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Abstract:  Artificial Intelligence (Al) workloads place heavy demands on computational hardware,
necessitating advanced power management strategies like Dynamic Voltage and Frequency Scaling (DVFS).
This paper presents a workload prediction model for multicore systems based on metrics derived from
simulations using the PARSEC benchmark suite and gem5. The proposed regression-based model uses
system-level metrics such as IPC, CPI, cache misses, and memory access rates to accurately predict workload
performance. The results show a high degree of accuracy in workload prediction, demonstrating the efficacy
of machine learning models in optimizing energy efficiency through DVFS.

Index Terms - Dynamic Voltage and Frequency Scaling (DVFS), Workload Prediction, PARSEC
Benchmark, Multicore Systems, Regression Model, Machine Learning.

|. INTRODUCTION

The rapid advancements in Artificial Intelligence (Al) and machine learning (ML) have transformed
industries ranging from healthcare to finance and autonomous systems. The increasing complexity of Al
algorithms, such as deep neural networks (DNNs) and reinforcement learning models, demands substantial
computational resources to train and deploy these models effectively. These workloads are typically
characterized by intensive matrix operations, large data sets, and frequent memory access, which place
considerable strain on hardware architectures. Consequently, Al chips, including Graphics Processing Units
(GPUs), Tensor Processing Units (TPUs), and custom Al accelerators, have become indispensable for
efficiently handling the growing computational demands of Al workloads.

However, the inherent variability of Al workloads presents significant challenges in maintaining optimal
performance, especially when deploying these systems on energy-efficient multicore architectures. Al
workloads are typically dynamic and exhibit varying levels of computational intensity depending on the
specific task being performed, such as image classification, natural language processing, or predictive
modelling. These tasks involve different resource requirements, including CPU utilization, memory
bandwidth, cache usage, and floating-point arithmetic operations, which fluctuate throughout the execution
of the Al models. As a result, managing performance and power consumption across a range of workloads
becomes critical for maintaining efficiency.
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Dynamic Voltage and Frequency Scaling (DVFS) is one of the most widely adopted techniques for
optimizing energy efficiency in multicore processors. DVFS allows the system to dynamically adjust the
operating voltage and clock frequency of the processor based on real-time workload demands. By scaling
down the voltage and frequency during periods of low computational demand, the system can significantly
reduce power consumption without sacrificing performance. Conversely, during periods of high demand,
DVFS increases the voltage and frequency to ensure that performance requirements are met. Despite the
proven effectiveness of DVFS, accurately predicting workload performance and determining the optimal
frequency and voltage levels remains a complex challenge, particularly in systems with diverse Al workloads.

To address this challenge, researchers have turned to machine learning models to predict system
performance and guide the application of DVFS. By leveraging detailed performance metrics such as
instructions per cycle (IPC), cycles per instruction (CPI), cache misses, memory access latencies, and
floating-point operations, machine learning algorithms can analyse workload patterns and predict future
demands. These predictions can be used to adjust the system’s operating parameters dynamically, ensuring
that energy is conserved without compromising the execution speed of critical Al workloads.

The PARSEC (Princeton Application Repository for Shared-Memory Computers) benchmark suite is a
widely used tool for simulating realistic workloads on multicore systems. PARSEC offers a variety of
applications that cover a broad spectrum of computing domains, including financial modelling, computer
vision, and data mining. These applications present diverse workload characteristics, making PARSEC an
ideal benchmark for evaluating system performance under different Al workloads. Moreover, the gem5
simulator, a modular platform for simulating computer architectures, provides an environment to model CPU
and memory interactions in detail. Together, PARSEC and gem5 enable the collection of granular
performance data, which can be used to train machine learning models for workload prediction.

In this paper, we explore the development of a workload prediction model for Dynamic Voltage and
Frequency Scaling (DVFS) on multicore systems. The study aims to build an efficient regression-based model
that can predict the workload of a system based on performance metrics gathered from gem5 simulations of
the PARSEC benchmark suite. The model is designed to optimize system performance and energy
consumption by dynamically adjusting voltage and frequency in response to workload demands.

This research addresses several key challenges in the field of energy-efficient computing. First, it
provides insights into how different Al workloads impact system performance, highlighting the critical
factors that influence workload intensity, such as CPU efficiency, cache performance, and memory usage.
Second, the machine learning models developed in this study demonstrate the feasibility of using predictive
techniques to guide DVFS decisions, improving both energy efficiency and performance in real-world Al
applications. Finally, the methodology presented here offers a framework for further research into the
intersection of Al workload management, machine learning, and computer architecture optimization.

The remainder of this paper is structured as follows. Section 2 provides a detailed overview of the
methodology, including tools used, dataset collection, and model development. Section 3 presents the results
of the workload prediction model and discusses the effectiveness of the approach. Section 4 concludes the
paper with a summary of findings and future research directions.

Il. LITERATURE SURVEY

In recent years, Dynamic Voltage and Frequency Scaling (DVFS) has emerged as a prominent technique to
optimize energy efficiency in multicore systems, especially in the context of Al workloads. Liu and Karanth
in [1] proposed a hardware accelerator architecture that applies DVFS to improve energy efficiency, focusing
on machine learning-based voltage-frequency prediction and granularity at different hardware levels. This
approach demonstrated the effectiveness of combining power gating techniques with proactive DVFS state
selection.
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1. METHODOLOGY

This section describes the methodology adopted in building a regression-based workload prediction
model for Dynamic Voltage and Frequency Scaling (DVFS) in multicore systems. The process involves
simulating workloads using the PARSEC benchmark suite, collecting and processing performance metrics
from the gem5 simulator, and developing machine learning models for predicting workloads based on system-
level parameters. The methodology is divided into four major parts: tools used, dataset collection, dataset pre-
processing, and workload prediction model development.

A. Tools Used

1. Gem5 Simulator

The gem5 simulator is a widely-used, modular simulation platform designed for computer architecture
research, encompassing system-level and microarchitecture-level simulations. It allows for detailed modeling
of the behavior of computer systems under different workloads. Gem5 supports various Instruction Set
Architectures (ISAs) including x86, ARM, RISC-V, and SPARC, making it highly flexible for a wide range
of research and development tasks.

In this project, we focused on the x86 architecture due to its widespread use in modern multicore
systems. The gem5 platform was configured to simulate a system with a TimingSimpleCPU, which is a
relatively simple out-of-order processor ideal for capturing CPU-related performance metrics. We modeled
both instruction and data caches (L1i and L1d), system memory (DDR3), and bus architectures to simulate
realistic multicore performance scenarios.

The key features of the system configuration include:
o CPU type: TimingSimpleCPU
« Clock frequency: 1 GHz
o Memory size: 512 MB (DDR3)
« Caches: L1 Instruction Cache (32kB, 2-way associative), L1 Data Cache (32kB, 2-way associative)
« Simulation Output: Various performance metrics including cache hits/misses, memory accesses, instruction
execution rates, and floating-point operations.

Figure 1 shows the System built to run the PARSEC Benchmark Suite applications.

v

CPU : X86TimingSimpleCPU |4
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| L1i Cache | | L1d Cache
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v

| System Memory Bus |
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Memory Controller (DDR3_1600_8x8)
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Figure 1: System built to run the PARSEC Benchmark Suite applications
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2. PARSEC Benchmark Suite

The PARSEC (Princeton Application Repository for Shared-Memory Computers) benchmark suite is a widely

used tool for evaluating the performance of multicore systems. It offers a comprehensive set of real-world

applications that span domains such as financial analysis, computer vision, and data mining, making it an

ideal benchmark for simulating diverse workload characteristics.

The following applications were chosen from the PARSEC benchmark suite for this study:

« Blackscholes: A financial analysis application that uses the Black-Scholes equation to price options. It is
highly computation-intensive, making it an ideal candidate for evaluating CPU performance.

« Bodytrack: A computer vision application used for tracking 3D body movements. It is moderately memory-
intensive.

« Fregmine: A data mining application that uses the FP-growth algorithm to discover frequent itemsets. It is
I/0 and memory intensive.

« Swaptions: A financial application that prices swaptions (interest rate derivatives) using a Monte Carlo
simulation. It involves both computation and memory accesses.

Each application was run with three different input sets—test, simdev, and simsmall—to capture variations

in workload intensity and performance. These input sets provide progressively larger workloads, from basic

functionality tests to more complex, real-world simulations.

3. Jupyter Notebook for Data Analysis

The Jupyter Notebook environment was chosen for the data analysis, visualization, and machine learning

modeling due to its interactive interface and support for multiple programming languages. It allowed seamless

integration of Python libraries like Pandas, NumPy, Scikit-learn, and Matplotlib, which were essential for

dataset manipulation, model training, and performance evaluation.

The key libraries and their purposes in this study were:

« Pandas: Used for handling and processing large datasets, including loading the performance data extracted
from gem5 simulations.

« NumPy: Employed for numerical computations and manipulation of array structures.

« Scikit-learn: Provided the machine learning algorithms, including linear regression and Random Forest
models used to predict workloads.

« Matplotlib/Seaborn: Used for visualizing the results of data analysis, such as plotting the feature importance,
workload predictions, and performance metrics.

B. Dataset Collection

1. gem5 Simulation and Metric Extraction

The process of collecting simulation statistics begins with configuring the gem5 simulator to run the selected
applications from the PARSEC benchmark suite. Each application was executed with different input sets to

generate a diverse range of workload scenarios. For each simulation, gem5 outputs a comprehensive set of
system performance metrics, which are stored in a stats.txt file.

stats.txt
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Figure 2: stats.txt file contents
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As shown in figure 2, the stats.txt file contains over 700 parameters, capturing everything from CPU
performance (IPC, CPI) to memory operations (cache accesses, cache misses, memory read/write operations).
However, not all these metrics are equally relevant to predicting workload performance, so the following key
metrics were selected based on their importance in previous studies and general computer architecture
principles:

« system.cpu.ipc (Instructions Per Cycle): A key measure of CPU efficiency. Higher IPC values typically
indicate better CPU performance.

« system.cpu.cpi (Cycles Per Instruction): Reflects the number of cycles needed to execute an instruction,
with higher values indicating more strain on the system.

« system.l1d_cache.overallMisses: The number of data cache misses, which causes delays in execution as the

CPU fetches data from slower memory levels.

« system.l1i_cache.overallMisses: The number of instruction cache misses, which slows down the execution
of instructions.

« system.cpu.executeStatsO.numFpAluAccesses: The number of floating-point ALU operations, indicating
the level of computational intensity.

« system.mem_ctrl.dram.bytesRead and bytesWritten: Total bytes read from and written to DRAM,
indicating memory bandwidth usage.

« system.mem_ctrl.dram.avgMemAccLat: Average memory access latency, providing insights into memory
subsystem bottlenecks.

« simlInsts and simTicks: General statistics on the number of instructions executed and the simulation time in
ticks.

stats.txt python3 parse_stats.py
. ----E--'»
R
§
by
2
Give these parameters as input to a L@
python file which will put these 3
parameters in a xlsx file ‘S
8
g
b
data.xisx

Figure 3: Process of converting stats.txt file to simulation_data.xlsx file

These selected metrics were stored in a structured dataset (saved as an Excel file) for further analysis using
the procedure as shown in figure 3.

C. Dataset Pre-Processing

The raw dataset collected from the gem5 simulations required pre-processing before it could be used for
machine learning model development. The primary steps in the pre-processing pipeline included:

1. Normalization

Since the raw performance metrics are on different scales (e.g., IPC is typically less than 1, while memory
accesses can be in the millions), the dataset was normalized to bring all values onto a common scale. We
applied the Standard Scaler from Scikit-learn, which normalizes the data such that each feature has a mean
of 0 and a standard deviation of 1. This ensures that no single feature dominates the model purely due to its
larger numerical range. Figure 4 shows the header of the normalized dataset.

Application Input size simTicks hostMemory simInsts hostInstRate
Blackscholes test -8.708424 -1.732343 -8.823495 -2.658979
Blackscholes simdev -@.796672 -1.732844 -0.821791 -8.297133
Blackscholes  simsmall -8.27@568  -1.731745 -8.321346 -8.664647
Bodytrack test -8.857174 B8.581882 B.876860 1.457982
Bodytrack simdev ©.027936 8.531881 6.159729 1.134638

bW R @

Figure 4: Normalized Dataset after applying Standard Scaler
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2. Data Augmentation

The original dataset had only 12 data points (3 input sets for 4 applications), which is insufficient for
developing a robust regression model. To increase the number of data points, we applied two augmentation
techniques:

Random Perturbation: Small amounts of noise (£5%) were added to each feature in the dataset to create new,
slightly modified data points that preserve the overall workload characteristics.

Interpolation: New data points were generated by interpolating between existing data points. This technique
helps to create additional workload scenarios that lie between the extremes captured by the original dataset.

After applying these techniques, the size of the dataset increased to 100 data points, providing
sufficient diversity for training and testing the machine learning model.

D. Workload Prediction Model Development
1. Linear Regression Model

The first model developed was a simple linear regression model. Linear regression is a straightforward
approach that attempts to model the relationship between a dependent variable (workload) and one or more
independent variables (system metrics). The goal was to predict the overall workload score based on the
collected metrics such as IPC, CPI, and cache misses.

Each of the selected metrics was treated as an independent variable, while the workload was the
dependent variable. Initially, equal weights were assigned to each metric in the linear regression model, which
resulted in a perfect Rz score of 1.0—a sign of overfitting as shown in figure 5.

Parity Plot: Actual vs Predicted Workload (Equal Weights)
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Figure 5: Plot of perfect prediction line versus True Workload Score

This graph shows that the prediction of workload will happen only if the newly given input’s workload
matches with the workload which is already calculated and kept in the dataset. This means that the prediction
model went into Overfitting model. These kind of models are not suitable for workload predictions as they
cannot understand and analyse new data.
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2. Random Forest Regressor and Feature Importance

To mitigate overfitting and improve the model’s generalizability, a Random Forest Regressor was
used to evaluate the relative importance of each metric. The Random Forest algorithm builds multiple decision
trees and averages their predictions, providing a more robust model that can handle non-linear relationships
between variables.

Feature Importances from Random Forest Regressor

Figure 6: Feature importance extracted from the Random Forest Regressor

The feature importance analysis as shown from table I11-1 and figure 6 gave a detailed analysis such that
parameters such as system.cpu.ipc,system.cpu.cpi,system.cpu.executeStats0.numFpAluAccesses, and cache
misses had the highest impact on workload prediction. This allowed us to fine-tune the linear regression model
by assigning appropriate weights to each feature based on its importance.

3. Workload Calculations

The parameters which has higher influence over the workload were selected. They are:

ssystem.cpu.ipc (Instructions Per Cycle): A high IPC indicates efficient CPU usage. A lower IPC under the
same workload suggests a heavier system load.

ssystem.cpu.cpi (Cycles Per Instruction): Higher CPI means more cycles are needed per instruction, which
reflects a higher workload for the system.

«system.cpu.executeStatsO.numFpAluAccesses (Floating Point ALU Accesses): High numbers of ALU
accesses suggest intensive compute operations.

system.l1d_cache.overallMisses::cpu.data (L1 Data Cache Misses): Cache misses result in more memory
access, increasing the load.

ssystem.l1i_cache.overallMisses::cpu.inst (L1 Instruction Cache Misses): Similar to data cache misses, but
focusing on instructions, increasing memory access and system load.

The workload was thus calculated using the formula:

Workload = (wipc * mic) + (wepi * cpi) + (Wfp » numFpAluAccesses) + (wlld *

lldCaChemisses) + (WIll * 11ica(:hemisses)
where,
- wipc, wepi, wfp, wlld, wlli are the weights for each parameter, based on their relative importance.

> ipic is used because a higher IPC means lower workload, and thus its inverse correlates directly with
workload.
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4. Random Perturbation and Interpolation

The dataset that was used in Trial — 1 have only 12 datapoints, but in reality for a linear regression model,
minimum of about 100 datapoints are required. Therefore to increase the datapoints in the dataset the

combination of two methods were chosen. They are:

syshem‘:pu.ipc‘

P

system.l1d_cach

Adata |system.|1i_cach

pu.inst |Workload Score

0.204334
0.245413
0.251043
0320502
0.313981
0.279505
0.24457
0.250914

4879611
4.058135

398338
319915
3184905
3577152
4.008713
3983404

75300
1060571
77866298
403810724
A3TTERTA
1017277458
MM

83010
117740
218413
1710164
673270428
97793.87041
133839369.9
82755.15391

2546

2580

326845
658037
117538
9364873
140802
184608
199094
17680
BU5
452390
186090.1573
1M565.1521
T0411.65063

1961 05
M3 0299303936
453407 0.451934623)

0.359847793|
0387581133

3869057249 643858.7035 011731389
920999.6757 113991.4506 3 0247713382
3264986063 1382596.132 1422638138 0.361693598)
4150385586 5633324333 9986.199663 BMBINL 0.27136375)
4024013911 3271404069 13092283 1483555834  0.338248155)

Figure 7: New Dataset after applying Perturbation and Interpolation

*Random Perturbation: Varying the existing data by adding small amounts of noise to each feature
(parameter).

Interpolation (Between Existing Data Points): Generating new datapoints by interpolating between
existing values.
Figure 7 shows the new dataset after applying Perturbation and Interpolation.

5. Model Training and Validation

After ‘n’ number of trails on assigning different weights to the final set of selected parameters, the final model
achieved an R2 score of 0.916 and a Mean Squared Error (MSE) of 0.000428, indicating a high level of
accuracy in predicting workload performance.

IV.RESULTS

Analysis — 1: The entire dataset is split into 80% training and 20% testing. The predictions on test set is as
shown below. The dotted line is the actual workload, whereas the blue dots represent the predicted workload.
Figure 8 shows the Train vs. Test dataset prediction model output. Some of the test points are scattered
whereas the others are very close by to the predicted line.

Actual vs Predicted Workload

Predicted Workload
\

0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50
Actual Workload

Figure 8: Test Dataset Prediction
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Analysis — 2: Applying new inputs to the dataset to test for the workload prediction. As shown in figure 9,
the model is able to predict the workload of the system when provided with new set of input parameters.

new_input = {
"system.cpu.ipc': 0.25,
'system.cpu.cpi': 3.5,
'‘system.cpu.executeStatse.numFpAluAccesses’: 50800,
‘system.11d_cache.overallMisses::cpu.data’: 15808,
‘system.l1i cache.overallMisses::cpu.inst': 128@

}

new_input_df = pd.DataFrame([new_input])

predicted_workload = model.predict(new_input_df)

print("Predicted Workload for the new input:"”, predicted workload[@])

Predicted Workload for the new input: @.2198300R869416685

Figure 9: Workload Prediction for new input Dataframe

Analysis — 3: Figure 10 shows the comparison of the actual workload (in blue) and the predicted workload
(in orange) over a simulated index. The actual workload shows the true values, while the predicted workload
illustrates how well the model forecasts these values. A close alignment indicates a good model performance.

Actual vs Predicted Workload
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~
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01 —— Actual Workload
Predicted Workload
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Figure 10: Comparison of Actual vs. Predicted Workload by Index

Analysis — 4: Evaluating Model Performance through 5-Fold Cross-Validation

from sklearn.model selection import cross_wval score

cv_scores = cross_val score(model, X, y, cv=5) # 5-fold cross-validation
print(f’'Cross-Validation Scores: {cv_scores}’)

print(f'Mean Cross-Validation Score: {cv_scores.mean()}')

Cross-Validation Scores: [@.9742285 0.914667 ©.90392521 ©.94420087 ©.95353135]
Mean Cross-Validation Score: 8.9381285886385304

Figure 11: Performance evaluation through 5-Fold Cross-Validation

The cross-validation scores represent the model's performance on different subsets of the data during the
training process. Each score reflects the model's accuracy on a specific fold. The mean cross-validation score
of approximately 0.938 indicates that, on average, the model is expected to explain about 93.8% of the
variance in the target variable across various subsets of the dataset. From the figure 11 one can conclude that
the model generalizes well and is likely to perform consistently across different training and validation splits.
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Analysis — 5: K-Means Clustering of Workload Data Based on CPU Efficiency and Performance visualizes
the results of K-Means clustering applied to the workload data, using system.cpu.ipc and Workload Score as
the two dimensions in the form of scatter plot. Each point on the graph as shown in the figure 12 represents
an observation, colored according to its assigned cluster.

Clusters of Workload Data
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system.cpu.ipc

Figure 12: K-Means Clustering of Workload Data

Clusters: The plot contains three distinct clusters, indicated by different colors. This separation suggests that
there are groups of observations that exhibit similar characteristics in terms of CPU efficiency
(system.cpu.ipc) and workload performance (Workload Score).

Interpretation: Points within the same cluster are likely to share similar performance metrics, which may
indicate specific patterns or behaviors in workload management.

The proximity of points within a cluster signifies that the respective workloads have similar CPU efficiency,
providing insights into optimal configurations for system performance.

V.CONCLUSION

The exploration of power consumption dynamics in Al chips is critical for advancing the field of energy-
efficient computing. By utilizing the PARSEC benchmark suite and the gem5 simulation tool, we have
established a robust dataset that captures various workload characteristics. This dataset serves as a foundation
for developing predictive models aimed at forecasting power consumption based on dynamic workload
behaviors. The initial regression analyses have demonstrated the potential for accurately predicting the
workload on the system using a set of relevant features.
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