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ABSTRACT Accurate cache performance prediction is critical for designing efficient memory hierarchies
in high-performance computing systems. While cyclic simulators provide high accuracy, they require
significant computational cost and time, making them inefficient for large-scale design space exploration.
Analytical models are faster but lack accuracy in complex cache scenarios. This paper proposes MLCRP,
a machine learning-based GPU cache performance prediction framework that utilizes the reuse profile (RP)
as a key feature. RP capturesmemory access locality through a histogram of reuse distances.MLCRP consists
of three main stages: data preparation, training, and inference. In the data preparation stage, synthetic RP-
based traces are generated from parameterized distributions to simulate diverse and non-stationary memory
patterns. In the training stage, a regression-basedMLmodel is trained to capture the relationship between RP
features, cache configurations, and performance metrics such as miss rate and miss status holding register
(MSHR) merge rate. Finally, we propose a method to extract RP features from real GPU application traces,
enabling the trained model to predict cache performance. Experimental results demonstrate that MLCRP
significantly improves prediction accuracy compared to existing analytical models, maintaining the mean
absolute error (MAE) within 5%. Furthermore, it successfully reduces simulation time by an average of four
orders of magnitude compared to cycle-accurate simulators. Combining the strengths of analytic speed and
simulation accuracy, MLCRP offers a scalable and generalizable solution for GPU cache modeling.

INDEX TERMS Cache memory, reuse distance, reuse profile, machine learning, train data generation.

I. INTRODUCTION
In high-performance computing architectures, the GPU
memory systems are playing increasingly critical roles.
In particular, cache memory significantly impacts processor
performance and power efficiency, prompting active research
to optimize it [1], [2]. Consequently, while cache perfor-
mance modeling has traditionally been a prominent research
area, its significance has been further highlighted.

The need for cache performance modeling arises from two
primary factors. First, advancements in computer architecture
have led to a substantial increase in the scale and complexity
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of cache systems. Exploring the vast design space to find opti-
mal cache configurations requires considering both hardware
and application characteristics. Second, while cycle-accurate
simulators such as Gem5 [3], GPGPU-Sim [4], and Accel-
Sim [5] provide high accuracy, their slow simulation speeds
are a limiting factor. As the number of cache configurations
to explore increases, the time required for simulation grows
exponentially, making it practically impossible to evaluate
all potential designs exhaustively. Thus, cache performance
modeling plays a critical role in addressing these limitations.

Cache performance modeling helps reduce the time
and computational resources needed for simulations. Such
methodologies [6], [7], [8], [9], [10], [11], [12], [13], [14],
[15], [16], [17], [18], [19], [20], [21] not only maximize
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design efficiency but also facilitate effective design space
exploration (DSE).

Two primary approaches have been widely studied for
cache performance modeling and DSE: analytic models
and simulation-based models. The first approach involves
developing performance analytic models [6], [7], [8], [9],
[10], [11], [12], [13], [14], [15], [16], which are based on
theoretical models or mathematical analyses using reuse
distance (RD) or reuse profiles (RP). RD is a critical locality
metric used to evaluate performance indicators [22]. RP is
data that represent the frequency of RD and can also be
utilized for predicting cache performance. Simple models are
highly advantageous due to their low computational overhead
but face challenges in accuracy as the target cache model
grows more complex.

The second approach seeks to overcome these limitations
by accelerating simulation or mimicking cache behavior [17],
[18], [19], [20], [21]. These methods model only the cache or
partially simulate it, enhancing runtime efficiency. However,
they face fundamental constraints in time efficiency due to
the vast design space. Analytic models are fast but less
accurate, while simulation-basedmethods are highly accurate
but slower.

Machine learning (ML) techniques have demonstrated
success in system-level modeling [23], [24], [25], but ML
frameworks specifically tailored for GPU cache performance
modeling are still underdeveloped. Moreover, building an
effective ML-based cache predictor requires addressing two
critical challenges: (1) how to construct meaningful input
features that reflect GPU memory locality, and (2) how
to build diverse and representative datasets that ensure
generalization across cache configurations and workloads.

To this end, we propose two key strategies tailored to GPU
cache memory systems. First, we use RP data as the primary
input feature. RP represents the frequency distribution of
reuse distances and provides a rich description of memory
access locality in GPU workloads. Second, we introduce
a data generation methodology that creates synthetic RP-
based training data by segmenting traces into fixed-length
intervals. This accounts for the non-stationary nature of
memory accesses in GPUs and improves model training and
robustness.

In this paper, we introduce MLCRP, an ML-based
approach to GPU cache performance modeling featured
with RP data. MLCRP consists of three phases: Data
Preparation, Training, and Inference.

In the data preparation phase, training data is generated
based on RP data. To account for non-stationary data
characteristics, RP data is divided into fixed intervals to
generate synthetic data, and extracted from various cache
configurations. In the training phase, the ML-based cache
performance model is trained using the defined input features
(represented by RP) and output labels (cache miss rates and
miss status holding register (MSHR) merge rates). Finally,
in the inference phase, the trained model predicts cache

TABLE 1. Example of memory references and RD.

FIGURE 1. RP calculation for the Table 1.

performance, with methods proposed for extracting features
from real applications. The cache prediction performance of
MLCRP is analyzed by comparing its results with those of
cycle-accurate simulators across various applications.

To the best of our knowledge, MLCRP is the first
machine learning-based framework specifically designed
to predict GPU cache performance metrics—such as miss
rates and MSHR merge rates—using RP features. The key
contributions of this paper are summarized as follows:
• We propose MLCRP, an ML-based GPU cache per-
formance modeling framework that maintains the effi-
ciency of analytic approaches while achieving accuracy
comparable to simulation-based models.

• MLCRP leverages RP features as expressive inputs that
enable accurate prediction of GPU cache performance
metrics such as cache miss rate and MSHR merge rate.
Notably, the MSHR merge rate is difficult to estimate
using traditional models.

• MLCRP introduces a practical and scalable data
generation methodology that segments memory traces
to capture non-stationary behavior, thereby improving
training efficiency, and increasing dataset diversity.

The remainder of this paper is organized as follows:
Section II reviews the background and related work.
Section III outlines our motivation for this study. Section IV
introduces the proposed MLCRP framework in detail.
Section V presents the experimental results, and Section VI
concludes the paper with a discussion of the findings.

II. BACKGROUND AND RELATED WORK
Reuse distance (RD) and its histogram-based extension, reuse
profile (RP), are widely used to model memory access
locality and predict cache performance [22], [26]. Based on
these metrics, prior cache modeling techniques are generally
divided into two categories: analytic models, and simulation-
based models. This section reviews RD/RP definitions and
summarizes related work across both modeling paradigms.

A. REUSE DISTANCE AND REUSE PROFILE
RD represents the difference in the number of uniquememory
addresses between two consecutive accesses to the same
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TABLE 2. Comparison of different cache modeling methods for AlexNet.

memory reference. RD is typically used to predict cache
misses based on the 3C model (Compulsory, Capacity, and
Conflict misses). The RD for the first access to an address is
denoted as −1 or∞, and in Table 1, it is represented as −1.
An RD of −1 for memory access indicates that the data does
not exist in the cache, leading to a compulsory miss.

As shown in Table 1, when memory addresses a, b, c, and
d are accessed sequentially, the RD is defined as −1 for the
first access to each memory address, and RD is calculated
for each subsequent access. At times 0, 1, and 2, addresses
a, b, and c are accessed for the first time, resulting in an RD
of −1. At time 3, when an address a is accessed again, the
RD becomes 2, representing the number of unique addresses
between the first access at time 0 and the current access.
Similarly, at time 4, when an address a is accessed again, the
RD is 0. At time 5, when address c is accessed, the RD is
1, reflecting the unique addresses between the current access
and the previous access at time 2. This process is repeated for
the entire length of the trace, and the length of the RD is the
same as the length of the trace.

A histogram representing the frequency of each RD is
called the RP. Fig. 1 illustrates the RP for Table 1, showing
the frequency of each RD value divided by the total number
of memory accesses. The RP is hardware-independent and,
once extracted from a memory reference set, can be analyzed
for various cache hardware configurations.

B. ANALYTIC CACHE PERFORMANCE ANALYSIS
Analytical approaches [27], [28] offer faster computation
by relying on heuristics, but they are limited in accuracy.
These methods typically involve extracting and analyzing
trace data. Early approaches required large-scale input data
provided by compilers or profilers, making them inefficient
for DSE [29]. Additionally, micro-benchmarking methods
used to extract hardware parameters were limited because
they only considered two applications [30]. In CPUs,
techniques for deriving RP by modeling data sharing have
been proposed [31], as well as the introduction of concurrent
RD [32]. However, these methods faced hardware-dependent
issues. Further research explored cache architecture design
using private RP [33], [34], resulting in analytical models
that estimate average memory access time based on RP. PPT-
GPU-Mem [15] introduced a method for extracting RP once
based on hardware, but it had limitations, as it focused only
on cache miss rate. Although it was proposed as a faster
and more accurate parameterized GPU simulator compared
to GPGPU-Sim, its simplified equations were insufficient for
fully predicting cache performance [35].

FIGURE 2. RD data and RP data for AlexNet: (a) RD data, (b) RP data
between time 0 and 1000, (c) RP data between time 3000 and 4000, and
(d) RP data over the entire time period.

C. SIMULATION-BASED CACHE PERFORMANCE ANALYSIS
Cycle-accurate simulators, including Gem5 [3], GPGPU-Sim
[4], and Accel-Sim [5], provide detailed results for cache
hits and misses. However, their primary drawback is long
simulation times. Various methods have been proposed to
reduce simulation time for efficient cache DSE [17], [18],
but they still failed to efficiently explore a wide range
of cache configurations. RD has been used to analyze L1
cache performance [14] and memory access patterns in
applications [36]. One major challenge in collecting memory
access information is the lengthy process of extracting the
RP. Simulation-based predictive models for kernels have also
been suggested, but they are unsuitable for DSE because the
reuse distances must be recalculated every time the cache
configuration changes [20], [21]. This approach was limited
to calculating the RP for a single thread block and struggled
to generalize it to overall performance [20]. Additionally,
DRDA has been employed to investigate the impact of
MSHRs and various cache configurations using RD [21], but
it had the limitation of requiring RD reconstruction for each
new cache configuration.

Somememory accesses that result in misses can be merged
if they target the same block, reducing downstream traffic and
improving effective bandwidth. Since MSHRs significantly
affect cache performance [20], they must be accounted for
when analyzing cache performance using RD.

Therefore, a new approach is needed that retains the
fast computation times of analytical methods while offering
higher accuracy.

III. MOTIVATION
The results of cache performance modeling for real work-
loads are presented in Table 2. The image classification
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network, AlexNet, was evaluated using two different cache
modeling methods. The performance analysis was conducted
with an L1 cache configured with 8 sets and 8 ways per
SM. Simulation results were obtained using a trace-driven
simulator, Accel-Sim [5], and the analytical model employed
was PPT-GPU-Mem [15]. These two models adopt distinct
approaches and input data formats for cache performance
evaluation.

A. INPUT DATA FORMAT
The two models utilize different input data formats. The
simulation approach uses application traces as input, whereas
the analytical model relies on RP data. The input data for the
analytical model is extracted from the simulation input (appli-
cation trace) by generating RD data, from which frequencies
are calculated to produce RP data. Consequently, the data size
is reduced from 21.65GB for the application trace to 6.20MB
for the RP data—a reduction of approximately 1000 times.

Based on the use of RP data for performance modeling
in the analytical model, we propose leveraging RP data as
features in a machine learning model. However, using RP
data as-is has limitations because RP data preserves only the
stationary characteristics of the application.

Fig. 2 illustrates (a) RD traces and (b)-(d) RP data
for AlexNet. Fig. 2(b) shows RP data from time 0 to
1000, Fig. 2(c) covers time 3000 to 4000, and Fig. 2(d)
represents RP data for the entire time range. However,
as Fig. 2(d) illustrates, RP data extracted from the entire
trace tends to average out temporal variations, capturing
only stationary characteristics. This fails to reflect dynamic
changes observed in specific intervals such as Fig. 2(b)
and 2(c), highlighting the need for temporally segmented,
non-stationary RP inputs.

1) CACHE PERFORMANCE
Compared to simulator results, the analytical model demon-
strates lower accuracy and does not provide information
about the MSHR merge ratio. However, when comparing
execution times, the analytical approach is is over five
orders of magnitude faster than simulation. In summary, the
analytical approach offers high speed but limited accuracy.
Hence, a new modeling method is required to enhance
prediction accuracy, integrateMSHRmerge ratio predictions,
and reduce execution time.

To overcome these limitations, it is necessary to generate
training data that reflects the non-stationary characteristics
of input data by utilizing RP information as features
and trace information. Applying this approach to machine
learning-based cache performance modeling is expected to
develop a model that reduces execution time while predicting
performance more accurately.

In summary, we aim to bridge the gap between accuracy
and efficiency in GPU cache modeling by using machine
learning on temporally segmented RP features, enabling
scalable and fine-grained performance prediction.

FIGURE 3. Overview of MLCRP, consisting of the Train, Inference, and
evaluation phases.

IV. MLCRP: ML-BASED GPU CACHE PERFORMANCE
MODELING FEATURED WITH REUSE PROFILES
A. OVERVIEW
We propose MLCRP, a machine learning-based GPU cache
performance modeling framework that utilizes RP to predict
cache behavior. As shown in Fig. 3, MLCRP is composed of
three main stages: data preparation, training, and inference.

In the data preparation stage, diverse RP-based training
data is generated to reflect various memory access patterns
and cache configurations. In the training stage, machine
learning models learn the relationship between RP features
and key cache metrics such as miss rate and MSHR merge
rate. In the inference stage, RP is extracted from a target
application and used to estimate cache performance under
given configurations.

The following subsections detail each component of the
framework.

B. DATA PREPARATION STAGE
As shown in the first part of Fig. 3, the data preparation stage
consists of two main tasks. The first task is generating RP
data, which is utilized as a feature. To enhance the diversity
of the training data, a specific method for generating RP
data is proposed. The second task involves creating synthetic
traces using the generated RP data. These synthetic traces
are generated with varying RPs at regular intervals to mimic
the non-stationarity observed in real-world applications.
Finally, the synthetic traces are employed to extract cache
performance metrics and prepare the training dataset.

1) GENERATING CUSTOM RPs
Figs. 2(b)-2(d) show that real RP data often exhibits multi-
modal distributions that can be approximated by mixtures
of Gaussians. These distributions arise from the spatial
locality and varying access phases of applications. Based on
this observation, we generate synthetic RPs by sampling N
Gaussian peaks across a defined RD range [0,MaxRD]. The
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Algorithm 1 Generate Custom RPs
1: Input: N , MaxRD
2: Output: RP = {(rdi, freqi) | i = 0, 1, . . . ,M}
3: Step 1. Set positions of Gaussian distributions:
4: n← 0
5: while n < N do
6: posn = RNDi(0,MaxRD)
7: ration = RNDf (0, 1)
8: n← n+ 1
9: end while

10: posN = −1
11: ratioN = RNDf (0, 1)
12: normalize ratio
13: Step 2. Generate Gaussian distributions:
14: i← 0
15: while i < M do
16: rdi = i
17: freqi =sum(ration · gaussian(rdi, posn, σ ))

for n = 0, 1, . . . ,N , and σ ∈ (0, 2)
18: i← i+ 1
19: end while
20: rdM = −1
21: freqM = ratioN
22: Return RP

generation process, described in Algorithm1, ensures diverse
and realistic memory access patterns for training.

The process of generating custom RPs consists of two
main steps. The first step is to determine the locations of
the Gaussian distributions (i.e., the means of the Gaussian
distributions), and the second step is to generate Gaussian
distributions based on the determined locations. This process
is presented in Algorithm 1.
In Algorithm 1, lines 1–2 describe the process of generat-

ing RP data, illustrating the input and output. It shows that N
and MaxRD are used as input parameters to generate custom
RP data. The format of the RP data consists of M RD values
and their corresponding frequencies, as shown in the table in
Fig. 1.

Lines 3–12 detail the first stage, where the positions of the
Gaussian distributions are set. The number of position of the
Gaussian distributions depends on the N parameter. In line 6,
the RNDi function generates N values by producing integers
uniformly distributed between 0 and MaxRD. These values
are stored in posn. In line 7, the RNDf function generates
floating-point value uniformly distributed between 0 and 1,
determining the combination ratio ration of the Gaussian
distributions. In other words, the ratio of the Gaussian
distribution generated at position posn is defined as ration.
These two processes are repeatedN times. In lines 10–11, the
last RD is fixed at−1, and its ratio is determined in the same
manner. The section where RD equals −1 must be included
in the RP data. Finally, in line 12, the generated N + 1 ratio
values are normalized so that their sum equals 1.

FIGURE 4. (a) Generate peak RD randomly when N = 3, MaxRD = 32
(b) Custom RP data.

Lines 13–21 describe the second stage, where Gaussian
distributions are generated. Based on the positions and ratios
set in the first stage, Gaussian distributions are generated.
In line 15,M denotes the number of index points in the user-
defined RP data. Thus, RP data generation is performed for
RD values from 0 toM−1. In line 17, Gaussian distributions
are generated with the position values as the mean and a
standard deviation. The function gaussian(x, µ, σ ) returns
the probability density value at x for a Gaussian distribution
with mean µ and standard deviation σ . Here, σ is randomly
set within the range (0, 2). Finally, in lines 20–21, the
frequency corresponding to the RD value of −1 is set to
maintain the ratioN value defined in the first stage. The sum
of all freqm values is guaranteed to equal 1.

Fig. 4 provides another explanation with a simple example.
Assuming N = 3 and MaxRD = 32, three numbers
are randomly selected from the range [0, 32]. In Fig. 4(a),
the randomly chosen location values are 4, 11, and 23.
After generating and normalizing the distribution ratios
corresponding to these values, the Gaussian distribution
results based on this data are shown in Fig. 4(b). This graph
illustrates three Gaussian distributions with RD locations
at 4, 11, and 23. Each of the three Gaussian distributions
occupies a proportion defined by the previously selected ratio
values.

2) GENERATING SYNTHETIC TRACES
In this step, synthetic traces are generated based on the
created RP data. This process is aimed at creating input
for a trace-based cyclic-simulator and consists of two main
parts. The first part involves generating memory indices to
be accessed based on custom RP. The second part involves
generating a kernel that visits the corresponding memory
addresses to complete the synthetic trace. The first part is
described in detail in Algorithm 2.

Lines 1–2 of Algorithm 2 define the inputs and outputs for
generating memory indices. The inputs are L andRP. Here, L
represents the length of the memory indices, andRP refers to
the custom RP data generated in the previous step. The output
is expressed as idx, a vector format of length L.

Lines 4–21 describe the process of returning memory
indices. First, in line 4, a stack is initialized to store arbitrary
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Algorithm 2 Generate Memory Indexes for Synthetic Traces
1: Input: L, RP = {(rdi, freqi) |i = 0, 1, . . . ,M}
2: Output: idx = (idx0, idx1, . . . , idxL−1)
3: l ← 0
4: stack = [ ]
5: while l < L do
6: Draw rd from (rd0, rd1, . . .) for (freq0, freq1, . . .)
7: while size(stack) < rd do
8: idxl = RNDi(0,ADDRS)
9: stack.push(idxl)

10: Update RP for rdi = −1
11: Append idx with idxl
12: l ← l + 1
13: end while
14: idxl = stack[−rd]
15: stack.erase(idxl)
16: stack.push(idxl)
17: Update RP for rdi = rd
18: Append idx with idxl
19: l ← l + 1
20: end while
21: return idx

memory references for processing RD. Memory indices are
selected based on the rd value of the custom RP data and
the probability of the corresponding freq. Since the sum of
all freqi values is 1, they can be considered as probabilities.
In line 6, one of the rdi values is selected based on freqi at
each time step, which is defined as rd .
Depending on the state of the stack, the algorithm is

divided into two parts. The first case occurs when the stack
is empty or its depth is smaller than the selected rd , in which
case the process from lines 8–12 is performed. In this case,
in line 8, a memory reference idxl is selected uniformly
within the address space ADDRS. Then in line 9, the selected
idxl is pushed onto the stack. If rd = −1, the reference
is considered as being accessed for the first time, and RP
is updated. In line 10, RP is updated based on the rd
value, adjusting the ratio of the remaining index length.
Finally, in line 11, the selected idxl is added to the index
vector idx.
The second case occurs when the stack is sufficiently filled.

In this case, the process from lines 14–17 is performed. If the
stack’s depth matches the selected rd , the idxl value at the
depth corresponding to rd is retrieved from the stack. Then,
in lines 15–16, the selected reference is moved to the top of
the stack, and in line 17, RP is updated. The selected idxl is
added to the index vector idx. During subsequent iterations,
idx is updated, and in line 6, a new rd value is selected.
This process is repeated L times to generate the final memory
index vector idx.

The process of updating RP follows the equation below.
This equation uses the trace length L as a parameter and
normalizes the freq value at (l+ 1)-th based on the freq value

at l-th to update it.

freqj,l+1=



if rdj=rd,

max
(
freqj,l×

L − l
L−l − 1

−
1

L−l − 1
, 0

)
otherwise,

freqj,l ×
L − l

L−l − 1

Table 3 illustrates a simple example of generating a
memory index vector idx using a predefined RP. The
initial RP is given as RP = {rd; freq} = {{0, 1, 2,
3,−1}; {0.1, 0.2, 0.3, 0.3, 0.1}}. At each time step l, a reuse
distance rd is selected based on the probability distribution
defined by freq.
When the selected rd exceeds the current stack depth (e.g.,

at l = 0), a new memory reference index is randomly
generated and added to both the trace vector and the stack.
If the stack depth is sufficient (e.g., from l = 3 onward),
a value is reused from the stack at the depth corresponding to
the selected rd , and the stack is updated accordingly to reflect
recent usage.

After each memory access, the corresponding frequency
in the RP is updated using the recurrence relation described
earlier, gradually adjusting the probability distribution as the
trace progresses. This iterative process results in a memory
index vector idx of length L, whose reuse behavior aligns
with the statistical properties of the initial RP.

TABLE 3. Example of memory index generation for synthetic traces.

The second part of generating synthetic traces involves
creating a kernel that iterates through memory indices to
extract the synthetic trace. The index vector idx generated in
the previous step represents a set of memory reference indices
based on custom RP data. Once the kernel iterating through
memory addresses is executed, these can be converted to the
input format required by the trace-based cycle simulator.

C. TRAINING STAGE
The second stage of MLCRP involves training a machine
learning model. This step is described in the second row of
Fig. 3. Here, theMLmodel is amachine learning-basedmodel
designed to predict cache performance. During the training
phase, the MLmodel learns from the data and is then utilized
in the inference phase to predict actual cache performance.
Defining the inputs and outputs of theMLmodel and selecting
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an appropriate machine learning model are crucial factors in
determining prediction accuracy.

1) INPUT/OUTPUT DEFINITION
Clear definitions of inputs and outputs are essential to train
the MLmodel effectively. As illustrated in Fig. 3, the inputs
include custom RP information and cache configuration
details. Custom RP information consists of parameters used
in the generation process, such as N , MaxRD, and user-
defined RPs. Cache configuration details provide specifics
about the set, way, and line size of the cache. The input data is
represented in vector form, including normalized values of N
and MaxRD, as well as the freqi generated by Algorithm 1
from the RP vector. Cache configuration details are also
normalized to values between 0 and 1.

The output of the MLmodel is labeled with cache
performance metrics derived from the input RP information.
These labels are based on cache performance values obtained
by analyzing synthetic traces generated from the custom RP
using a cycle-accurate simulator. The outputs include the
cache miss rate and MSHR merge rate, provided in a (2, 1)
vector format.

2) MLmodel SELECTION
For cache performance modeling, a machine learning model
capable of accurately capturing the nonlinear relationship
between inputs and outputs is required. Multi-Layer Per-
ceptron (MLP) is well-suited for nonlinear problems due
to its use of nonlinear activation functions and multi-layer
structures that excel in learning high-dimensional patterns.
Traditional machine learning methods such as SVR (Support
Vector Regression), RF (Random Forest), and GB (Gradient
Boosting) each address nonlinear data in distinct ways.
SVR leverages kernel methods to map nonlinear data into
a higher-dimensional space, making it particularly effective
for high-dimensional data. RF and GB models utilize
ensembles of decision trees to learn various data patterns and
effectively handle nonlinear relationships through their tree-
based structures.

These models are strong candidates for the MLmodel as
they offer high prediction performance on nonlinear data. The
performance and applicability of each model are discussed in
detail in section V, where experimental results are used for
comparative evaluation.

D. INFERENCE STAGE
The inference stage is the final step of MLCRP and utilizes
the trained MLmodel to predict cache performance for real
applications. As illustrated in Fig. 3, the model transitions
from training to a learned state and receives input data
extracted from actual workloads. The inference stage plays
a crucial role in validating the generalization capability of
MLCRP across unseen cache configurations and diverse
workloads.

1) INPUT FEATURE EXTRACTION FROM TARGET
APPLICATIONS
To enable practical usage, a preprocessing step extracts
RP data from the target application trace. This includes
computing the number of distinguishable RD clusters N , the
maximum RD value MaxRD, and the normalized frequency
vector (freq0, freq1, . . .). These values are extracted by divid-
ing the RD trace into fixed-length intervals and analyzing
each segment independently. This approach captures tempo-
ral variations in memory access behavior more effectively
than static RP extraction.

By tuning the interval length, the temporal resolution of
performance prediction can be controlled, allowing MLCRP
to track dynamic cache behavior at a finer granularity if
necessary. Distinct peaks in the RD histogram are identified
using clustering techniques or peak detection, and their count
determines the value of N .

TABLE 4. GPU applications from Rodinia 3.1*, Polybench† and Tango‡.

TABLE 5. Simulation cache configurations.

The final input vector for theMLmodel consists of normal-
ized RP features (N ,MaxRD, freqi), along with normalized
cache configuration parameters.

2) ANALYSIS OF PRE-PROCESSING OVERHEAD
The pre-processing complexity is manageable and split into
two parts. First, RP extraction is performed alongside trace
collection, incurring no additional cost. Second, identifying
RD clusters and constructing the input vector scales with the
length of freqi, which itself is independent of trace length.
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As a result, the end-to-end preprocessing pipeline remains
efficient.

Unlike traditional simulators, which require extensive
trace replay and full-cycle evaluation, MLCRP enables
near-instantaneous performance prediction once RP data is
available. This property makes it highly suitable for rapid
DSE or real-time cache tuning in GPU systems.

Since MLCRP is trained on synthetic traces with diverse
RP patterns and cache configurations, it generalizes well
to unseen application behaviors and hardware settings. This
ensures practical applicability even in scenarios where the
exact workload or architecture was not encountered during
training.

V. EVALUATION AND EXPERIMENTAL RESULTS
We evaluateMLCRP using a diverse set of GPUworkloads to
demonstrate its practical applicability and scalability in high-
performance memory systems.

FIGURE 5. (N, MaxRD) combinations used for data preparation.

A. EXPERIMENTAL SETUP
1) SIMULATION ENVIRONMENT
We validate the proposed MLCRP framework using a diverse
set of GPU applications. A total of 17 GPU applications are
used, including 9 applications from Rodinia 3.1 [37], which
consists of various kernels focused on scientific computation,
4 applications from Polybench [38], which primarily deals
with linear algebra, and 4 applications from the DNN
benchmark suite Tango [39], which includes deep neural
network workloads. By employing this broad range of GPU
applications, we aim to demonstrate the generalizability of
the proposed framework. The list of applications used in
the experiments, along with their abbreviations and sizes,
is provided in Table 4.
Our experiments are conducted on a desktop equipped with

an Intel(R) Core(TM) i9-9900K CPU running at 3.6GHz, and
the operating system is Linux Ubuntu 18.04 LTS. To extract
memory traces of actual applications, we utilize the NVBit
program [40], and for profiling, we employ Accel-Sim [5],
a trace-driven simulator based on GPGPU-Sim v4.0. The
memory trace extraction is performed once using a GeForce
RTX 3090 with CUDA v11.4.

Additionally, a cycle-accurate simulator, Accel-Sim, was
used to perform various measurements under different
simulation configurations, and these results were compared
with MLCRP outcomes to evaluate cache performance.
Specifically, the simulator was configured as shown in
Table 5, with the cache size per SM varying from 1 KB

to 128 KB and cache associativity adjusted from 1-way to
1024-way. Meanwhile, the number of SMs was fixed at 82,
based on modern GPU architectures, to maintain consistency
across experiments.

2) DATA PREPARATION
In MLCRP, the input parameters N and MaxRD, which
are required for training data generation, are utilized in
the data preparation process to reflect various application
environments. Fig. 5 illustrates the (N ,MaxRD) combina-
tions used to ensure data diversity. The horizontal axis
represents N , while the vertical axis representsMaxRD, with
the generated data spanning the range of (N ,MaxRD) values
from (1,12) to (1,4096). The RP generation method utilizing
these (N ,MaxRD) combinations is described in Algorithm 1.

The trace length L for the training data is fixed at 10,000.
Additionally, for comparative analysis, each combination in
Fig. 5 is considered as a single cell, and the number of
training data samples per cell is adjusted to 5, 10, 20, and
50 to analyze the results. This approach helps in exploring
the optimal training environment based on parameter density
and the number of training samples.

3) TRAINING AND INFERENCE
Four machine learning models for MLmodel are employed:
traditional machine learning models such as SVM, RF,
and GB, as well as a neural network-based model, MLP.
The hyperparameters for each model are based on standard
configurations from prior research in system performance
prediction. The hyperparameters for each model are as
follows:
• MLP The model uses 3 hidden layers with 1024, 128,
and 32 nodes, respectively. A dropout rate of 0.5 is
applied, and ReLU is used as the activation function.
Since the output layer predicts values between 0 and 1,
a sigmoid function is applied before the output layer.
The learning rate is set to 0.001, and the batch size
is 256. 80% of the total data is used for training,
while the remaining 20% is set as the test set to verify
convergence.

• SVM A radial basis function kernel is used, with a no-
penalty parameter of 0.1 and a penalty parameter of 1.0.

• RF The number of trees used is 100, with no limit on the
tree depth. The minimum number of samples required to
split an internal node is 2.

• GB The number of boosting stages is set to 100, with
a maximum depth of 3 for each decision tree. The
minimum number of samples required to split an internal
node is 2, and the learning rate is 0.1.

The performance of the MLmodel is compared with
various cache models. The comparison includes PPT-GPU-
Mem [15], a mathematical analytical model, and Accel-
Sim, a cycle-accurate simulator. The prediction results and
simulation times of these models are evaluated against those
of theMLmodel inMLCRP.While PPT-GPU-Mem is limited
to predicting only cache miss rates, Accel-Sim is capable
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of predicting both cache miss rates and MSHR merge rates,
making it suitable for a direct performance comparison with
the MLmodel.

Performance metrics are compared using mean absolute
error (MAE) and R2 score (coefficient of determination).
MAE is the mean of the absolute differences between
the predicted and actual values, evaluating the absolute
prediction error of the model. MAE is defined as follows:

MAE =
1
n

n∑
i=1

|yi − ŷi|

where n is the number of data points, yi represents the actual
values, and ŷi represents the predicted values.

On the other hand, the R2 score measures how well the
model’s predictions explain the variance in the actual values.
An R2 score closer to 1 indicates a better performing model.
R2 is defined as:

R2 = 1−

∑n
i=1(yi − ŷi)

2∑n
i=1(yi − ȳ)2

where ȳ is the mean of the actual values.

FIGURE 6. Error occurrence depending on training data size: (a) 100,
(b) 50, (c) 10, (d) 5.

B. MLCRP PARAMETER SENSITIVITY
1) DATA PREPARATION STAGE
The performance of machine learning models is significantly
influenced by the amount of generated training data. Fig. 6
presents the results obtained when generating 5, 10, 50,
and 100 training data samples per (N ,MaxRD) parameter
combination.

When the unit data size is 100 (Fig. 6(a)), most errors occur
below 0.6. When the data size is reduced to 50 (Fig. 6(b)),
a similar trend is observed, but the error occurrence frequency
slightly increases in the 0.2–0.3 range. As the data size
decreases to 10 (Fig. 6(c)) and 5 (Fig. 6(d)), errors exceeding
0.2 occur more frequently, and the performance degradation
becomes more pronounced.

Fig. 7(a) shows the MAE results based on cache config-
urations. When there are five training data samples per cell,
theMAE is approximately 1.6%, and it gradually decreases as

the number of training samples increases. When using 50 and
100 samples per cell, the MAE remains nearly identical;
however, using 100 samples doubles the time complexity.
Therefore, despite a slight loss in accuracy, using 50 samples
per cell may be a more efficient choice.

FIGURE 7. MAE variation based on (a) the training data size and
(b) different machine learning models.

An analysis of error distribution based on dataset size
reveals that as the dataset size decreases, errors tend to be
more evenly distributed, with errors exceeding 0.2 occurring
at the highest frequency (Fig. 6(c), (d)). In contrast, when the
dataset size increases beyond 50, most errors remain below
0.1, and the distribution variance significantly decreases. This
indicates that greater diversity in training data positively
impacts model prediction performance. For instance, when
the dataset size is 5, the average error is 0.35 with a standard
deviation of 0.12, whereas with a dataset size of 100, the
average error decreases to 0.08 with a standard deviation of
0.05.

An analysis of the relationship between training dataset
size and prediction accuracy shows that as the dataset size
increases, MAE tends to decrease. However, after exceeding
a dataset size of 50, a saturation effect is observed, where the
rate of MAE reduction diminishes significantly (Fig. 7(a)).
For example, increasing the dataset size from 10 to 50 reduces
MAE by approximately 1.2%, but increasing it from 50 to
100 results in only a 0.1% additional reduction. This
suggests that generating additional samples beyond a dataset
size of 50 contributes minimally to accuracy improvement.
Therefore, considering both performance and efficiency,
setting the dataset size to 50 may be the most appropriate
choice.

2) TRAINING MLmodel
Fig. 7(b) illustrates the results obtained using traditional
machine learning models such as SVM, RF, and GB. All
three models demonstrated relatively good performance, with
MAE within 10%. However, MLP consistently achieved the
lowest MAE across all experimental configurations. These
results suggest that MLP effectively captures the nonlinear
relationships between RP data and cache performance.
Notably, MLP exhibited more stable predictive performance
than the other models, even in cache configurations with high
complexity.
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FIGURE 8. When L1 cache size is 8KB per SM, associativity is 8 and line size is 128B, miss/merge rate prediction.

FIGURE 9. Performance comparison with Accel-Sim based on (a) R2 score
and (b) MAE.

Based on these findings, subsequent experiments will set
the unit training data size to 50. Additionally, MLP will
be adopted as the MLmodel to validate its performance
across various cache configurations. This decision reflects
the advantage of MLP’s nonlinear learning capability in
predicting performance.

C. PERFORMANCE OF MLCRP
Fig. 8 presents the performance prediction results for a cache
configuration with 8 sets, 8 ways, and an 8 KB size. The
prediction results for each application are compared with
those from the analytical model PPT-GPU-Mem [15] and the
cycle-accurate simulator Accel-Sim.

The proposed MLCRP model can predict both cache miss
rates and MSHR merge rates, demonstrating high accuracy
across various applications. In contrast, PPT-GPU-Mem is
limited to predicting only the miss rate, providing a relatively
restricted analysis. Fig. 8 shows that MLCRP provides
predictions closer to Accel-Sim results compared to PPT-
GPU-Mem.

A quantitative analysis of the relative error between
MLCRP and Accel-Sim revealed that for most applications,
MLCRPmaintained an error rate of less than 5% compared to
Accel-Sim. For simpler patterns such as BFS, the error was
as low as 1%. This result indicates that MLCRP effectively
learns the complex memory access characteristics associated
with different cache configurations. Fig. 9 provides a
quantitative comparison of the prediction results, where
Figs. 9(a) and 9(b) depict the R2 score andMAE, respectively,
comparing MLCRP with PPT-GPU-Mem based on the data
from Fig. 8. In all cases, MLCRP achieved higher R2 scores
and lower MAE values than PPT-GPU-Mem.

Notably, MLCRP recorded an R2 score of 0.975 for
both miss rate and merge rate predictions, significantly

FIGURE 10. MAE of MLCRP across all applications under different cache
configurations: (a) miss rate, (b) merge rate.

outperforming PPT-GPU-Mem, which had an R2 score of
0.426. Additionally, MLCRP achieved an MAE of 0.043,
which is lower than PPT-GPU-Mem’s MAE of 0.333,
confirming MLCRP’s superior prediction accuracy over
existing analytical models.

The overall performance of the cache configuration model
is presented in Fig. 10. Figs. 10(a) and 10(b) illustrate the
MAE for miss rate and merge rate predictions across all
applications as the number of cache sets and ways varies.
These results demonstrate that MLCRP maintains a high
prediction accuracy within a 5% error margin compared to
Accel-Sim. In particular, the stable MAE for miss rate and
merge rate predictions, even as the set and way sizes increase,
highlights MLCRP’s scalability and reliability.

Finally, the ability of MLCRP to simultaneously predict
both miss rate and merge rate while maintaining low errors
further underscores its practical applicability.

D. SIMULATION TIME AND TRAINING COST ANALYSIS
Fig. 11 presents a log-scale comparison of simulation times
for PPT-GPU-Mem, MLCRP, and Accel-Sim. Since all three
models include a trace extraction process, the measured
simulation time reflects only the stages following trace
extraction. While Accel-Sim’s simulation time increases
exponentially with application trace size, PPT-GPU-Mem
employs a simple formula, resulting in extremely short
simulation times.MLCRP, although slightly slower than PPT-
GPU-Mem, achieves significantly faster simulation speeds
compared to Accel-Sim.

Notably, for applications with simple memory access
patterns such as BFS, there was almost no performance
difference betweenMLCRP and PPT-GPU-Mem. In contrast,
for applications with more complex cache access patterns,
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FIGURE 11. When L1 cache size is 8KB per SM, associativity is 8 and line size is 128B, simulation time in mili-seconds.

such as GES and LUD, MLCRP demonstrated higher
accuracy than PPT-GPU-Mem. This result indicates that
MLCRP effectively captures complex data characteristics.

MLCRP leverages GPU acceleration, achieving a speedup
of over five orders of magnitude faster compared to Accel-
Sim for most applications, demonstrating its high efficiency.
As memory trace size increases, the speed improvement
becomes even more significant compared to CPU-based
execution. These results suggest that MLCRP is a suitable
solution for large-scale data processing and complex design
space exploration simulations. Furthermore, MLCRP utilizes
GPU acceleration and parallel processing to significantly
reduce simulation and training costs, providing a crucial
advantage in high-performance computing environments.

From a training cost perspective, MLCRP’s training
dataset includes trace data of length 10,000 (size 73MB),
with each individual dataset labeling requiring an average
of 627.17 seconds (approximately 10.45 minutes). When
generating 100 data samples using 10 cores in parallel,
the total processing time is approximately 100 minutes.
In comparison, simulating AlexNet using Accel-Sim requires
approximately 189,348 seconds (about 52 hours), confirming
that MLCRP offers significantly higher efficiency.

FIGURE 12. When L2 cache is configured with 16 sets, 64-way
associativity, and 128B line size (totaling 128KB L2 cache), miss/merge
rate prediction results for selected GPU applications.

E. EXTENSION TO L2 CACHE MODELING
To assess the extensibility of MLCRP beyond private L1
caches, we conducted a proof-of-concept experiment on
shared L2 cache modeling. As shown in Fig.12, MLCRP was
directly applied to the L2 memory traces of selected GPU
workloads without modification.

RP were computed at fixed intervals from L2 traces,
following the same segmentation method used for L1.
Unlike L1, however, L2 traces reflect more complex and

TABLE 6. The miss rate ranking of GES.

non-stationary behaviors due to shared access across SMs and
upstream effects from L1 cache dynamics.

Despite these challenges, MLCRP achieved reasonable
prediction accuracy across diverse applications. Some degra-
dation compared to L1 was observed, which we attribute
to the lack of detailed L1 access context and unmodeled
inter-cache interactions. Nonetheless, the results validate the
model’s potential to generalize across cache hierarchies with
minimal changes.

F. RANK ACCURACY ANALYSIS
MLCRP can also be applied to cache optimization design
problems. For instance, when evaluating 10 different cache
configurations, MLCRP can quickly determine their rank-
ings. Table 6 presents the miss rate rankings for the
GES application, comparing the rank correlation coefficient
measured against Accel-Sim.MLCRP achieved a remarkably
high correlation coefficient of 0.939, whereas PPT-GPU-
Mem recorded 0.491, showing no clear trend.

Notably, MLCRP accurately predicts rankings even for
complex cache configurations, significantly improving the
efficiency of design space exploration. When comparing the
top three and bottom three ranked configurations, MLCRP’s
predicted rankings aligned with those of Accel-Sim. This
result indicates that MLCRP can reliably determine design
priorities.

Some minor discrepancies were observed in the middle-
ranked configurations, likely due to differences in miss
rate predictions for specific cache configurations. However,
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these errors have minimal impact on the overall design
space exploration and do not significantly affect MLCRP’s
efficiency and accuracy.

These findings demonstrate thatMLCRP can be effectively
utilized for cache design space exploration. The high rank
correlation coefficient and precise performance differentia-
tion suggest that MLCRP has strong potential as a key tool
for design optimization problems.

VI. CONCLUSION
This paper proposes MLCRP, a machine learning-based
cache performance modeling framework that bridges the gap
between analytic and simulation-based methods. MLCRP
utilizes RP features to generate training data and enables
accurate prediction of key cache metrics—including miss
rates and MSHR merge rates—across a wide range of
configurations.

Experimental evaluations demonstrate that MLCRP
achieves prediction MAE below 5%, an R2 score of 0.975,
and over 10,000× speedup compared to Accel-Sim, while
also enabling effective cache configuration ranking for design
space exploration. These results confirm that MLCRP can
serve as a scalable and high-fidelity alternative to traditional
simulators.

With its ability to capture non-stationary memory behav-
iors, support diverse cache configurations, and deliver
accurate predictions with low overhead, MLCRP provides a
practical and efficient solution for cache modeling in high-
performance GPU systems. It offers significant advantages
in simulation time, generalization, and applicability, making
it a valuable tool for large-scale design space exploration and
optimization.
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