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Abstract. In early stages of prototyping and acceleration, designers
rely on vendor-specific and architecture-specific resource metrics (e.g.,
LUTs, ALMs, DSP blocks), which prevent direct cross-platform compar-
ison and complicate design space exploration. We present MARU (Ma-
chine Learning-based Approaches for Resource-to-Area Estimation), a
framework that predicts ASIC-like physical area directly from FPGA re-
source utilization estimates (e.g., post-HLS or synthesis reports). MARU
achieves an average of 4% Mean Absolute Percentage Error (MAPE) in
cross-FPGA experiments using the PolyBench suite, while reducing es-
timation time from the order of 2.5 days of full ASIC synthesis and
place-and-route to just 5 minutes per design. The framework enables
three key capabilities: (1) unified area-based comparison across hetero-
geneous FPGA platforms, (2) real-time area prediction for accelerated
HLS design space exploration, and (3) ASIC migration feasibility analysis
through technology-aware predictive area modeling. MARU bridges the
FPGA–ASIC methodology gap, serving both as a comparative research
tool and as a practical framework for cost-driven hardware co-design
decisions.

Keywords: Area Estimation · Machine Learning for EDA · FPGA-to-
ASIC Mapping · High-Level Synthesis

1 Introduction

Field-Programmable Gate Arrays (FPGAs) have become a dominant platform
for rapid prototyping, and accelerating applications in machine learning, com-
munications, and embedded systems [19][2][3]. Their reconfigurable nature en-
ables rapid prototyping, hardware/software co-design, and workload-specific op-
timization. In both academia and industry, FPGAs are increasingly used as a
first step in the hardware design lifecycle—allowing designers to validate archi-
tectures, explore microarchitectural trade-offs, and evaluate performance before
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committing to fabrication. However, design tradeoff evaluation is complicated by
vendor-specific and architecture-specific resource metrics (e.g., Look Up Tables
(LUTs) [2][3], adaptive Logic Modules (ALMs) [19], Digital Signal Processing
(DSP) blocks) [1][4], which prevent direct cross-platform comparison.

The FPGA design ecosystem reports resource usage using heterogeneous,
architecture-specific primitives such as LUTs, FFs, DSPs, BRAMs [2][3][6][35]
and ALMs [19]. These primitives differ not only across vendors (e.g., LUTs vs.
ALMs) but also across FPGA generations (e.g., DSP48 [1] vs. DSP58 [4] blocks).

This heterogeneity creates two fundamental barriers - First, even within the
FPGA domain, fair comparison between designs is challenging. For example,
one accelerator implementation may consume more BRAMs but fewer LUTs,
while another exhibits the opposite trade-off [35]. Without a common abstrac-
tion layer, determining which design is more area-efficient, or more ASIC-ready,
is ambiguous. This ambiguity becomes even more pronounced across vendors,
where architectural primitives differ substantially in granularity and functional-
ity.

Second, and more critically, there is no direct mapping from FPGA resource
utilization to ASIC area. Unlike ASIC flows, where Electronic Design Automa-
tion (EDA) tools report area in standardized physical units (e.g., mm²) derived
from technology libraries, FPGA flows lack a unified, technology-aware area met-
ric. As a result, designers cannot easily estimate whether an FPGA prototype
will translate into a feasible or cost-effective ASIC implementation. This limits
FPGA’s effectiveness as a prototyping vehicle for silicon-bound designs.

The challenge is amplified in High-Level Synthesis (HLS)-based flows. HLS [32]
is widely adopted for rapid design space exploration, where numerous variants
are generated and compared. However, HLS-reported resource estimates are of-
ten inaccurate, and obtaining precise post-place-and-route results requires time-
consuming compilation flows. When exploring large design spaces, this can re-
quire days per design point. Moreover, even when resource estimates are avail-
able, whether from HLS or from machine learning-based predictors, the outputs
remain disaggregated (LUTs, FFs, DSPs, BRAMs), providing no direct insight
into ASIC-equivalent area or migration feasibility.

In this paper, we argue that area can become a unifying abstraction layer for
comparison of different FPGA designs and for migrating between FPGA proto-
typing and ASIC realization. Area is a reasonable proxy for power and cost, mak-
ing accurate area estimation critical for feasibility. We propose MARU (Machine
Learning-based Approaches for Resource-to-Area Estimation), a framework that
predicts ASIC-equivalent area directly from FPGA resource utilization statistics.
By learning the relationship between FPGA primitives and synthesized ASIC
area, MARU enables technology-aware area estimation without requiring full
ASIC synthesis and place-and-route.

A naive approach is to estimate design area from resource counts using area
weights for each resource, as explored in prior works [7–9]. We applied a similar
methodology utilizing area ratios of various FPGA building blocks from VTR’s
[31] flagship FPGA architecture to estimate an equivalent area. Since the ASIC
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area depends on specific technology nodes, we used linear regression to scale
it. We ran this experiment for all Polybench designs from HLSDataset [36] -
atax, bicg, gemm, gesummv, k2mm, k3mm, mvt, syrk, and syr2k. Across these
designs, the MAPE between the area obtained from ASIC synthesis and the
area obtained by using area weights from the VTR architecture was 57%, with
the worst MAPE being 66.97% for k3mm and least MAPE being 46.67% for k3mm.
The large errors observed here provides a solid motivation for our framework.

To realize our objective, we train machine learning models to estimate the
area required for a given FPGA design. We use utilization statistics reported by
commercial HLS EDA tools like Vitis [5] as input features, and extract an area
estimate from open-source ASIC synthesis tools like Yosys [40] as labels.

The use of ML is critical because the relationship between high-level FPGA
resource metrics (such as LUTs, FFs, and DSPs) and area is highly complex
and not amenable to analytical modeling or linear regression. This complex-
ity arises from complex architectural patterns—such as variations in DSP block
structures or logic cluster configurations—which are difficult to capture ana-
lytically, or different circuits having different wiring complexities. For exam-
ple, across Polybench designs from HLSDataset [36], gemm benchmarks exhibit
greater area variance than atax across different FPGA families, highlighting
the need for circuit-architecture-aware prediction. ML-based prediction not only
captures these complexities but also offers fast inference times and high accuracy.
In this way, our approach offers a fast and generalizable abstraction layer for re-
source estimation across circuit types and FPGA architectures. Our prediction
framework can operate at the HLS or RTL levels.

The proposed MARU framework correlates HLS-derived features with gate-
level implementation metrics extracted from both commercial and open-source
synthesis flows. MARU is trained on datasets that include multi-FPGA imple-
mentation statistics for standard benchmark suites such as PolyBench [36]. It
incorporates high-level utilization features (e.g., LUT, FF, DSP, and BRAM
counts) and maps them to an area estimate derived using both proprietary and
open-source backend flows.

While traditional flows involve running multiple tools across synthesis, place
and route, our ML-based MARU flow predicts metrics available at lower de-
sign abstraction levels much earlier using reports from higher abstraction levels.
Thanks to recent advances in ML, particularly tree-based ensemble models such
as XGBoost and Random Forest, MARU captures nonlinear relationships be-
tween resource features and area, achieving average percentage errors as low
as 1–4% across unseen circuit configurations. While a traditional flow running
Vitis for HLS and Vivado/Yosys for synthesis, place and route per circuit re-
quires around 2.5 days to report area on large datasets like HLSDataset [36], the
trained MARU model itself requires sub-millisecond inference time per design,
with lightweight transfer adaptation completing in under one second on aver-
age. As summarized in Table 1, MARU provides key advantages over traditional
flows: it offers predictive modeling without re-running the backend flow, supports
transfer learning to enable generalization across circuits and FPGAs, and pro-
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Table 1. Comparison of traditional FPGA flow and MARU metric and workflow.

Metric Traditional Flow MARU Flow (Ours)
Flow steps HLS → Synthesis, place

and route
HLS → ML inference

Comparison metrics No Yes
Dev. cost None Requires large dataset
User cost Vivado or similar tools (1) Inference only (no effort)

(2) Transfer learning + inference
Time (user) Minutes–hours (1) < 0.12 ms (inference)

(2) < 1 s (transfer + inference)
Average Error 0% 4%

1 Model trained on user’s circuit/FPGA.
2 Dataset excludes user’s circuit/FPGA.

duces results in real-time during early-stage design. Cross-circuit or cross-FPGA
analysis using traditional flows to explore new design spaces typically requires
a full rerun of the toolchain. In contrast, MARU allows circuit knowledge to
be reused across architectures, enabling efficient estimation through direct pre-
diction or lightweight transfer learning (<10 min), even for incremental design
updates. In this work, we explore specific cases based on circuit varieties and
cross-platform FPGA varieties.

In this work, we evaluate these capabilities across multiple circuit benchmarks
and FPGA platforms to demonstrate scalability and generalization.

Our contributions extend prior research in following key directions:

– We build a systematic machine learning-based framework, MARU, to predict
ASIC area from FPGA resource utilization data. MARU achieves accuracy
in the range of 94%-99% for circuits from PolyBench from HLSDataset.

– We explore different machine-learning algorithms: linear models like regres-
sion, decision trees to complex models like multi-layer perceptrons, neural
networks, random forest and gradient boosted decision trees (XGB) account-
ing for nonlinearities in predictions.

– Intra-circuit and cross-FPGA analysis to test model robustness and general-
ization capabilities are evaluated as part of MARU. We evaluate direct and
transfer-learning protocols to fine-tune predictions.

2 Related Work
The Need for a Single Comparison Metric: Many prior works on FPGA
hardware design focus on optimizing metrics like area or performance per unit re-
source. These are often reported in terms of Configuration Logic Blocks (CLBs)
[7, 8] plus DSP slices and BRAMs. Some studies exploring FPGA versus ASIC
efficiency gaps [9] convert resource utilization into Adaptive Logic Modules
(ALMs), using the number of ALMs to represent area, where various build-
ing blocks are converted to an equivalent ALM. However, such vendor-specific
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representations limit the generalizability of results across different architectures.
This is because the number and structure of logic elements—such as LUTs, flip-
flops (FFs), and multiplexers (MUXs)—within a CLB or ALM can vary widely
between FPGA vendors and even across different generations from the same
vendor. For example, a CLB in a Xilinx and Zynq UltraScale+ FPGA [2, 3] may
contain 6-input LUTs, while a Lattice ECP5 and iCE40 FPGA [24, 25] may use
4-input LUTs, and Intel’s ALMs follow their own logic structure. A unit ALM
contains one LUT and one Flip-Flop. This would correspond to 1/10 of a CLB in
Altera FPGAs. A unit DSP and BRAM area corresponds to 40 and 30 ALMs re-
spectively [34]. Such an architecture-specific metric makes it difficult to compare
area or performance fairly between designs implemented on different hardware.
To solve this, some works report the usage of raw components like LUTs, FFs,
BRAMs, and DSPs across designs. For example, [35] evaluated custom FPGA
accelerators on neural networks by comparing these components. However, be-
cause these metrics depend heavily on the FPGA architecture, toolchain, and
synthesis settings, the results are often not transferable or comparable across
platforms. This motivates the need for a common comparison metric, such as an
area estimate, which can abstract over architecture-specific implementations and
enable cross-platform comparisons for area, performance, and resource efficiency.

HLS based Design: High-level synthesis (HLS) has become increasingly
widespread in the FPGA design landscape, indicating a significant shift from
traditional register-transfer level (RTL) methodologies. As indicated in [10,
32], HLS has moved from a prototyping tool to production with broader acces-
sibility. HLS offers several advantages over RTL-based design, including faster
development cycles [23], higher abstraction levels [42], and the ability to leverage
software engineering practices, which collectively reduce the time-to-market [18]
and lower the barrier for hardware acceleration [22]. HLS facilitates rapid design
space exploration and easier integration of complex algorithms, making it more
adaptable to evolving application requirements [15, 21]. Furthermore, HLS also
enables code optimizations leveraging software engineering practices to simplify
hardware acceleration [26].

Machine Learning for Early HLS Metric Prediction: High-Level Syn-
thesis (HLS), which converts C/C++ code into RTL, is widely used in mod-
ern FPGA workflows [10, 17, 18, 21–23, 42]. However, the process of evaluating
tradeoffs—like resource usage, power, and timing—is slow, since full synthe-
sis and implementation tools can take hours to days per design iteration. This
slows down rapid exploration of design alternatives. To address this, many recent
works use Machine Learning (ML) models to predict post-synthesis metrics such
as LUT counts, FF counts, and critical path delays. Techniques like convolu-
tional neural networks (CNNs), graph neural networks (GNNs), and tree-based
models (e.g., XGBoost) have been applied to predict key HLS metrics, includ-
ing resource usage [12], power consumption [27, 28, 37], and timing performance
[41]. Dai et al. [13], for example, showed that using synthesis report features
can reduce HLS estimation errors by up to 138%. Similarly, Wu et al. [41] used
GNNs on abstract syntax trees to predict post-implementation timing. Large
datasets like HLSDataset [36], which includes over 9,000 design variants across
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multiple FPGA families, have enabled these models to be trained effectively at
scale. Still, challenges remain in making predictions that generalize well across
different FPGAs, toolchains, and designs.

Cross-Platform Prediction and Transfer Learning: Recent works have
explored the challenge of predicting design metrics across different FPGA plat-
forms [29, 33, 38, 39]. ATAPP [38] and XPNet [39] predict the power consump-
tion on unseen FPGAs using machine learning. HLSPredict [33] applies ML
models to predict performance for new FPGA targets without running the full
toolchain. Similarly, XPPE [29] estimates kernel-level performance for unseen
hardware types using CPU execution traces. These methods aim to reduce the
time and compute resources needed for evaluating new designs or migrating de-
signs across devices. In the context of HLS, machine learning models trained
on one FPGA architecture often perform poorly when applied to another, due
to differences in logic block configurations, synthesis behavior, and implementa-
tion tools. To address this, transfer learning has emerged as a powerful method.
Transfer learning allows a model trained on one dataset to be adapted to a
new target using a small amount of labeled data—greatly reducing the need
for full retraining and large-scale data collection. For HLS-based flows, where
generating post-implementation metrics like area, power, and timing typically
requires a full synthesis and place-and-route run, transfer learning enables fast
reuse of existing knowledge. This makes it particularly useful for design space
exploration (DSE) under resource constraints. Previous works such as [14, 20]
demonstrate that transfer learning can speed up DSE across different circuits or
FPGAs, reducing latency while maintaining high prediction accuracy.

3 Methodology

The data set used in MARU is based on a HLS dataset [36] that could be
used for rapid development of machine learning platforms with end-to-end in-
tegration. HLS enables the translation of high-level descriptions (e.g., C/C++)
into hardware implementations while exposing design trade-offs through resource
utilization reports [11]. It consists of 9 different benchmarks, each containing
atleast 500 different configurations parametrized by applying pragmas to each
kernel in the Polybench benchmark suites - array partitioning, loop unrolling,
and pipelining factors. This results in a net total of 4,500+ circuits avail-
able for training and inference. Since the HLS dataset contains proprietary
Xilinx modules for implementing optimized floating point addition and multipli-
cation operations, custom modules needed to be added to replicate this in ASIC
gate-level synthesis.

3.1 MARU data generation framework

The flow for data generation is as shown in Figure 1. The Polybench benchmark
consists of C++ benchmark with pragma statements for loop unrolling, array
partitioning and pipelining. These are used to run HLS in Xilinx Vitis FPGA
to generate Verilog files and utilization reports. The utilization reports contain
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Fig. 1. MARU training and inference frameworks using Vitis HLS for FPGA and Yosys
for ASIC gate-level synthesis implementations.

features such as BRAMs, DSPs, FFs, and LUT counts used in FPGA design.
We use Vitis HLS [5] to generate these HLS resource utilization reports.

For building output data label set containing standard cell area estimates for
an equivalent ASIC implementation using Yosys and which are to be predicted
by a machine-learning model, we process HLS Verilog files containing circuit
implementations and any other Vivado TCL files as input to the ML model.
Since the design from HLSDataset contains binary files with Xilinx proprietary
modules, we designed custom modules like floating-point addition and multipli-
cation. ASIC gate-level synthesis is done in Yosys [40] using a basic synthesis
recipe with no tool specific parametric optimizations. FPGA resource utilization
from HLSDataset and ASIC post-implementation area summary reports from
Yosys are parsed and merged to create a single comma-separated values (CSV)
file with training data and labels. Model training is done using training and test
datasets. Trained model is validated using inference dataset.

Table 2 shows a snippet of FPGA input data and generated equivalent ASIC
area per benchmark. Here area is the output that needs to be predicted. Along
with total cell area and cell count, Yosys also provides cell counts for different
types of cells used in ASIC design. We use Skywater130 PDK [16] for imple-
mentation. During implementation, unit area per cell for a given technology is
known. Thus, estimating cell area and cell count per cell-type provides an accu-
rate picture of total chip/silicon area needed for implementing a given circuit in
ASIC. At an abstract-level we do see a correlation between LUT, FF and DSP
counts with total cell area. Further, the number of registers/ flip-flops and block
RAMs influences the various D-type flip-flop counts after gate-level synthesis.

3.2 MARU Learning Framework

In this section, we describe a systematic machine learning-based framework,
MARU to evaluate various ML models across multiple performance metrics, in-
cluding R2, Root Mean-Square Error (RMSE), and MAPE. The learning pipeline
begins with simple models such as linear regression and multi-layer perceptrons,
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Table 2. Training data summary. Input features from Vitis HLS, while area labels are
extracted from Yosys gate-level synthesis.

Benchmark LUT FF DSP BRAM CellArea (µm2)

ATAX 1054 680 5 11 2,396,601
BICG 1103 781 13 5 2,466,626
GEMM 4091 4649 32 5 12,106,403
GESUMMV 1212 739 20 5 4,677,871
K2MM 3827 2505 56 10 18,734,007
K3MM 2096 1164 56 5 15,763,217
MVT 1074 679 12 5 2,432,109
SYRK 1412 829 32 5 9,025,421
SYR2K 5069 3276 56 14 19,554,186

and progressively explores more expressive models like neural networks and en-
semble learners (e.g., Random Forest and XGBoost) to capture underlying non-
linear relationships.

A part of this motivation stems from early observations that raw utilization
metrics alone do not map linearly to estimated area. For example, although the
overall resource usage (LUTs, FFs, DSPs, BRAMs) for benchmarks such as atax
and syrk falls within a similar range, the synthesized area estimate differs sig-
nificantly. As shown in Table 2, syrk uses only moderately more total resources
than atax, but exhibits nearly 4× higher cell area, largely due to increased DSP
utilization. This highlights that differences in resource composition—not just
total counts—can lead to substantial variation in resulting area.

Table 3. List of features used for gate count prediction.

Feature Name Description / Formula
LUT Number of Look-Up Tables used
FF Number of Flip-Flops used
DSP Number of DSP slices used
BRAM Number of Block RAMs used
LUT_FF_ratio LUT ÷ (FF + 1)
total_resources LUT + FF + DSP + BRAM
DSP_LUT_ratio DSP ÷ (LUT + 1)
log_LUT log(1 + LUT)
log_FF log(1 + FF)

To address these discrepancies while preserving generalization, we deliber-
ately kept feature engineering minimal and interpretable in early experiments.
The goal was to isolate model performance without relying on complex or highly
domain-specific transformations. Only a small number of features—primarily the
raw utilization metrics—were used initially, and later experiments introduced
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modest extensions such as resource ratios (e.g., LUT/FF), log transformations,
and simple aggregations. Table 3 lists the complete set of nine features used in
the final models, including both raw inputs and engineered variants. These were
selected for their simplicity, interpretability, and relevance across FPGAs.

Feature scaling (via MinMax or RobustScaler) and log transformations (on
target values) were applied where needed to normalize feature ranges and im-
prove regression stability. The training data was used to fit four representative
models: Multi-Layer Perceptron (MLP), Keras-based neural network, Random
Forest, and XGBoost. These models were evaluated using R2, RMSE, and MAPE
metrics, and the best model was chosen based on highest R2 and lowest error.
This is shown in Figure 2.
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Fig. 2. Feature engineering, model choice and evaluation metrics used in MARU learn-
ing framework.

Figure 3 shows implementing an ensemble based machine learning model
(e.g., Random Forest) as part of our framework. The input data and data labels
that needs to be predicted is merged together to form a training dataset. We ap-
ply bootstrap sampling and K-Fold cross validation [30] methods to help reduce
variance, add more robustness to predicted models, avoid over-fitting, explore
more diverse feature combinations compared to naive weighted co-efficient based
predictions in linear regression.

To support cross-FPGA generalization, MARU incorporates transfer learning
through fine-tuning and residual-based adaptation. Fine-tuning is performed by
warm-starting the pretrained XGBoost model and continuing training on a small
subset of labeled designs from the target FPGA (e.g., tens to a few hundred
samples), rather than retraining from scratch. In residual-based adaptation, the
pretrained model is kept fixed and a lightweight model is trained to predict
residual errors on the target domain. Fine-tuning is required only when adapting
to a new FPGA family and does not require re-running the synthesis flow for
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each new design. After this one-time step, inference on new designs requires only
FPGA resource utilization features and incurs sub-millisecond latency, with no
additional synthesis or place-and-route steps.
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Fig. 3. Implementing area estimate prediction with random forest based predictors,
bootstrap sampling and K-Fold cross-validation.

3.3 Experimental Setup Overview
To systematically evaluate the predictive capabilities of the MARU framework,
we designed five distinct experiments that vary along benchmarks and predic-
tion settings. Each experiment explores a different generalization axis—ranging
from evaluation within the same benchmark and FPGA to multiple benchmarks
modeling across different FPGA versions—and informs the design of the training
and test splits.

Table 4 summarizes the experimental setup. It outlines the specific scenario
explored in each experiment, the number of benchmarks involved, and the nature
of the modeling case (e.g., direct prediction vs. transfer learning). This struc-
tured evaluation enables a comprehensive assessment of model robustness and
portability across diverse circuit configurations.

Circuits are synthesized in FPGA using HLS and ASIC using Yosys with
a fixed 10ns clock period. This enables timing-aware resource utilization across
both tools. We also used liberty files from open-source Skywater130 PDK [16]
to capture standard area estimates.

4 Results
In this section, we evaluate MARU for ASIC area prediction under progressively
more challenging generalization settings: (i) across benchmarks and (ii) across
FPGA architectures as in Table 4. Performance is reported using the coefficient
of determination (R²), RMSE, and MAPE.
4.1 Experiment 1: Intra-Benchmark Prediction

This experiment corresponds to setting #1 (Same FPGA, Same Benchmark)
in Table 4. We establish a baseline by training models on variants of a sin-
gle benchmark, atax, synthesized for the Xilinx xc7v FPGA, and evaluating
on unseen variants from the same benchmark. The goal is to identify effective
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Table 4. Summary of experimental scenarios and cases for training and inference
for each experiment and their corresponding modeling configurations.

Exp Training
Benchmarks

Inference
Benchmarks

Methods
evaluated

1 (Sec 4.1) FPGA V (80%
of A)

FPGA V (20% of A) Baseline

2 (Sec 4.2) FPGA V (80%
of A)

FPGA V (B, G, M,
K, S)

Direct,
Fine-tuned

3 (Sec 4.3) FPGA V (each
benchmark

80%)

FPGA Z (same
benchmark 20%)

Direct,
Fine-tuned

4 (Sec 4.4) FPGA V (8
benchmarks)

FPGA V (1
benchmark)

Leave-one-out,
Fine-tuned

5 (Sec 4.5) FPGA V (9
benchmarks)

FPGA Z (1
benchmark)

Direct,
Fine-tuned

Benchmarks: A=atax, B=bicg, G=gemm/gesummv, M=mvt, K=k2mm/k3mm,
S=syrk/syr2k. FPGA: V=xc7v585tffg1157-3, Z=xczu9eg-ffvb1156-2.

model classes for area estimation, and to assess whether accurate prediction is
achievable within a relatively homogeneous setting before extending to cross-
benchmark and cross-FPGA scenarios.

Linear models fail to capture the underlying complexity of the data due to
nonlinear interactions between resource features (e.g., LUT, FF, BRAM). As
a result, we evaluate nonlinear models, including tree-based ensemble methods
(Random Forest, XGBoost) and neural networks (MLP, Keras). Among these,
XGBoost achieves the best performance, and is therefore used in all experiments.

Table 5. Comparison of models for ASIC area prediction on unseen circuit variants.

ML Model MLP Keras NN Random Forest XGBoost
R2 -11.42 0.0033 0.9912 0.9942
RMSE (%) 104.30 29.54 2.77 2.26
MAPE (%) 99.99 25.05 1.44 1.47

As shown in Table 5, XGBoost achieves the highest accuracy (R2 = 0.9942,
RMSE = 2.26%, MAPE = 1.47%), closely followed by Random Forest (R2 =
0.9912, RMSE = 2.77%, MAPE = 1.44%). In contrast, neural networks perform
poorly, with unstable or near-zero R2 values and significantly higher errors.

4.2 Experiment 2: Inter-Benchmark Prediction

This experiment corresponds to setting #2 (same FPGA, different benchmark)
in Table 4. We evaluate how the baseline model trained on atax benchmark
generalizes to unseen benchmarks (e.g., bicg, gemm) on the same FPGA. We
consider direct prediction, where the trained model is applied to unseen bench-
marks without modification, and transfer learning, where the model is fine-tuned
using 20% of the target benchmark and evaluated on the remaining 80%.
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Table 6. Cross-benchmark transfer from a model trained on atax.

R2 RMSE MAPE (%)
Benchmark Direct Transfer Direct Transfer Direct Transfer
BICG 0.47 0.99 1.36e6 1.32e5 4.49 1.77
GEMM -10.99 0.93 8.15e6 6.04e5 71.13 3.09
MVT 0.32 0.99 2.13e6 2.59e5 11.22 4.45
GESUMMV -0.38 1.00 4.24e6 9.14e4 41.48 0.80
K2MM -23.15 0.89 1.54e7 1.03e6 81.70 3.44
K3MM -44.55 0.78 1.45e7 1.01e6 82.58 3.34
SYR2K -17.44 0.94 1.55e7 8.59e5 81.30 2.39
SYRK -9.43 0.95 7.88e6 5.64e5 70.43 2.53
Average -13.52 0.94 8.28e6 6.63e5 45.54 2.73

Case 1: Direct Prediction As shown in Table 6, direct prediction performs in-
consistently across benchmarks. While simpler benchmarks such as bicg achieve
moderate accuracy (R2 = 0.465), most benchmarks exhibit poor generalization,
with several cases yielding large negative R2 values (e.g., k3mm: –44.55). This
indicates that a model trained on a single benchmark does not capture cross-
benchmark variability in resource–area relationships.

Case 2: Transfer Learning Applying transfer learning (via fine-tuning on
a small subset of target-benchmark data) significantly improves performance
across all benchmarks. For example, R2 improves from –10.99 to 0.934 for gemm,
from –23.15 to 0.893 for k2mm, and from –44.55 to 0.780 for k3mm. Even bench-
marks with moderate baseline performance (e.g., bicg, mvt) improve to near-
perfect accuracy (R2 > 0.99). As shown in Figure 4, predictions after trans-
fer learning align closely with the ideal diagonal. These results demonstrate
that while direct prediction provides limited generalization across benchmarks,
lightweight transfer learning enables accurate and robust area estimation.
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4.3 Experiment 3: Testing Cross-FPGA Generalization

A frequent question is, if a model is trained using a particular FPGA, will the
model work even if features are collected on a different FPGA. This experiment
corresponds to the setting #3 (same benchmark, different FPGA) in Table 4.
We evaluate how a model trained using the xc7v FPGA generalizes even if the
inference features are obtained from a different FPGA (xczu9), while still pre-
dicting ASIC-equivalent area metric from FPGA-derived features. We consider
direct prediction across FPGA architectures, and residual-based transfer learn-
ing, where the model is lightly adapted using target-FPGA data.

Table 7. Cross-FPGA prediction accuracy across Polybench (Experiment 3).

R2 RMSE MAPE (%)
Benchmark Direct Transfer Direct Transfer Direct Transfer
ATAX 1.0000 1.0000 10120 9633 0.20% 0.21%
BICG 0.9991 0.9992 58685 55556 0.82% 0.82%
GEMM 0.9618 0.9635 452905 442636 2.24% 2.34%
MVT 0.9878 0.9881 241168 237592 2.82% 3.10%
GESUMMV 0.9679 0.9720 652365 608872 1.21% 0.83%
K2MM 0.9682 0.9738 583385 529027 1.57% 1.49%
K3MM 0.9494 0.9560 581696 542479 1.74% 1.86%
SYR2K 0.9869 0.9901 405690 353009 1.04% 1.08%
SYRK 0.9916 0.9921 228287 221292 0.68% 0.72%
Average 0.9792 0.9816 357144 333344 1.37 1.38

Case 1: Direct Prediction As shown in Table 7, direct cross-FPGA predic-
tion achieves strong baseline performance, with an average R2 of 0.979, indicating
that the learned resource–area relationships transfer well across FPGA architec-
tures. This is further supported by low prediction error, with an average RMSE
of 357,144 and MAPE of 1.37%, demonstrating accurate absolute and relative
estimation across benchmarks.

Case 2: Transfer Learning Applying residual-based transfer learning further
improves performance, increasing the average R2 to 0.9816 while reducing RMSE
to 333,344 and maintaining low MAPE (1.38%). Direct prediction already pro-
duces close estimates, but residual-based transfer learning reduces outliers and
improves consistency. Across all benchmarks, transfer learning yields consistent
improvements (average ∆R2 ≈ +0.0043), with larger gains observed in compute-
intensive benchmarks such as k3mm (+0.0066) and k2mm (+0.0057), where FPGA-
specific DSP and BRAM mappings differ more significantly. These results indi-
cate that cross-FPGA generalization is inherently strong, and lightweight trans-
fer learning enhances robustness.

4.4 Experiment 4: Multi-Benchmark Prediction
This experiment corresponds to setting #4 (different benchmark, same FPGA)
in Table 4. We train a unified model across multiple benchmarks and evaluate
generalization using a leave-one-benchmark-out strategy. In each iteration, one
benchmark is held out for testing, while the model is trained on the remaining
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benchmarks. We then apply transfer learning by fine-tuning on 50% of the held-
out benchmark.

Case 1: Direct Prediction As shown in Table 8, direct prediction gives mixed
results across benchmarks. Memory-bound benchmarks such as bicg (R2 =
0.795) and mvt (R2 = 0.831) achieve reasonable accuracy, showing that learned
patterns can be partially transferred. In contrast, compute-intensive designs such
as k2mm (R2 = –0.805) and k3mm (R2 = –3.205) perform poorly, reflecting differ-
ences in DSP/BRAM-driven scaling behavior. This variability is also reflected in
the error metrics, with a high average RMSE of 2,608,956 and MAPE of 20.15%,
indicating poor generalization to unseen resource distributions. Overall, direct
multi-benchmark prediction is inconsistent, with several benchmarks exhibiting
negative R2 values.

Table 8. Multi-benchmark leave-one-out validation results (Experiment 4).

R2 RMSE MAPE (%)
Benchmark Direct Transfer Direct Transfer Direct Transfer
ATAX 0.42 0.99 1532263 217783 24.20% 1.28%
BICG 0.80 1.00 909064 128045 11.94% 1.19%
GEMM 0.21 0.95 2073505 538106 11.15% 2.30%
GESUMMV -1.00 1.00 5075980 210338 67.98% 0.76%
K2MM -0.80 0.94 4286101 779003 13.24% 1.90%
K3MM -3.21 0.93 4942444 635418 16.85% 1.58%
MVT 0.83 0.99 1066137 256862 16.59% 3.22%
SYR2K -0.12 0.95 3889193 857838 13.98% 1.74%
SYRK 0.67 0.97 1405916 448094 7.41% 1.37%
Average -0.24 0.97 2608956 452832 20.15 1.71

Case 2: Transfer Learning Applying transfer learning significantly improves
performance across all benchmarks. As shown in Table 8, the largest gains occur
for benchmarks with poor baseline performance—for example, gesummv improves
from –0.997 to 0.997, and k3mm from –3.205 to 0.930. Even benchmarks with
moderate baseline accuracy (e.g., bicg, mvt) improve performance (R2 > 0.99).

In addition to the R2 improvement, transfer learning substantially reduces
prediction error, lowering the average RMSE from 2,608,956 to 452,832 and
MAPE from 20.15% to 1.71%. The results in Table 8 show that while direct
prediction is unreliable (mean R2 = –0.2449), transfer learning produces consis-
tently accurate estimates (mean R2 = 0.97). A multi-benchmark model provides
a strong starting point, but accurate area estimation across different benchmarks
requires lightweight transfer learning to adapt to each benchmark.

4.5 Experiment 5: Multi-Benchmark Cross-FPGA Generalization

This experiment evaluates whether a multi-benchmark model trained on xc7v
data can generalize to xczu9 while still predicting a unified ASIC-equivalent area
metric from FPGA-derived features, and corresponds to setting #5 in Table
4. We report both direct cross-FPGA prediction and residual-based transfer
learning for adaptation.



Learning Based Presilicon Estimation of Design Area 15

Case 1: Direct Prediction Table 9 summarizes direct prediction results using
a multi-benchmark model trained on xc7v. Direct transfer achieves a strong
baseline (average R2 = 0.8948), but performance varies across benchmarks, with
the largest degradation observed for compute-intensive benchmarks such as k3mm.
This variability is also reflected in the error metrics, with an average RMSE of
2.82M and MAPE of 4.96%, indicating that cross-FPGA transfer becomes more
challenging when training across diverse benchmarks.

Table 9. Multi-benchmark model Cross-FPGA prediction accuracy (Experiment 5).

R2 RMSE MAPE (%)
Benchmark Direct Transfer Direct Transfer Direct Transfer
ATAX 0.99 0.99 0.15M 0.14M 2.63 2.73
BICG 0.99 0.99 0.17M 0.14M 3.47 3.11
GEMM 0.84 0.88 0.92M 0.81M 4.64 4.20
MVT 0.96 0.98 0.42M 0.31M 7.28 5.85
GESUMMV 0.92 0.96 1.05M 0.72M 10.89 5.60
K2MM 0.89 0.92 1.11M 0.95M 3.78 3.31
K3MM 0.66 0.78 1.51M 1.20M 4.65 4.20
SYR2K 0.87 0.88 1.28M 1.23M 3.92 4.16
SYRK 0.93 0.94 0.64M 0.60M 3.34 2.95
Average 0.89 0.93 2.82M 1.08M 4.96 4.01

Case 2: Residual-Based Transfer Learning Residual-based transfer learn-
ing (adapted using 20% of the target xczu9 data) improves robustness and in-
creases average performance to R2 = 0.9252 (Table 9). In addition to the R2

improvement, transfer learning reduces prediction error, lowering the average
RMSE from 2.82M to 1.08M and MAPE from 4.96% to 4.01%. Gains are most
pronounced for benchmarks that exhibit larger cross-FPGA mismatch under di-
rect prediction (e.g., k3mm and gesummv), indicating that residual adaptation
helps correct FPGA-specific implementation differences. Overall, these results
show that a unified multi-benchmark model transfers effectively across FPGA
generations, and lightweight residual adaptation further improves consistency
and reduces large errors, particularly for benchmarks with distinct DSP/BRAM-
driven scaling behavior.

5 Conclusion
In this work, we built a learning-based framework, MARU, to predict ASIC area
estimates from Vitis HLS resource utilization statistics. Across multiple carefully
designed experiments, the MARU framework demonstrated strong predictive
performance and generalization across circuits and FPGAs. MARU achieves an
average MAPE of around 4% in cross-FPGA, multi-benchmark scenarios, with
R2 values up to 0.99. While per-benchmark models achieve near-perfect accu-
racy, generalization across benchmarks and platforms benefits significantly from
transfer learning. Inference requires less than 0.12 ms per design on average,
while lightweight transfer adaptation completes in under one second.
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