions. Given a Verilog HDL design V, the objective
is to design an LLM-based model freqson to estimate the
post-synthesis metrics My nn, Where Mg ynih = freason (V).
However, directly predicting the final metrics from HDL
code is a complex reasoning task. This is mainly because
LLMs are optimized for understanding and generating text
in context rather than performing numerical calculations or
predictions. LLMs are good at reasoning about a problem
when it is described in words, but may struggle with abstract
numerical predictions without explicit reasoning steps [20].

Therefore, we task the LLM with reasoning about the
post-synthesis metrics through intermediate steps, 7, which
include gate-level details from the synthesized netlist and
natural language descriptions of how to calculate these met-
rics. These intermediate steps guide the LLM in a Chain of
Thought (CoT) manner, helping it predict the final metrics.
The CoT template includes information such as gate counts,
area and power characteristics per gate, and critical path
stages, all described in natural language. Thus, the task be-
comes predicting both the reasoning steps and the final post-
synthesis metrics, expressed as ((Z, Mynth)) = freason(V)-

4 MetRex Benchmark
4.1 Data Collection and Cleaning

The initial phase in the dataset creation involved collecting
a diverse range of HDL designs from various sources, as
detailed in Table 1. We mainly relied on publicly available
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Table 1. HDL design sources.

Source Designs! Complexity (Code Length)

(Count) {Min, Median, Max}
RTL-Coder?21] 18,450 {3, 29,918}
VeriGen [5] 7,292 {5, 69, 27,025}
ISCAS’89 [22] 29 {53, 530, 54,778}
ISCAS’85 [22] 10 {17, 1225, 3925}
OpenCores [23] 54 {1, 103, 2716}
NVLDA [24] 33 {19, 1333, 42,051}
MetRex (ours) 25,868 (Train) {3, 35, 54,778}

138 (Test)

! Number of designs after cleaning
2 RTL-Coder dataset is LLM-generated.
" Test set derived from VerilogEval benchmark [3].
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Figure 1. Dataset analysis showing: (a) gate count, (b) area,
(c) delay, (d) static power distribution for both Skywater
130nm and TSMC 65nm

dataset sources that are used for evaluating LLMs for the
task of Verilog code generation. Key sources include the
RTL-Coder dataset [21], which contains designs generated
by a GPT model, and VeriGen dataset [2, 5], which con-
tains Verilog code extracted from GitHub repositories and
academic textbooks. Additionally, we incorporated designs
from ISCAS [22], OpenCores [23], and NVLDA [24]. Alto-
gether, we collected 25, 868 designs, the majority of which
are self-contained modules. These designs form the training
split of our dataset. For the test set, we derived it from the
VerilogEval benchmark [3].

Since the collected dataset contained LLM-generated and
web-scraped Verilog code, it was important to clean the
dataset to ensure the usability of these designs for further
analysis and benchmarking. We undertook a comprehensive
cleaning process that involved removing duplicate entries,
filtering out non-synthesizable elements such as test benches
and gate-level netlists, and rectifying errors and warnings
detected during synthesis.

We automated the data cleaning flow by integrating an
LLM agent with a synthesis tool and a Verilog compiler in an
interactive feedback loop, inspired by the RTLFixer flow [8].
The LLM agent resolves errors and warnings flagged during
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( A
RTL

1 module adder (

2 input a, b, cin,

3 output cout, sum

4 );

5 assign sum = a * b * cin;

6 assign cout = a & b | a & cin | b & cin;

7 endmodule

Synthesis Thought

L After synthesis, this design has 1 maj3_1, 1 xor3_1.

J\_

B
Area Thought

Area of maj3_1 is 10.01. Area of xor3_1 is 23.77. In total, we can compute

1%10.01 + 123.77 = 33.78. Thus, total area is 33.78.

Delay Thought
The critical path goes through the following gates: xor3_1 with a fanout of 2 and
a load capacitance of 0.01. Delay of xor3_1 is 0.34. In total, we can compute 0.34

= 0.34. Thus, total delay is 0.34.
(. J
<

Static Power Thought
Leakage power of maj3_1 is 2.09. Leakage power of xor3_1 is 15.22. In total, we
can compute 172.09 + 1*15.22 = 17.31. Thus, the total static power is 17.31.

Figure 2. Dataset sample, showing the Chain of Thought
(CoT) template for estimating area, delay, and static power.

synthesis or syntax checking. Warnings, such as unused sig-
nals, are included in the loop to prevent them from obscuring
the relationship between Verilog code and post-synthesis
metrics. Our workflow uses Icarus Verilog [25], Yosys [26],
and Cadence Genus for syntax and synthesis verification.

Lastly, the cleaned dataset was taken through the synthe-
sis flow to report the area, delay, and power metrics. We used
Yosys [26] for synthesizing the designs and reporting the
area, and OpenSTA [27] for reporting the delay and power
metrics. The designs were synthesized using the Skywater
130nm Process Design Kit (PDK) [28]. We also synthesized
the designs using Cadence Genus Synthesis Solution and
TSMC 65nm technology. Fig. 1a shows the gate count distri-
bution after synthesis and Fig. 1b-d shows the distribution
of the collected metrics in both technologies.

4.2 Chain of Thought (CoT) Template

To construct the intermediate reasoning steps for metric
computation, we first parse the gates and their correspond-
ing metrics from the synthesis reports. The parsed informa-
tion is then used to construct natural language reasoning
thoughts. Fig. 2 displays a sample from the MetRex dataset
of a full adder design synthesized using Skywater 130nm
technology. The CoT template includes four primary reason-
ing thoughts: synthesis, area, delay, and static power. The
synthesis thought includes a breakdown of the gate types
and their count in the synthesized netlist. The area thought
details the calculation of the total area by summing the in-
dividual areas of each gate type identified in the synthesis
thought. The delay thought breaks down the stages of the
critical path, including the type of gate, fanout, capacitive
load, and delay for each stage. It then sums the delay per
stage to calculate the total critical path delay. The static
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Figure 3. Dataset analysis showing token count distribution
for (a) RTL and synthesis thoughts and (b) area, delay, and
static power thoughts in the Skywater 130nm dataset.
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Table 2. Test dataset derived from the VerilogEval bench-
mark [3], categorized by difficulty level.

Difficulty Description # Gate Count
{Min, Med, Max}
Basic logic gates 10 {1,1, 1}
Level-1 Multi-bit gates 9 {2, 2, 100}
(L1) 1-bit comb. circuits 5 {2,2,4}
Total # 23 {1, 2, 100}
Adder circuits 4 {2, 6, 15}
Multi-bit comb. circuits 23 {1, 3,11}
Level-2  Flip-Flop registers 14 {1, 3, 24}
(L2) Basic Seq. circuits 2 {8, 8, 8}
Total # 43 {1, 3,24}
Finite state machines 24 {3, 11, 57}
_ Counters 9 {10, 14, 48}
Li{gl) 3 Complex comb. logic 29 {1, 7, 580}
Advanced Seq. circuits 9 {11, 67, 607}
Total # 72 {1, 14, 607}

power thought outlines the leakage power for each gate type
identified in the synthesis thought and sums these values to
compute the total static power. Fig. 3a shows the distribution
of the number of tokens for the RTL and synthesis reasoning
thought and Fig. 3b shows the distribution of the number of
tokens for the area, delay, and static power thoughts.

5 Experimental Results
5.1 Evaluation Setup

We conducted fine-tuning experiments using the train split of
MetRex, comprising 25, 868 designs and the Skywater version
of the dataset for our experiments. Our evaluation set was
derived from the VerilogEval benchmark [3], containing 138
designs after excluding those with zero area or delay. The
designs are categorized by difficulty in Table 2, where Level-
1 includes simple combinational circuits with no more than
2-bit operators, Level-2 comprises moderate circuits such as
adders, flip-flops, and shift registers, and Level-3 contains
sophisticated designs like finite state machines and multi-
bit arithmetic units. We measure performance using Mean
Relative Error (MRE), defined in Eq. 1, where N is the number
of designs in the test set, R; is the LLM-estimated metric, and
R; is the ground truth metric reported from the EDA tool.

1 _n IR —Ril
MRE= —3N ———
N R;

X 100%

1)
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However, the MRE can be heavily biased by outliers and it
only evaluates the accuracy of the top-1 LLM-generated an-
swer. Therefore, we introduce a new metric, acc@k, inspired
by the pass@k metric [12]. The acc@k, defined in Eq. 2, mea-
sures the percentage of designs that meet a specific accuracy
threshold when considering the median of the top-k LLM
predictions. Specifically, for each design in the test set, we
compute the relative error between the ground truth (R;) and
the median of the first k predictions (ﬁi,l:k), then check if
this error falls within a specified margin ¢.

< t)} (2)

|

Here, N is the total number of designs in the evaluation
set, and the indicator function 1(.) returns 1 if the relative
error between the median prediction and the ground truth is
within the margin t, and 0 otherwise. We assess the acc@k
with k values of 1, 5, 10, and MRE thresholds t of 10% and
20%. A higher acc@k indicates better model performance.

Imedian(R; 1.x) — Ril

acc@k(MRE < t) =En R
i

5.2 In-Context Learning (ICL)

In-Context Learning (ICL), also known as few-shot prompt-
ing, is a prompting technique used to extrapolate LLM’s
knowledge to new tasks by learning from a small number
of context-specific examples [29]. In this study, we use ICL
as a baseline to evaluate the base LLMs’ ability to reason
about post-synthesis metrics and to evaluate the impact of
using chain-of-thought prompts on their reasoning capabili-
ties. We use 10 few-shot examples, mainly composed of RTL
descriptions of basic gates such as AND, NOR, and OR, and
their respective post-synthesis metrics. These examples are
designed to enhance the LLM’s understanding of how basic
Verilog logic operators are translated into logic gates within
the Standard Cell Library (SCL), including their area, delay,
and power characteristics.

Table 3. Impact of using chain-of-thought (CoT) prompt on
the acc@5 of the test set, using in-context learning. X means
without CoT, while v means with CoT. The A values in bold
represent the improvements from using the CoT prompt.

Margin Model  With CoT? acc@5 1
Area Delay Static Power
X 19.6% 19.6% 13.0%
Mixtral-8x7b Vv 19.6% 22.5% 18.8%
10% A +0.0%  +2.9% +5.8%
X 10.1% 15.2% 6.5%
LLama3-8B v 18.8% 23.9% 15.2%
A +8.7%  +8.7% +8.7%
X 25.4% 26.1% 15.9%
Mixtral-8x7b v/ 26.1% 29.0% 26.1%
20% A +0.7%  +2.9% +10.1%
X 13.0% 21.0% 10.9%
LLama3-8B v 23.9% 28.3% 21.7%
A +10.9% +7.2% +10.9%
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Table 4. Finetuning results using Skywater 130nm instruction datasets on the area, delay, and static power metrics. Results
show improvements of supervised fine-tuning as measured by the acc@k value, described in Section 5.1. X means the model is
not fine-tuned and uses only in-context learning, while v/ means the model is fine-tuned using an instruction dataset of RTL

code and metric reasoning pair. Bolded values highlight best-performing accuracy for a given metric and error margin.

Margin (t) Model Finetuned ? Area (acc@k) T Delay (acc@k) T Static Power (acc@k) 7
MRE <t acc@1 acc@5 acc@10 | acc@1l acc@5 acc@10 | acc@1 acc@5 acc@10
X 19.6% 19.6% 21.0% 23.9% 22.5% 22.5% 20.3% 18.8% 19.6%
Mixtral-MetRex-8x7b v 435%  46.4% 45.7% | 428%  45.7% 457% | 391%  39.9% 38.4%
10% A +23.9% +26.8% +24.6% | +18.8% +23.2% +23.2% | +18.8% +21.0% +18.8%
X 17.4% 18.8% 18.1% 20.3% 23.9% 22.5% 15.9% 15.2% 15.2%
LLama3-MetRex-8b v 58.0% 58.0% 58.7% 47.8% 47.1% 47.8% 42.0%  42.8% 41.3%
A +40.6% +39.1% +40.6% | +27.5% +23.2% +25.4% | +26.1% +27.5% +26.1%
X 25.4% 26.1% 26.1% 31.9% 29.0% 29.7% 25.4% 26.1% 28.3%
Mixtral-MetRex-8x7b v 58.0% 61.6% 60.9% 50.7% 53.6% 55.8% 53.6% 54.3% 52.2%
20% A +32.6% +35.5% +34.8% | +18.8% +24.6% +26.1% | +28.3% +28.3% +23.9%
X 22.5% 23.9% 22.5% 25.4% 28.3% 28.3% 22.5% 21.7% 21.0%
LLama3-MetRex-8b v 73.2% 76.1% 74.6% 61.6% 64.5% 63.8% 52.2% 49.3% 47.1%
A +50.7%  +52.2% +52.2% | +36.2% +36.2% +35.5% | +29.7% +27.5% +26.1%

Using these 10 few-shot examples, we evaluated the ability
of different LLMs to reason about the post-synthesis met-
rics of the test set. We ran the experiments in two modes:
one using the chain-of-thought (CoT) template shown in
Fig. 2, and the second without CoT, where the total area,
delay, static power of the few-shot examples are given di-
rectly without intermediate reasoning steps. The models
tested include Mixtral-8x7b [30], and L1ama3-8b [31]. The
models were run locally with 4-bit quantization on a single
A6000 GPU and prompted at a sampling temperature of 0.
Results, summarized in Table 3, indicate that CoT prompting
enhanced performance on average by 5.1%, 5.4%, and 8.9%
on the area, delay, and static power metrics respectively.

5.3 Supervised Fine-tuning (SFT)

While few-shot prompting can help extrapolate LLM knowl-
edge to new tasks, it is limited by how many examples we
can fit in the context window and does not intrinsically in-
still knowledge in the LLM weights. Supervised fine-tuning
(SFT) can help align the LLM to a specific downstream task
by adjusting the LLM weights according to an instruction
dataset. Therefore, we conduct extensive experiments on
supervised fine-tuning. We utilize the train split of the Me-
tRex dataset for instruction tuning and evaluate on the test
dataset derived from the VerilogEval benchmark [3].

Our fine-tuning experiments are mainly focused on the
Mixtral-8x7b and L1lama3-8b models. We employ LoRA [32],
a parameter-efficient fine-tuning technique that decomposes
the weight matrices into smaller, manageable low-rank ma-
trices. This approach significantly reduces the computational
load and memory demands associated with fine-tuning LLMs.
We fine-tune a LoRA adapter per metric using an instruction
dataset of Verilog code and metric reasoning pair. Addition-
ally, we quantize the LLMs to 4 bits to reduce the memory
footprint. The models were fine-tuned using a maximum
sequence length of 1048 tokens on a single A40 GPU.

999

Table 4 shows the acc@k metric for the fine-tuned models
using a LoRA rank of 128. All LLMs are evaluated at a sam-
pling temperature of 0.4. Supervised fine-tuning significantly
boosts the LLMs’ estimation accuracy of the final metrics
compared to their pre-trained few-shot prompted counter-
parts. SFT improved the acc@1 on average by 37.0%, 25.3%,
and 25.7% for the area, delay, and static power metrics, respec-
tively. L1ama3-MetRex-8b shows better performance on the
area and delay metrics compared to Mixtral-MetRex-8x7b,
which only outperforms Llama3-MetRex-8b in the static
power estimates within the 20% error margin.

5.4 Comparison to Regression-based Models

In this section, we compare the accuracy of the finetuned
Llama3-MetRex-8b (with a LoRA rank of 128 and 256 for
area and static power, respectively) against regression-based
machine learning approaches to highlight the opportunities
and challenges of using LLMs for this task. We specifically
compare to MasterRTL [11], which first converts the HDL
code to a simple-operator graph (SOG) using Yosys, from
which it extracts feature vectors for regression analysis.
Fig. 4 shows the comparative performance for the area
and static power estimation, highlighting the percentage
of designs with MRE less than 5%, 10%, and 20% across the
three levels of complexity within our evaluation set. The data
illustrates that the L1ama3-MetRex-8b model can frequently
generate more accurate answers than the regression-based
model in less complex designs (level-1 and level-2) under
the 5% and 10% error margins. However, it underperforms in
level-3 primarily due to the increased reasoning complexity.
MasterRTL performs better under more relaxed error mar-
gins (20%), mainly because it utilizes detailed gate-type fea-
tures from the extracted SOG, which helps stabilize the
performance of the regression model across a broad range
of problem complexities. However, the L1ama3-MetRex-8b
model operates directly on Verilog code, resulting in higher
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Figure 4. Comparison between MasterRTL [11] and finetuned L1ama3-MetRex-8b, showing (a) area and (b) static power

accuracy across the three levels in the test set.
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Figure 5. Run-time comparison between MasterRTL [11]
and L1ama3-MetRex-8b. Evaluation is done using the H100
GPU. Pre-processing is done using an Intel Xeon CPU.
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sensitivity to variations in code design and susceptibility to
generate extreme outliers.

Nonetheless, LLMs offer several advantages. First, they
provide better overall estimates that are on average 17.4%
and 2.5% more accurate within 5% and 10% error margins,
respectively, compared to MasterRTL. Second, they provide
interpretable results by explaining the breakdown of gates
post-synthesis, offering insights beyond mere numerical pre-
dictions. Third, LLMs eliminate the need for preprocessing
HDL code into intermediary formats and performing feature
extraction, which significantly reduces runtime overhead.
As shown in Fig. 5, the majority of MasterRTL’s runtime is
dedicated to generating the SOG and extracting feature vec-
tors, totaling 505.3 seconds, whereas model inference time
is minimal at just 8.5 seconds. Although LLMs inherently
require substantial computational resources, leveraging GPU
acceleration allows their runtime to be 2x faster than logic
synthesis, and 1.7x faster than MasterRTL.

6 Discussion and Future Work

In this study, we aimed to assess the ability of LLMs to rea-
son and predict post-synthesis metrics of Verilog code. Our
collected dataset and evaluation framework mainly focused
on self-contained and relatively small-scale designs, due to
the limited fine-tuning context window. We aim to extend
our dataset and fine-tuning experiments to include larger
and more complex designs.

Additionally, we focused on the area, delay, and static
power due to their relatively direct relationship to HDL code.
Breaking down the switching power calculations in natu-
ral language to the LLM is more complicated as it requires

propagating the activity factor through the logic gates and
would require the LLM to understand the synthesized circuit
topology and edge connection between these gates. Recent
advancements in LLM research are showing progress in en-
coding graph data as natural language sequences [33, 34],
which will help with tackling the switching power reason-
ing. This could potentially improve the LLM accuracy on the
delay estimation as well, as it will be able to reason about
different paths in the circuit graph. Moreover, we assume
that both the target technology node and synthesis strategy
are fixed. We aim to investigate the influence of different
synthesis strategies on the LLM estimation accuracy to offer
insights into the utility of these models in different hardware
design environments.

Nonetheless, exploiting the reasoning capabilities of LLMs
presents an exciting research opportunity for the hardware
community. Particularly, the metric reasoning and estimation
problem of HDL code will pave the way for tackling more
difficult tasks such as generating efficient hardware code and
accelerating the design exploration process. This study lays
the groundwork for such future explorations.

7 Conclusion

In this paper, we introduced MetRex, a new benchmark for
evaluating LLMs for the task of reasoning about Verilog
code post-synthesis metrics. MetRex includes a large-scale
dataset with a wide variety of HDL designs, annotated with
their post-synthesis metrics, and chain of thought templates
that detail the reasoning steps on how to compute these
metrics. Our best performing model achieves accuracy rates
of 73.2%, 61.6%, and 52.2% when estimating area, delay, and
static power metrics within a 20% error margin, respectively.
This work lays the foundation for a new line of research
that leverages the capability of LLM reasoning to estimate
post-synthesis metrics of HDL designs.
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