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This paper presents a machine-learning framework for cache-
configuration prediction in embedded Field Programmable Gate Array
(FPGA) systems, with a particular focus on smart-vehicle and resource-
constrained computing applications. The proposed method formulates
cache tuning as a regression problem and predicts the number of sets,
associativity, and block size from memory-access traces together with
FPGA resource budgets. Unlike classification-based approaches limited to
predefined cache classes, the proposed CNN-LSTM model supports
continuous cache-space exploration and produces hardware-feasible
configurations after discretization. Experimental results on MachSuite,
PolyBench, and CHStone benchmarks demonstrate effective
generalization to unseen workloads, achieving a validation MAE of 0.085
and a test-set miss-rate MAE of 0.064. On a Xilinx Zynq-7020 target, the
predicted configurations reduced average CLB utilization from 19.13% to
15.38% of available resources, increased BRAM utilization from 59.86%
to 70.00%, and lowered estimated on-chip power from 0.201 W to 0.196
W under XPE-based pre-implementation analysis. These results indicate
that the proposed approach can significantly reduce the cost of exhaustive
design-space exploration while preserving cache performance and
hardware efficiency, making it a promising solution for embedded FPGA
platforms used in smart-vehicle systems.

1. Introduction

Smart vehicles are increasingly viewed as a key
enabling technology for modern transportation
systems because they can improve road safety,
reduce congestion, and support more efficient
mobility [1], [2], [3]. As vehicle intelligence
advances, applications such as autonomous
driving, driver assistance, and in-vehicle
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perception must process large amounts of sensor
and computational data under strict latency,
energy, and area constraints [4], [5]. In this
setting, embedded hardware platforms must
provide both performance and efficiency, since
these systems often operate in resource-
constrained environments where real-time
response is essential [6].
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Machine learning and deep learning have
become central to many smart-vehicle functions,
including object detection, scene interpretation,
and control support. These workloads are
computationally intensive and place substantial
pressure on the memory hierarchy, especially
when processing continuous streams of data from
cameras, radar, lidar, and other sensors. Field-
Programmable Gate Arrays (FPGAs) offer an
attractive implementation platform for such tasks
because they combine parallel execution,
reconfigurability, and energy efficiency.
However, FPGA-based accelerator design
remains challenging due to limited on-chip
resources such as BRAM, CLB, and DSP blocks,
as well as the difficulty of exploring a large
design space under multiple constraints.

A major bottleneck in FPGA accelerators is the
memory subsystem. In many data-intensive
applications, memory movement and cache
behavior dominate execution time and energy
consumption. As a result, selecting appropriate
cache parameters, including the number of sets,
associativity, and block size, is critical for
achieving a good balance between performance
and hardware cost. At the same time, cache
tuning must account for application-specific
access patterns and device-specific resource
budgets, which makes manual design-space
exploration both time-consuming and difficult to
scale.

Although prior studies have investigated cache
optimization and machine-learning-assisted
design-space exploration, several limitations
remain in the context of FPGA-based embedded
platforms and smart-vehicle applications. In
particular:

e Existing studies often rely on predefined
cache classes or discrete configuration spaces,
which limits flexibility and makes it difficult
to adapt to unseen workloads.

e Hardware-resource constraints are rarely
incorporated directly into the prediction
process, even though CLB and BRAM
availability strongly influence the feasibility
of a cache design.

e The interaction between quantized cache
parameters, miss-rate estimation, and FPGA
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memory primitives is often insufficiently
discussed.

e There is limited analysis of cache prediction
under smart-vehicle-style resource
constraints, where performance and efficiency
must be balanced carefully.

To address these limitations, this paper
investigates a learning-based approach for
application-aware cache configuration in FPGA-
based smart vehicle systems. The proposed
method utilizes memory-access traces to capture
workload behavior and combines this
information with hardware resource constraints
to estimate suitable cache parameters. A learning-
based modeling strategy is employed to extract
meaningful patterns from sequential access data,
enabling the system to relate memory behaviorto
efficient cache configurations. By focusing on
application-driven characteristics and hardware
feasibility, the approach aims to reduce reliance
on exhaustive design-space exploration while
maintaining effective performance.

This paper makes the following contributions:

o [t proposes a direct CNN-LSTM regression
framework that predicts cache sets,
associativity, and block size from memory-
access traces and FPGA resource budgets.

o [t formulates cache prediction in a continuous
output space and then projects the outputs
onto valid hardware-supported configurations
through discretization.

o [t evaluates the predicted configurations not
only in terms of miss-rate behavior, butalso in
terms of CLB usage, BRAM usage, residual
error patterns, and estimated on-chip power on
a Xilinx Zynqg-7020 target.

ot frames the study around embedded
automotive design requirements, where
resource-aware cache selection is important
for latency-sensitive and energy-constrained
FPGA deployment.

The remainder of this paper is organized as
follows. Section 2 reviews related work on cache
optimization and FPGA-based system design.
Section 3 presents the proposed methodology,
including dataset preparation and model
formulation. Section 4 describes the experimental
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setup and evaluation process. Section 5 discusses
the results and their implications for smart
vehicleapplications. Finally, Section 6 concludes
the paper and outlines directions for future
research.

2. Related works

There has been considerable research on the use
of FPGAs in smart vehicles and embedded
intelligent systems [7]. Prior studies have
explored FPGA-based implementations for a
wide range of applications, including robotics,
computer vision, and autonomous driving.
Survey works such as [8] provide comprehensive
overviews of FPGA-based accelerators for
robotic systems, while [9] reviews the evolution
of FPGA-supported computer vision techniques
in automotive applications. Additional studies
[10], [11] highlight the growing importance of
FPGA platforms in next-generation vehicle
systems, emphasizing their advantages in energy
efficiency, parallel processing, and adaptability,
as well as the associated design challenges.

Beyond application-level studies, a substantial
body of work has focused on cache optimization
and design-space exploration, which are critical
for improving memory performance in embedded
systems. Traditional approaches rely on trace-
driven simulation techniques to evaluate cache
configurations. Methods based on binomial trees
exploit inclusion properties to analyze multiple
configurations efficiently within a single pass
[12], [13]. Subsequent improvements, such as
CRCB-based methods and enhanced tag-
matching strategies, have further reduced
simulation overhead [14]. Other tools, including
DEW and SCUD, refine replacement policies and
memory-block handling to accelerate exploration
compared to classical simulators such as Dinero
IV [15], [16]. Although these approaches provide
accurate evaluation, they often involve trade-offs
between runtime efficiency, storage overhead,
and implementation complexity.

More recently, machine leaming techniques
have been introduced to approximate cache
configuration decisions, aiming to reduce the cost
of exhaustive exploration. Several studies
formulate the problem as a classification task,
where predefined cache configurations are
selected based on features extracted from
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execution traces. For example, the work in [17]
employs Random Forest models trained on
instruction-trace features to predict cache
settings, achieving high classification accuracy of
96% after applying feature selection and dataset
balancing techniques. However, such approaches
are inherently limited by their dependence on
discrete parameter classes, which restricts
flexibility and may not generalize well to unseen
configurations.

Other research efforts have explored hardware-
assisted prediction mechanisms. In [18], cache
configuration prediction is implemented directly
on FPGA hardware using neural networks
synthesized into logic, enabling runtime
adaptation with reduced overhead. The approach
achieved energy loss below 5% while using
relatively limited hardware resources. While this
approach demonstrates the feasibility of on-
device prediction, it still relies on discretized
representations and predefined configuration
sets, which can limit adaptability in more
complex design scenarios.

Data-driven approaches have also been applied
to specific cache parameters. The study in [19]
investigates the relationship between memory-
access characteristics and optimal cache block
size using data mining and neural networks. By
analyzing spatial and temporal locality pattemns in
address traces, the authors demonstrate that
features such as access distance and reuse
behavior are strongly correlated with cache
performance. A neural network with a 30-node
input layer, two hidden layers, and a 3-node
output layer achieved 95.24% accuracy.
Although effective for parameter estimation, this
line of work typically focuses on individual
design variables rather than jointly optimizing
multiple cache parameters under hardware
constraints.

Despite these advances, several limitations
remain in the context of FPGA-based embedded
systems, particularly for resource-constrained
applications. As summarized in Table 1, existing
studies primarily formulate cache tuning as a
classification problem and therefore restrict
predictions to a finite set of predefined cache
configurations. In addition, most approaches
focus on individual cache parameters or rely on
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Table 1 Comparison with prior machine-learning-based cache prediction studies

Feature [17] [18]

[19] Proposed Work

Random Forest
classification

Learning paradigm

ANN classification

Neural-network
classification

CNN-LSTM regression

Primary objective Cache configuration Runtime cache adaptation Cache block-size Joint cache-parameter
selection prediction prediction

Predicted parameters Cache classes Cache classes Block size Sets, ways, block size

Design-space representation Discrete Discrete Discrete Continuous-to-discrete

Hardware-resource constraints No Limited No Yes

considered

Simultaneous optimization of ~ Limited Limited No Yes

multiple cache parameters

FPGA-aware optimization No Partial No Yes

Flexibility for unseen Limited Limited Limited high

configurations

general-purpose workloads, limiting their ability
to adapt to diverse memory-access behaviors.
Hardware resource constraints, such as available
BRAM and logic resources, are also rarely
incorporated directly into the prediction process.
These limitations motivate the need for a
hardware-aware framework that can jointly
optimize multiple cache parameters while
adapting to both application-specific memory-
access patterns and FPGA resource budgets. To
address this gap, the present work formulates
cache configuration as a regression problem and
integrates memory-access information with
hardware constraints to enable flexible and
efficient cache selection across a broader design
space.

working at GHz working at 100-400 MHz

PCle
Ethernet
Host AXI bus T
(usually CPUYL—
Host 10-100Gbps FPGA
Memory bandwidth Memory

GB level DDR SDRAM GB level DDR SDRAM

Figure 1: A typical structure of an FPGA accelerator

In contrast to prior work, this study focuses on
application-aware cache configuration for FPGA-
based smart vehicle systems, where both
workload  characteristics and  hardware
constraints play a central role. By leveraging
memory-access traces and resource information,
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the proposed approach aims to provide a more
flexible and scalable alternative to traditional
exploration methods, supporting efficient cache
design in embedded automotive platforms.

3. Methodology

This section presents the proposed framework
for leaming-based cache configuration in FPGA-
based smart vehicle systems. The goal is to infer
suitable cache parameters from memory-access
behavior while accounting for hardware resource
constraints and preserving feasibility on the target
platform.

3.1. System overview

Figure 1 illustrates a representative FPGA-
accelerated computing platform used in
embedded and automotive applications. In this
type of architecture, a host processor coordinates
control and sequential tasks, while an FPGA
performs hardware acceleration for compute-
intensive  operations. Depending on the
deployment scenario, the FPGA may be
implemented either as a discrete device
connected through a high-speed interface such as
PCle or as part of a system-on-chip platform in
which the processor and programmable logic
share the same silicon substrate [7].

In discrete configurations, the host and
accelerator may operate with separate memory
spaces and  exchange  data  through
communication protocols and  coherence
mechanisms. In SoC-based designs, memory
sharing is more direct, which can reduce
communication  overhead and  simplify
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integration. In both cases, performance is
strongly  influenced by  memory-access
efficiency, especially in workloads with frequent
data movement and irregular access behavior.

For smart-vehicle workloads, this interaction
between processing elements and the memory
hierarchy is particularly important. Latency,
bandwidth, and on-chip resource usage must be
balanced carefully, making cache organization a
central design concemn. The proposed framework
is therefore designed to support cache tuning
under these hardware and workload constraints.

Benchmarks
inC

Hardware Trace Extraction
Simulator

Array Index Traces

Cache
Configuration
Space

Cache | Parameters

—[ Cache Simulator ]
Cache Miss
Rate

Ground truth

Hardware
Cost Model

Optimizer
Pareto-Optimal
Configurations

Loss function
Hardware Constraint
Injection

Resource budget and traces

[ Pareto Point

[ Model Training

Figure 2: Proposed methodology flow

3.2. Proposed framework overview

The proposed methodology leams a mapping
from application memory-access pattemns and
hardware constraints to feasible cache
configurations. The overall workflow is
summarized in Figure 2.

The process begins with the extraction of array-
index traces from benchmark applications. These
traces capture the access behavior that affects
cache performance. Candidate cache
configurations are then evaluated through
simulation and hardware estimation to obtain
performance and resource metrics. The resulting
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data are used to construct a training set in which
each sample combines trace-derived behavioral
information with FPGA resource constraints and
the corresponding cache parameters.

A learning-based model is trained to
approximate this mapping and generate cache
configurations for unseen workloads. The
purpose of this framework is to reduce
dependence on  exhaustive  design-space
exploration while maintaining compatibility with
application-specific  access behavior and
hardware limitations.

3.3. Dataset generation

The effectiveness of the proposed framework
depends on the quality and representativeness of
the dataset used for training and evaluation. In
this work, the dataset is constructed by combining
memory-access traces extracted from benchmark
applications ~ with  corresponding  cache-
performance and hardware-resource information.
The objective is to establish a structured mapping
between application behavior, expressed through
memory-access pattems, and feasible cache
configurations under FPGA resource constraints.
This section describes the benchmark selection,
trace extraction process, dataset organization, and
filtering strategy used to generate the training and
evaluation data.

3.3.1 Trace sources and benchmark selection

To construct a representative dataset for cache-
configuration learning, we selected benchmark
applications from three widely used suites:
CHStone [20], Machsuite [21], and Polybench
[22]. These benchmarks were chosen because
they cover a broad range of computation patterns
encountered in embedded and accelerator-
oriented workloads, including signal processing,
linear algebra, image processing, and control-
style kemels. Using multiple benchmark families
helps ensure that the training data are not biased
toward a single access pattern or application
structure, which is essential for evaluating cache
behavior under diverse workload conditions.

The benchmark selection was motivated by two
considerations. First, the chosen suites are
commonly used in FPGA and high-level
synthesis studies, which makes them suitable for
studying cache behavior in resource-constrained
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hardware platforms. Second, they provide
sufficient variation in memory-access regularity,
temporal locality, and access density to support
leaming a mapping between trace behavior and
cache configuration. This diversity is particularly
relevant for smart-vehicle-oriented systems,
where memory access patterns may vary
substantially ~ across  perception,  signal-
processing, and control workloads.

In this study, benchmark suites serve as trace
sources rather than as end applications. The goal
is not to model a single automotive workload
directly, but to derive a structured set of memory-
reference sequences that expose the cache
predictor to a range of behaviors. This design
supports cross-workload evaluation and allows
the proposed method to learn from representative
embedded computation patterns while remaining
applicable to a broader class of FPGA-based
smart-vehicle accelerators.

3.3.2 Access-pattern scope and trace
extraction

To capture the memory behavior relevant to
cache performance, array-index traces were
collected during the execution of each benchmark
application. The trace extraction process records
the sequence of memory-access indices
associated with array operations, providing a
compact representation of access locality,
striding patterns, and temporal dependencies.
These characteristics are critical for determining
cache efficiency, as they directly influence hit
and miss behavior.

In principle, memory accesses can be
categorized into read-only, write-only, and mixed
read—write pattemns, each affecting cache
performance and resource utilization differently.
In this study, we restrict the dataset to read-only
access patterns in order to isolate the dominant
factors influencing cache miss behavior and to
simplify the modeling process. Read operations
are particularly relevant in many data-intensive
embedded workloads, where performance is
often limited by data retrieval latency rather than
write-back mechanisms. Focusing on read-only
traces allows the model to learn clear
relationships between access patterns and cache
efficiency without introducing additional
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variability associated with write policies and
buffering mechanisms.

While this restriction provides a controlled
setting for analyzing cache behavior, it also
defines the scope of applicability of the proposed
framework. The current model is most suitable
for read-dominated automotive workloads, such
as inference-oriented perception pipelines,
including object detection, lane detection, traffic-
sign recognition, and other CNN-based
accelerators, where memory accesses are largely
driven by repeated reads of weights and feature
maps. In contrast, workloads with frequent state
updates or write-heavy memory activity, such as
sensor-fusion buffers, state-estimation modules,
SLAM pipelines, and control-loop updates, may
exhibit cache behavior that is not fully captured
by the present read-only traces. In these cases,
write-back traffic, coherence effects, and
replacement dynamics can influence miss rate
and resource utilization more strongly than the
current model accounts for [23]. Therefore, the
proposed framework should be interpreted as a
predictor for read-dominated cache workloads,
while mixed read—write scenarios remain an
important direction for future extension.

From a generalization perspective, extending
the framework to mixed access patterns would
require incorporating additional trace annotations
to distinguish read and write operations, as well
as modeling the impact of write policies (e.g.,
write-through and write-back) on cache behavior
and resource usage. A possible extension
involves augmenting the input representation
with access-type encoding and retraining the
predictor to jointly model read—write interactions.
This direction would enable a more
comprehensive evaluation of cache
configurations in heterogeneous and dynamic
memory-access scenarios typical of advanced
automotive applications.

The trace extraction was performed through
program instrumentation and execution profiling,
ensuring that the collected sequences reflect
realistic runtime behavior rather than static code
structure. Each trace is associated with a specific
kemel or application instance and preserves the
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Figure 3: Model architecture

ordering of memory references, enabling the
subsequent learning model to capture both local
access regularity and longer-range dependencies.

3.3.3 Dataset schema and labeling

The dataset construction process follows the
pipeline illustrated in Figure 2 and consists of
three main stages: (i) extraction and
preprocessing of memory-access traces, (ii)
generation of performance and hardware-cost
labels through cache-configuration exploration,
and (iii) selection and augmentation of Pareto-
optimal design points.

In the first stage, memory-access traces are
extracted from benchmark applications and
segmented into fixed-length samples. Each
sample is represented as a sequence of 1000 delta
values, where each element corresponds to the
difference  between consecutive  memory
addresses. If a trace is shorter than the required
length, it is repeated until the sequence reaches
the target size. This delta-based representation
captures spatial locality and stride patterns while
reducing dependence on absolute address values.
All trace sequences are normalized using min—
max scaling to the range [-1, 1] to ensure
numerical stability during training.

In the second stage, a reference dataset of cache
performance and hardware cost is generated
through systematic exploration of the cache
design space. The cache parameters are swept
across a wide range, including number of sets (1—
128), associativity (1-32), and block size (2—
128). For each configuration, the cache miss rate
is computed using a cycle-accurate simulator
with an LRU replacement policy [17], while the
corresponding FPGA resource usage (CLB and
BRAM) is estimated using a validated hardware
cost model derived from synthesis-based analysis
[24] using AMD Vivado for the Zedboard [25]
with an AMD Zynq™ 7000 FPGA. These
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measurements form the basis for labeling each
trace—configuration pair.

To ensure that the dataset reflects only
practically relevant design choices, a Pareto-
based filtering step is applied. For each memory-
access pattern, all evaluated configurations are
grouped and compared across three objectives:
miss rate, CLB usage, and BRAM usage. Only
configurations that are not dominated in all three
metrics are retained as Pareto-optimal points,
representing  efficient  trade-offs  between
performance and hardware cost.

To improve the diversity and generalization
capability of the dataset, several augmentation
strategies are employed. First, trace-based
samples are generated wusing the delta
representation and fixed-length windowing
described above. Second, for each Pareto-optimal
configuration, additional samples are created by
injecting variability into hardware constraints.
Specifically, the available CLB and BRAM
budgets are scaled within the range [50%, 150%]
using geometric sampling, generating multiple
hardware-constrained instances per
configuration. In the reported implementation, 16
additional samples are generated for each Pareto
point. This augmentation enables the model to
learn how cache configurations adapt to varying
resource budgets.

Each final dataset sample is therefore
composed of: (i) a normalized delta-based
memory-access sequence of length 1000, (ii) two
hardware constraint features representing CLB
and BRAM budgets, and (iii) the corresponding
cache parameters (sets, ways, and block size)
derived from Pareto-optimal configurations.

To facilitate efficient model training, the miss-
rate values associated with each configuration are
stored in a precomputed lookup table, allowing
fast retrieval during optimization and enabling
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the use of composite loss functions that
incorporate both prediction error and hardware-
constraint penalties.

The dataset is constructed using MachSuite and
PolyBench benchmarks for training and
validation, and CHStone benchmarks for testing,
ensuring a program-level separation between
seen and unseen workloads. In total, more than
20,000 samples are generated for training and
validation, which are randomly split in an 80:20
ratio, while maintaining kernel-level separation
to prevent data leakage. The test set consists of
approximately 5,000 samples derived exclusively
from CHStone applications, enabling a robust
evaluation of generalization to unseen workloads.

This structured dataset provides a reproducible
and application-aware = mapping  between
memory-access behavior, hardware constraints,
and cache configurations, forming the foundation
for training the proposed leaming-based
predictor.

3.4. Model architecture

As shown in Figure 3, the proposed predictor
adopts a hybrid neural architecture that combines
convolutional and recurrent components to map
memory-access  behavior and  hardware
constraints to cache configurations. The input to
the model consists of normalized memory-access
traces together with FPGA resource budgets,
specifically the available BRAM and CLB
values. This combined representation allows the
network to learn not only the locality structure of
the trace but also the hardware feasibility context
in which the cache must be implemented.

Memory-access traces can be viewed as
structured sequential signals in which both short-
range locality and long-range reuse behavior
influence cache performance. Consequently, the
architecture  combines convolutional and
recurrent  modules to  capture  these
complementary characteristics. The first part of
the model consists of two one-dimensional
convolutional layers designed to extract local
access patterns, such as stride regularity, short-
range locality, and repeated memory-reference
motifs. In particular, the convolutional filters
capture recurring structures associated with
spatial locality and cache-line utilization. Batch
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normalization and nonlinear activation are
applied after each convolution to stabilize
training and improve feature extraction.

The resulting feature maps are then processed
by an LSTM layer to capture longer-range
dependencies within the access sequence. This
recurrent component is important because cache
behavior depends not only on immediate access
patterns but also on the temporal ordering and
reuse relationships across a larger execution
window. In this sense, the CNN layers extract
localized structural information, while the LSTM
summarizes its temporal progression and
preserves sequential context. The combination
therefore provides a suitable representation for
cache-configuration prediction, where both local
reuse and long-horizon access dependencies
affect miss-rate behavior.

After sequential feature extraction, the leared
representation is passed to a set of fully connected
layers that regress the three cache parameters:
number of sets, associativity (ways), and block
size. These layers produce continuous-valued
parameter estimates, which are subsequently
projected onto valid hardware-supported
configurations during post-processing.

Because the proposed framework relies on
precomputed lookup tables for miss-rate and
hardware-cost estimation, cache configurations
must correspond to synthesizable and previously
evaluated design points. In practice, these design
points are generated using discrete cache
organizations, typically based on power-of-two
geometries, which are widely adopted in FPGA
cache implementations due to their compatibility
with indexing logic, memory packing, and
synthesis-tool behavior [26]. Consequently,
discretization is not treated as an arbitrary post-
processing operation, but rather as a necessary
projection from the continuous regression space
to the feasible hardware design space.

The CNN-LSTM model produces continuous-
valued estimates for the cache parameters. To
achieve a hardware-realizable mapping, the
predicted values are converted to the nearest valid
configurations using operations such as
logz—round—2" for parameters constrained to
power-of-two  representations, while other
parameters are rounded to the nearest synthesis-
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supported integer values. The discretized
configurations are then used for all hardware-
resource, miss-rate, and power-consumption
lookups, ensuring that the reported system-level
evaluation metrics inherently include the effects
of quantization and hardware realizability. The
reference cache configurations are generated
from valid hardware-supported designs and
therefore require no additional quantization.

Although modemn FPGA memory primitives,
such as Intel M20K/M9K memories [26] and
Xilinx BRAM generators [27], support flexible
width and depth configurations, practical
synthesis flows often allocate complete BRAM or
URAM primitives and impose packing
constraints that approximate power-of-two
organizations. Prior FPGA cache
implementations have therefore employed both
power-of-two and non-power-of-two
configurations depending on design goals and
synthesis behavior [28]. In the present work,
power-of-two organizations are adopted for
consistency with the lookup-table generation
process, hardware evaluation flow, and prior
cache-design practices.

In addition, hardware-aware penalty terms are
incorporated into the training loss to discourage
predictions that would lead to large mismatches
after discretization. This strategy encourages the
leamed continuous representations to remain
close to feasible hardware configurations and
improves stability after projection into the
discrete design space. As a result, the proposed
architecture supports both accurate prediction
and hardware-aware cache selection for FPGA-
based systems.

3.5. Training procedure and evaluation
protocol

To ensure that the predicted cache
configurations are both accurate and hardware
feasible, the model is trained using a composite
loss function that integrates prediction accuracy
with performance and hardware-constraint
penalties.

The primary prediction error is measured using
the mean absolute error (MAE) across the three
output parameters (sets, ways, and block size).

Mohammad Cheshfar et al.

For each output dimension m, the MAE is defined
as:

where Y and Y denote the ground-truth
and predicted values for each of the three
outputs. The overall error is computed as:

MAE = § (MAE, + MAE, + MAE;) )

To incorporate hardware and performance
considerations, the total loss function is defined
as:

L=a-tyr+ P toray+V -Lap+ MAE (3)

Where €, represents the estimated cache miss
rate, and lgram and [ g penalize violations of
FPGA resource constraints. The weighting
coefficients a, 8, and yare selected empirically to
balance prediction accuracy and hardware
feasibility; moderate variations in these
parameters were observed to have limited impact
on convergence behavior.

The hardware-violation penalties are defined
as:

0 = {|CTB — CLBgyait | if CLB — CLBgyai @)
CLB — .
0, otherwise,
= {|B?TM — BRAM a1 |, if BRAM — BRAM 4,0, (5)
BRAM 0, otherwise,

The miss-rate and hardware-usage values are
obtained from precomputed lookup tables, which
map cache configurations to performance and
resource metrics derived from simulation and
synthesis. This approach avoids repeated
simulation during training and enables efficient
optimization while preserving consistency with
hardware-aware evaluation.

The dataset used for training and validation is
constructed from MachSuite and PolyBench,
while CHStone is reserved as a held-out test set.
This program-level separation ensures that the
evaluation reflects the model’s ability to
generalize to unseen workloads. Data
augmentation is applied by generating additional
samples for each Pareto-optimal configuration
through controlled perturbation of hardware
budgets. Specifically, CLB and BRAM
constraints are scaled within the range
[50%,150%)] using geometric sampling, and
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only configurations that introduce at least one
tighter constraint are retained. The resulting
values are cast to integers and clipped to device-
supported ranges (e.g., BRAM: 2-240, CLB:
237-6500), ensuring that all generated samples
correspond to realistic hardware scenarios.

Each training sample consists of a normalized
delta-based memory-access trace of length 1000
and the associated hardware constraints. All input
features are scaled to the range [—1,1] using min—
max normalization to ensure consistent numerical
ranges and stable training behavior.

During training, regularization techniques such
as dropout and early stopping are employed to
mitigate overfitting and improve generalization.
Model performance is monitored on the
validation set, and hyperparameters such as
leaming rate and batch size are adjusted
accordingly.

Overall, this training formulation enables the
model to learn cache configurations that jointly
satisfy  prediction accuracy, performance
objectives, and hardware constraints, while
maintaining robustness across varying workload
characteristics and resource conditions.

4. Results
4.1 Hyperparameter tuning

The proposed framework contains several
hyperparameters related to the neural-network
architecture, optimization procedure, and
hardware-aware loss formulation. To determine
an effective configuration while avoiding
excessive optimization complexity, a staged
tuning strategy was adopted in which groups of
hyperparameters were adjusted sequentially
rather than simultaneously.

The training setup was fixed during the initial
exploration stage. Memory-access traces were
represented using fixed-length sequences of 1000
normalized delta values, and model training was
performed using the Adam optimizer with a batch
size of 128. The training and validation datasets
were constructed from augmented samples
derived from MachSuite and PolyBench
benchmarks, resulting in more than 20,000
training and  validation samples after
augmentation. These samples were divided using
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an 80:20 split while maintaining strict kernel-
level separation to prevent data leakage.
Consequently, traces originating from a given
benchmark kemel appeared exclusively in either
the training or validation subset, ensuring that
validation was performed on unseen workload
patterns.

The architecture search focused on identifying
a suitable balance between feature-extraction
capacity and model complexity. Several
combinations of convolutional and recurrent
dimensions were evaluated, including CNN
channel sizes of 32 and 64 and LSTM hidden
dimensions of 4, 8, and 16. Larger convolutional
widths improved the extraction of local access
patterns and stride-related features, while
excessively large recurrent dimensions increased
model complexity without producing consistent
improvements in prediction accuracy. The best
trade-off between accuracy and stability was
obtained using 64 CNN channels and an LSTM
hidden size of 8.

—e— o {Miss-rate penalty)
B (BRAM penalty)
0.090 - ==y (CLB penalty)

0.089

0.088 -

Validation MAE

0.087 1

0.086 -

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Penalty coefficient value

Figure 4 validation MAE obtained during first-stage one-
dimensional coefficient exploration.

In addition to architectural tuning, the
weighting coefficients of the composite loss
function in Eq. (3) were explored through a
coarse-to-fine search procedure. The coefficients
a, B, and y, corresponding respectively to the
miss-rate, BRAM, and CLB penalty terms, were
varied over the interval [0,1] with a step size of
0.1. During the initial exploration stage, each
coefficient was evaluated independently to
identify stable operating ranges, after which
combinations of the most promising values were
jointly assessed.
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Figure 4 presents the validation MAE obtained
during the first-stage one-dimensional coefficient
exploration. The results show that the validation
error varies only slightly across neighboring
coefficient values, indicating that the proposed
optimization framework is relatively robust to
moderate variations of the penalty weights and
does not rely on a narrowly tuned parameter
setting.

Based on this analysis, the following candidate
coefficient sets were selected for the second-stage
search:

a € {0.5,0.7}, B € {0.1,0.7},y € {0.2,0.5,0.8}

The candidate combinations were subsequently
evaluated jointly, and the final configuration (o0 =
0.5, p = 0.7, y = 0.8) was selected because it
achieved the best overall balance between
prediction accuracy, miss-rate preservation, and
hardware-resource feasibility.

Overall, the hyperparameter tuning process
demonstrated that the proposed CNN-LSTM
architecture can effectively capture memory-
access behavior while maintaining compatibility
with hardware-aware optimization objectives.
The selected configuration was subsequently
used in all experiments reported in the following
sections.

4.2 Training and validation results

The proposed CNN-LSTM model was trained
using normalized memory-access traces together
with BRAM and CLB hardware constraints to
predict cache parameters while maintaining
hardware feasibility and minimizing cache miss
behavior. The input representation combined
fixed-length delta-based memory-access
sequences with normalized FPGA resource
budgets, enabling the model to jointly learn
workload-dependent locality pattemns and
resource-aware cache configurations.

Figure 5 and Figure 6 illustrate the evolution of
the training and validation metrics throughout the
optimization process. As shown in Figure 5(a),
both the training and validation prediction errors
decreased rapidly during the early epochs,
indicating effective feature leaming from the
memory-access traces. After approximately 150—
200 epochs, the curves stabilized with only minor
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fluctuations, suggesting convergence of the
optimization process. The lowest validation loss
was achieved at epoch 426 with a learning rate of
0.01, corresponding to a validation MAE of
approximately 0.085. Beyond this point, only
marginal improvements were  observed,
indicating that the selected configuration
provided a suitable balance between convergence
and generalization performance.

a) Training and Validation Prediction error

=& Training prediction error
0.3 1 =®= validation prediction error
=
s 024
0.1 1 - PR =T - )
0 100 200 300 400
Epoch

b) Training and Validation loss

=&— Training loss
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(=}
1

=®= validation loss

1*‘“' h IS

T PPt g e A G

P 4 P & o
L, M dhded as aa ) " e

Loss (MAE + penalties)
(=}
=

0 100 200 300 400
Epoch

Figure 5: Transition of prediction error, loss
throughout the training process

The gap between training and validation
prediction error remained consistently small
throughout training. The average generalization
gap was approximately 0.002, with a maximum
observed value below 0.011, indicating limited
overfitting despite the complexity of the
regression task. Furthermore, the validation error
exhibited low variance during the final training
stages, with a standard deviation of
approximately 0.0011 over the last 50 epochs,
demonstrating stable convergence behavior.
Because the wvalidation set consisted of
benchmark kernels excluded from the training
subset, this result also suggests that the model
generalizes effectively to previously unseen
memory-access pattems.

The loss curves in Figure 5(b) further
demonstrate stable optimization behavior. Both
training and validation losses decreased
substantially during the initial epochs before
gradually approaching a steady operating region.
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The absence of abrupt divergence or oscillatory
instability indicates that the adopted optimization
and regularization strategy successfully stabilized
the leaming process.

a) Training and Validation BRAM penalties
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Figure 6: Transition of hardware cost and miss rate
penalties throughout the training process

Figure 6 presents the evolution of the hardware-
aware penalty terms included in the composite
loss function. The BRAM and CLB penalties
rapidly converged toward small values during the
early stages of training, indicating that the model
quickly learned to avoid hardware-infeasible
cache configurations. In contrast, the miss-rate
penalty decreased more gradually and remained
comparatively larger throughout training. This
behavior reflects the greater complexity of
learning workload-dependent cache-performance
characteristics compared  with  satisfying
hardware-resource constraints. The observed
training dynamics therefore suggest a
hierarchical learning behavior in which the model
first adapts to feasible hardware regions and
subsequently refines cache-performance
optimization.
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Overall, the training and validation results
demonstrate that the proposed framework
achieves stable convergence, limited overfitting,
and effective integration of hardware-awareness
into the leaming process, supporting its
suitability for cache-configuration prediction in
FPGA-based embedded systems.

4.3 Final testing and prediction accuracy

The final model was evaluated on a held-out
CHStone-derived test set containing around
5,000 samples, none of which were used during
training or validation. This workload-level
separation provides a strict generalization test
because the model is required to predict cache
configurations for application kemels that were
excluded from model development. In contrast to
ordinary continuous regression, the proposed task
is constrained by a sparse, synthesis-supported
design space in which valid cache parameters are
restricted to discrete power-of-two values. For
this reason, both standard regression metrics and
quantization-aware measures are reported below.

Table 2 summarizes the prediction
performance of the discretized cache
configurations on the unseen test set. The CNN-
LSTM model first produces continuous-valued
estimates for the cache parameters, and these
outputs are then projected to the nearest valid
hardware-supported ~ configurations  before
evaluation. Accordingly, the MAE, RMSE, and
R? values reported in Table 2 are computed on
the post-processed cache parameters against the
corresponding  ground-truth  configurations,
which are already valid discrete hardware-
supported designs generated by the exploration
process and therefore require no additional
quantization. The model achieves a miss-rate
MAE of 0.064, with an RMSE of 0.155,
indicating that the quantized predictions preserve
the reference miss-rate behavior reasonably well
under unseen workloads. For cache parameters,
exact numerical matching is less informative than
in ordinary regression because small shifts
between neighboring power-of-two
configurations can produce large numerical
residuals even when the resulting cache behavior
remains similar. Accordingly, the reported R?
values should be interpreted cautiously,
especially for set and associativity prediction.
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Table 2 Regression performance on the test set

Parameter MAE RMSE R?
Sets 6.941 13.622 -5.477
Ways 3.075 3.713 -0.218
Words 19.132 30.265 0.285
miss rate 0.064 0.155 -0.247

Because the outputs are constrained to
synthesis-supported cache levels, a more
practical measure is the +1 quantization-level
accuracy, which indicates whether the predicted
cache configuration lies within one neighboring
power-of-two  level of the reference
configuration. Table 3 shows that the proposed
model remains close to the target configuration in
a substantial fraction of test cases, especially for
block size.

Table 3 Quantization-aware prediction accuracy

Parameter 11 Quantization-Level Accuracy

Sets 59.70%
Ways 57.62%
Words 75.09%

To assess deployment cost, the predicted and
reference cache configurations were also
projected onto a Xilinx Zynq-7020 (XC7Z020-
1CLG484) [25] target operating at 100 MHz. For
this device, the available resources are 6,650
CLBs (CLBBaseline) and 280 BRAM blocks
(BRAMBaseiine). Table 4 reports the average
resource consumption of the Pareto-selected
reference configuration and the proposed
predicted configuration as percentages of the
available device resources. Hardware usage
calculated by (CLB/CLBBaseline +
BRAM/BRAMBaseline)/2 .

The reference configuration occupies 19.13%
of CLBs and 59.86% of BRAMs, whereas the
predicted configuration uses 15.38% of CLBs
and 70.00% of BRAMs. Thus, the learned model
shifts resource pressure from logic toward
memory while remaining within the same
embedded FPGA budget. Using AMD Xilinx
Power  Estimator [29] under default
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preimplementation assumptions, the reference
configuration is estimated at 0.201 W, while the
predicted configuration is estimated at 0.196 W,
corresponding to an approximate 2.5% reduction
in estimated on-chip power.

Table 4 Resource consumption and estimated power
on Xilinx Zyng-7020

Metric Reference Predicted Relative
(Average) | Pareto Error
CLBs usage 19.13% 15.38% -3.75%

BRAMs usage 59.86% 70.00% +10.14%
hardware usage 39.46% 42.69% +3.23%
miss rate 39.67% 39.23% -0.44%

Estimated on-

. 0.201W 0.196W -0.005W
chip power

To further evaluate model robustness and
identify potential systematic prediction errors,
residual analyses were performed for the cache-
parameter predictions. Since the number of sets
exhibited the largest prediction error among the
three cache parameters and therefore represents
the most challenging prediction task, the
corresponding residual results are presented in
Figure 7 and Figure 8. Figure 7 shows the residual
histogram, while Figure 8 presents the residual
scatter plot as a function of the predicted number
of sets.

The histogram indicates that the majority of
residuals are  concentrated near  zero,
demonstrating that most predictions remain close
to the reference cache configurations after
discretization. The scatter plot does not exhibit a
pronounced monotonic trend across the
prediction range, suggesting the absence of a
strong systematic bias. Although a small negative
mean residual (—4.82) is observed, the residuals
remain distributed around the zero-error line for
most configurations. The visible clustering of
residuals into discrete horizontal bands is
expected because cache parameters are
constrained to synthesis-supported power-of-two
values. Consequently, prediction errors occur in
quantized steps between neighboring valid cache
configurations rather than as continuous
deviations.
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This behavior reflects the discrete nature of the
cache-design space rather than a deficiency of the
regression model. Overall, the residual analysis
indicates that the proposed predictor maintains
stable generalization behavior on unseen
workloads while producing cache configurations
that remain close to the reference Pareto-optimal
solutions across the evaluated design space.

Overall, the final test results show that the
proposed model generalizes to unseen CHStone
workloads, preserves the miss-rate behavior of
reference cache configurations, and provides
hardware-feasible cache designs with moderate
resource use on a resource-constrained embedded
FPGA platform.

5. Discussion

The study introduces a machine-learning
model that predicts cache configuration
parameters—such as sets, ways, and block
size—based on application-specific array-
index traces and available hardware budgets
(CLBs and BRAMSs). Unlike traditional
methods, the model generates cache parameters
directly, with hardware utilization and
performance metrics like miss rate derived
from precomputed lookup tables for predicted
configurations.
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The model's key outcome shows that, on
average, the predicted cache configurations
reduced CLB utilization by 3.75% while
increasing BRAM utilization by 10.14%
relative to the reference Pareto-optimized
solutions. As a result, the overall hardware
utilization increased by 3.23%. Despite this
resource redistribution, the average miss rate
remained nearly unchanged, with a difference
of only 0.44%, indicating that the proposed
predictor preserves application-level memory
performance while exploring alternative
hardware trade-offs. Power estimation on the
target Zynq-7020 platform further showed a
slight reduction in average on-chip power
consumption, from 0.201 W to 0.196 W. These
results suggest that the predicted cache
configurations achieve comparable
performance while maintaining efficient
hardware utilization and energy characteristics.
To encourage feasible solutions during
training, penalty terms associated with CLB
utilization, BRAM utilization, and miss rate
were incorporated into the loss function,
guiding the model toward balanced trade-offs
between performance and hardware-resource
consumption.

In conclusion, the predictor does not replace
the need for detailed synthesis or simulation;
instead, it efficiently narrows down the design
space by suggesting cache configurations that
achieve near-Pareto performance while
respecting  hardware  constraints.  This
capability can significantly reduce the
evaluation cost of cache design exploration and
provide practical starting points for more
detailed, tool-level optimization. In the context
of smart vehicle applications, where real-time
processing and efficient resource utilization are
critical, this approach enables faster
development cycles and more reliable system
designs. By optimizing cache configurations
for embedded systems in vehicles, such as
autonomous driving modules or infotainment
systems, the predictor supports the creation of
energy-efficient and high-performance
solutions that meet the stringent requirements
of automotive environments.

Our ML-based approach offers a distinct
advantage over related works by enabling the
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simultaneous optimization of multiple cache
parameters—sets, ways, and block size—
across a broader and continuous design space,
unlike most prior studies that rely on
classification-based methods limited to
predefined parameter classes or specific aspects
like cache size or line size. While methods like
[30] and [17] achieve high prediction
accuracies (96-99%,), their reliance on discrete
classes restricts design flexibility and requires
extensive preprocessing, whereas ANNs [18]
face issues like misclassification or energy
degradation under suboptimal configurations.

Our regression framework integrates
memory-access trace information  with
hardware-resource constraints to predict cache
configurations that balance performance and
implementation cost. Experimental results
demonstrate that the proposed approach
maintains a comparable miss rate while
exploring alternative resource-utilization trade-
offs and reducing estimated power
consumption on the target platform. These
findings indicate that machine-leaming-based
cache prediction can significantly reduce the
cost of design-space exploration by providing
high-quality cache configurations without
exhaustive simulation. Future work will extend
the proposed framework to mixed read—write
memory-access workloads by incorporating
access-type information and write-policy
effects into the leaming process. In addition,
future research will investigate transferability
across different FPGA families and evaluate
deployment on embedded platforms under real-
time automotive constraints, including
inference latency, hardware footprint, and
hardware/software co-design considerations.

6. Conclusions

This study introduced a hardware-aware
regression framework for cache-configuration
prediction that combines trace-based learning
with FPGA resource constraints. The evaluation
showed that the model generalizes to unseen
benchmark workloads and produces cache
configurations that remain close to the reference
Pareto-optimal  solutions while preserving
performance and hardware feasibility. Residual
analysis further indicated limited systematic bias,
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supporting the stability of the predictor across the
evaluated design space. The results also show that
the leamed configurations can shift the resource
trade-off in a useful way, reducing logic pressure
while maintaining acceptable memory usage and
slightly lowering estimated power on the target
embedded FPGA platform. Overall, the proposed
method offers a practical alternative to exhaustive
cache exploration for resource-constrained
embedded systems. Future work will extend the
framework to mixed read-write workloads,
investigate transferability across additional
FPGA families, and explore tighter integration
with synthesis-driven optimization flows.
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