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Abstract: Predicting CPU performance in the absence of physical benchmarking is a practical 

problem facing hardware engineers, system designers, and researchers with limited resources. This 

research proposes an open-source and reproducible hardware-software workflow that is capable of 

predicting Cinebench R23 multi-core scores based on hardware specifications alone, without any 

benchmark measurements as an input to the prediction models. This workflow is applied to a 

dataset of 215 state-of-the-art CPUs from various hardware vendors, including Intel, AMD, and 

Apple, with CPUs classified into Desktop and Laptop categories. Four different machine learning 

models, namely Linear Regression, Ridge Regression, Random Forest, and Gradient Boosting, are 

utilized in this workflow. All features, such as core count, thread count, base clock, and turbo clock, 

are actual hardware specifications available from datasheets prior to any physical benchmarking or 

testing. A log transformation was applied to the target variable to reduce skewness in data, resulting 

in a reduction from 4.035 to 1.127. It is found that Gradient Boosting performs better, with R2 = 

0.845, RMSE = 0.149, and MAE = 0.106 on the test data, validated by 5-fold cross-validation with a 

high R2 of 0.853 ± 0.037. Feature importance analysis of the models shows that thread count is the 

primary feature contributing to multi-core performance, followed by core count, while clock speed 

contributes to a much lesser extent, about 6% each, and manufacturer is of negligible importance, 

less than 1%. This workflow is reproducible, platform-independent, and executable on any standard 

laptop without any additional hardware, making it accessible to researchers in constrained 

environments. 

 

Keywords: CPU performance prediction; machine learning; hardware specifications; Gradient 

 Boosting; multi-core benchmark estimation; resource-constrained computing.  

 

1. Introduction 

The rapid evolution of modern processor architectures has significantly increased the 

level of complexity in evaluating performance, particularly in multi-core processors 

where parallel processing dominates the rate of computation [1]. Estimating CPU 

performance is critical in a variety of application domains, such as hardware selection, 

system design, cloud computing, and performance improvement, among others [2]. Both 

in research and application domains, evaluating processor performance is critical in 

comparing processors and in decision-making in various application domains with 

varying workload demands [3]. 

Many standardized tests like Cinebench R23, SPEC CPU, and Geekbench measure the 

performance of processors by running controlled workloads to provide numerical values 

for the performance of each processor's capability. These standardized tests can provide 

reliable information; however, they have the limitation of requiring both physical 

hardware and a controlled environment to run the test [4]. Because of this limitation, 
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testing is not useful at the early stages of systems design, when making decisions 

regarding hardware procurement, or when comparing newly released processors. Further 

limitation is that to run the benchmarks across numerous systems takes a considerable 

amount of time and resources, which causes difficulty in making large comparisons of 

systems [5]. 

Mathematical models that utilize machine learning to estimate the speed of a 

microprocessor (or CPU) using its hardware and software will help solve these issues. 

Consequently, less traditional benchmarking is going to be performed to measure CPU 

performance [6]. Nonetheless, each of the existing methods require different low-level 

attributes such as cache size, memory speed, bandwidth, and microarchitecture, which 

may not be contained in the product specifications and require specialised programmes 

or previous testing to find. Additionally, many of the modelling techniques now are 

extremely complex and utilise bigger amounts of data than can be used in most cases of 

lack of resources [7, 8]. 

In conclusion, there is significant demand for an easy-to-use, repeatable method of 

estimating CPU performance using only well-known specifications; this method must be 

hardware-independent (i.e., able to be applied to multiple CPU designs). More 

specifically, developing accurate estimates of multi-core benchmark results based on basic 

datasheet characteristics (core count, thread count, etc.) Achieving this may be 

challenging, but it is ultimately rewarding and worthwhile. Solving this challenge will 

allow CPU performance to be estimated at early stages without needing to do physical 

benchmarks and will allow for more effective decision-making in both the research world 

and in industry contexts. 

Research Problem 

Even though benchmarking tools are commonly used to evaluate CPU performance, 

it is still difficult to anticipate ESO Benchmark outcomes before they can be empirically 

measured. Because many of the methodologies used to produce predictions suffer from 

one or more limitations, the difficulties encountered predicting benchmark outcomes will 

be discussed as follows: First, traditional benchmarking methodologies have been 

developed based on the assumption that test hardware will always be available and that 

test environments will always exist, making them less useful for early evaluation or for 

comparative analyses on a large scale. Second, a variety of machine learning-based 

prediction models typically depend upon architectural features and performance statistics 

that are not publicly available through the specifications of CPUs or any other form of 

hardware, leaving many of these models not usable in real-world applications. Finally, 

many prediction strategies utilize highly advanced models with high computer costs per 

trial, leaving these strategies unavailable to users who do not have the proper technology, 

resources, and expertise to conduct these types of computations. 

Consequently, there is a gap in the practical techniques that are effective in predicting 

multi-core CPU performance based solely on simple and easily accessible hardware 

specifications. Therefore, there is a need to fill the gap and provide a simple and 

reproducible solution to bridge the gap between theory and practice. 

 

Research Objectives 

The objective of this study is to create a readily available and reproducible process for 

predicting the performance of a CPU's multi-core benchmark using only hardware 

specifications listed in a manufacturer's data sheet. The objectives of this study are as 

follows: 

a. Create a machine learning-based system that can predict Cinebench R23 multi-

core benchmark scores without the need for physical testing. 

b. Investigate and compare the efficacy of several regression algorithms for 

predicting CPU performance. 
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c. Investigate the importance of hardware features in relation to multi-core 

performance using feature importance. 

d. Validate the efficacy of the proposed process using cross-validation and external 

benchmark data. 

Research Contributions 

The main contributions of this study can be summarized as follows: 

a. A fully reproducible hardware–software workflow for CPU performance 

prediction that eliminates the need for physical benchmarking. 

b. A lightweight and platform-independent approach that can be executed on 

standard consumer hardware without specialized computational resources. 

c. A systematic comparison of multiple machine learning models for predicting 

multi-core performance using a minimal set of datasheet-based features. 

d. Empirical evidence demonstrates that accurate CPU performance prediction can 

be achieved using only publicly available hardware specifications. 

Literature Review 

Recent advancements in CPU performance prediction cover a wide range of 

analytical, statistical, and machine learning techniques that reflect the increased need for 

the accurate and effective prediction of CPU performance and capabilities [9]. Initially, 

CPU performance prediction was mainly based on analytical and simulation models that 

predicted CPU performance based on the hardware characteristics and the ability of the 

CPU to process the programs and applications running on the system [10]. Although the 

predictions were quite accurate, the need for low-level hardware specifications and 

complex modeling tools was a major limitation for the practical application of these 

models. Later, statistical models and regression analysis were introduced that predicted 

CPU performance based on statistical models and the features derived from the 

benchmarks and applications running on the system [11]. Recently, with the advent of 

machine learning models and techniques, CPU performance prediction has been based on 

neural networks and deep learning models that predict CPU performance based on the 

complex mapping and non-linear relationships between hardware characteristics and 

CPU performance [12]. Although the predictions are quite accurate and effective for CPU 

performance prediction, the need for complex hardware characteristics and features such 

as cache memory, memory bandwidth, instruction-level characteristics, and runtime 

profiling makes the practical application of these models quite difficult and complex. 

Moreover, some models and techniques focus on cloud computing and high-performance 

computing (HPC) systems that predict CPU performance based on cloud and hardware 

characteristics and features. A summary of the recent and effective CPU performance 

prediction models and techniques is presented in Table 1. 

 

Table 1. Summary of CPU performance prediction approaches in the literature. 

Study Year  
Dataset / 

Benchmark 
Features Used Model(s) 

Performance 

Metric 
Key Findings 

Accurate 

 

Chennupati et 

al. [13] 

 

 

 
Mariani et al. 

 

2017 
Scientific codes, 
PPT toolkit 

Memory 

hierarchy, 

cache, latency, 

throughput 

 

 

~200 

Analytical Memory 

Model (AMM) + 

regression 

 

 

 
Polynomial   ML 

 

Not specified 

runtime 

prediction 

using memory 

behavior and 

cache modeling 

Predicts 

execution time 

[14] 
2017 NAS benchmarks application + 

system features 
model 

<15% error and cost in 

cloud 

environments 
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Rosales et al. 

2017 
[15] 

HPC applications 

(NAMD, 

GROMACS) 

Memory 

bandwidth, 

CPU 

throughput 

Instruction 

 

Analytical model Not specified 

Simple model 

predicts 

performance 

across 

architectures 

Provides 
Limaye & 

Adegbija [16] 
2018 SPEC CPU2017 

 

 

 
Hardware asset 

mix, cache, 

branch 

behavior 

 
System-level 

Analysis  (no  ML 

model) 

 

 
Regression (PLS, 

Not specified 
detailed 

workload 

characterization 

Predicts 

hardware 

Wurl et al. [17] 2019 
datasets hardware data robust regression) 

Not specified requirements 

using statistical 

models 

Shows 

variability in 

Oi [18] 2019 SPEC CPU2017 
Benchmark 

scores only 
 

 

 

Memory, 

No ML model 
SPEC intrate, 
fpspeed 

CPU 

performance 

across 

workloads 

Neural 

networks 

Foots et al. [19] 2020 
CPU  dataset  (209 

samples) 

cache, 

channels, cycle 

time 

Neural networks, 

regression 

MSE, 

correlation 

capture non-

linear 

performance 

relationships 

DNN improves 

Foots et al. 

(conf.) [20] 
2020 

CPU dataset (209 
samples) 

Same as above DNN + regression 
MSE, 

correlation 

prediction 

accuracy with 

non-linearity 

 

 

 

 

 

 

 

 

Al Sefat et al. 

[23] 
2021 CPU dataset 

General CPU 

features 
Regression models Not specified 

regression 

algorithms for 

CPU prediction 

 

 

 

 

 

 

 

 

 

 
Cengiz et al. 

2023 SPEC CPU datasets 
[27] 

 

 
Wang et al. 

2024 SPEC CPU data 
[28] 

 

 
34 hardware 

CNN, deep learning R² up to 0.98 
features 

 

 
Core count, 

Statistical analysis Not specified 
frequency 

HPC systems 

Deep models 

achieve very 

high accuracy 

Hardware 

features 

strongly 

influence 

benchmarks 

Wang (AI 

failure) [29] 
2024 

Sensor + system 
logs 

Real-time 

hardware data 

CNN-LSTM, ML 

models 
Not specified 

Predicts 

hardware 
 

 

 

 
Mankodi et al. 

2020 
Simulated hardware 

[21] (Gem5) 

Computation & 

memory 

patterns 

 

Multivariate ML 

model 

 

>95% 

accuracy 

 Predicts 

performance & 
power across 

architectures 

 
Saad & El- 

2020 
SPEC-MPI, 

 
NASA 

 
Cloud resource 

 
Analytical queueing 

 
MAPE, 

 
CV 

Predicts 

execution time 

Mahdy [22] benchmarks  features model (~88%)  of HPC cloud 
applications 

      Compares 

 

Topçu  &  Öz 

[24] 
2022 

Cache,  
Accuracy up 

Predicts GPU 

GPU benchmarks memory, cores, ML (GB, SGD) 
to 96% 

fault 
bandwidth vulnerability 

 
Wei-wei et al. 

2023 
[25] 

Interpretable 

UCI CPU dataset 
General CPU HBRB + 

Not specified 
model 

features optimization improves 
reliability 

Sharif et al. 

[26] 
2023 

Computation & ~90% 
Predicts 

HPC applications 
communication 

Analytical model 
accuracy 

performance in 
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failures using 

AI 

Marquez & 
Mondragon 

Scientific Storage + 
Models cloud 

2024 
benchmarks system features 

EVT model <7% error storage impact 
[30] on performance 

Liu 

(MambaCPU) 

Captures 

2025 PerfCastDB, SPEC 
35 hardware State-space deep MSE, MAE, complex 

[31] 
features model MAPE feature 

dependencies 

Arslan & 
Demirbaga 

Cloud monitoring 
Low-level 

>92% XAI  improves 
2025 

data 
infrastructure XGBoost, SVM, RF 

accuracy interpretability 
[32] metrics 

BuQing et al. 
2025 Instruction traces 

(CAPSim) [33] 

Instruction- 
Attention-based NN Not specified 

level features 

Faster and 

accurate CPU 

simulation 
 

Although notable advancements have been achieved in the prediction of CPU 

performance, the literature indicates that there exist several limitations that need to be 

addressed in the prediction of CPU performance, as shown in Table 1. Firstly, most of the 

literature requires detailed architectural features such as cache configuration, memory 

bandwidth, instruction-level characteristics, and runtime profiling information that may 

not be readily available from the manufacturer's datasheet. This indicates that literature 

may not be readily applicable in real-world scenarios due to the unavailability of such 

information. Secondly, most of the literature requires the use of benchmarking and 

simulation approaches to obtain the required data, which may not be readily available 

from the physical hardware and may contradict the need for an early-stage prediction 

approach. Thirdly, the recent literature that utilizes machine learning and deep learning 

approaches to predict CPU performance may not be readily reproducible by all 

researchers due to the complexity and computational intensity of the approaches that may 

not be readily reproducible by all researchers with limited computational power and 

facilities. Moreover, most of the literature may be domain-specific and may not be readily 

applicable in the prediction of CPU performance in a standard environment. 

The current research aims to introduce a lightweight and reproducible framework to 

predict CPU multi-core performance based on publicly available hardware specifications, 

in order to overcome the aforementioned limitations. Unlike other existing prediction 

models that heavily rely on various architectural features or benchmark-based inputs, this 

proposed model utilizes a limited set of features available in the datasheet, thus 

facilitating its applicability in early-stage prediction scenarios. A variety of regression 

models based on machine learning algorithms, including linear and hybrid models, are 

utilized to learn the mapping between hardware specifications and benchmark 

performance. Furthermore, this proposed framework is light-weight and computationally 

efficient, thus facilitating its execution on regular consumer devices. To prove the efficacy 

of this proposed prediction framework, experiments are performed using publicly 

available Cinebench R23 benchmark data, and cross-validation is performed to prove its 

robustness and generality in predicting CPU performance without any need to physically 

benchmark or employ feature extraction techniques. 

2. Methodology 

Workflow Architecture 

The proposed hardware and software workflow is designed to be a reproducible and 

laptop-executable pipeline to predict CPU multi-core benchmark performance based on 

hardware specifications provided by the manufacturer, without any need for physical 

benchmarking. The overall architecture is described in Figure 1. 

 

 

 

https://journals.innoscie.com/index.php/ijnras


86 

Vital Annex: International Journal of Novel Research in Advanced Sciences 2025, 5(3), 81-104. https://journals.innoscie.com/index.php/ijnras 

 

 

 

The process can be considered a five-stage workflow. First, a set of 215 contemporary 

CPUs is obtained from a publicly accessible Kaggle platform [34], where Cinebench R23 

benchmark results are stored, including desktop and mobile CPUs from Intel, AMD, and 

Apple manufacturers. The features used are limited to the manufacturers’ specifications, 

i.e., the number of cores, the number of threads, base and turbo clock speeds, processor 

brand, and CPU category, to keep them independent of experimental observations. 

Secondly, structured preprocessing of the dataset occurs. Thirdly, the preprocessed 

data are fed to four machine learning models implemented as scikit-learn pipelines, which 

are trained in parallel. A dual validation technique involving cross-validation and 

external validation of benchmark data is used. Lastly, the Cinebench R23 multi-core score 

predictions are obtained. This whole process can be articulated as a five-phase 

pseudocode algorithm, as shown in Algorithm 1 in Appendix B. 

The whole pipeline runs with Python version 3.12.4 and a Jupyter Notebook 

environment on a standard laptop with the following specifications: Intel Core i7 CPU 

with 6 cores and 12 threads, 31.8 GB RAM, and Windows 11 OS. The whole pipeline does 

not need any special hardware or GPU support. The main libraries used by the codebase 

are scikit-learn, pandas, NumPy, matplotlib, and SciPy, which indicates a straightforward 

implementation of the proposed method. 
 

Figure 1. Architecture of the proposed workflow showing data input, preprocessing, 

parallel model training, validation, and prediction stages. 

 

Dataset 

The dataset used for this research was retrieved from Cinebench R23 CPU benchmark, 

which is publicly accessible at Kaggle (CPU_r23_v2.csv) [34]. Cinebench R23 is based on 

the software architecture of Cinema 4D. The Cinebench R23 CPU benchmark tests CPU 

performance using real-world applications, rendering complex 3D scenes to produce 

single-core and multi-core benchmarks for a wide range of CPU architectures. The dataset 

contains data about 215 different CPUs, represented by 9 different features, and does not 

contain any missing values. A sample of this dataset is provided in Table A1 of Appendix 

A. 

The dependent variable, multiScore, represents the overall computational throughput 

for parallel workloads in a multi-core processor environment. The range for multiScore is 

between 5,423 and 75,671, while the average and median values are 12,980 and 10,890, 

respectively. The right skewness (skewness = 4.035) is mainly contributed by high-end 

processor brands like AMD Threadripper and EPYC. To address this skewness issue, 
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logarithmic scaling was implemented to decrease the skewness to 1.127, as shown in 

Figure 2. 

 

Figure 2. Distribution of Cinebench R23 multi-core scores before and after log 

transformation. 

 

The dataset contains processors from different brands, namely Intel (58.1%), AMD 

(40.0%), and Apple (1.9%), categorized as Desktop (67.0%) and Laptop (33.0%). As shown 

in Figure 3, the Desktop processors have higher multi-core scores compared to Laptop 

processors. The difference in performance between Intel and AMD processors is not very 

large. 

 

Figure 3. Multi-core score distribution by CPU type and manufacturer, highlighting 

higher performance for Desktop CPUs and similar trends between Intel and AMD.. 

The predictive model has six features as input variables. They are core count (cores), 

thread count (threads), base clock frequency (baseClock, GHz), turbo clock frequency 

(turboClock, GHz), processor manufacturer (manufacturer), and CPU type (type). All the 

features are available in publicly accessible hardware specifications. Hence, physical 

benchmarking is not considered in this model. Table 2 shows the statistical summary of 

numerical features. 

 

Table 2. Descriptive statistics of numerical features in the dataset (n = 215). 
 

Feature Count Mean Std Min Q1 Median Q3 Max 

 

 

 

(GHz) 

 

(GHz) 

 

Cores 215 9.37 7.82 4 6 8 9 64 

Threads 215 17.74 15.83 6 12 16 16 128 

Base Clock 
215 3.05 0.65 1.1 2.5 3.2 3.6 4.2 

Turbo Clock 
215 4.51 0.44 3.2 4.2 4.5 4.8 5.5 

 

https://journals.innoscie.com/index.php/ijnras


88 

Vital Annex: International Journal of Novel Research in Advanced Sciences 2025, 5(3), 81-104. https://journals.innoscie.com/index.php/ijnras 

 

 

 
 

Multi-Core Score 215 12980 8905.7 5423 8187 10890 14394 75671 

The range of hardware specifications varies from low-end processor configurations, 

which have four cores and a minimum frequency of 1.1 GHz, to high-end workstation 

processor configurations, which have up to 64 cores and a turbo frequency of up to 5.5 

GHz. The significant range of multi-core processor performance (std dev = 8,905.74) 

reflects the difficulty of accurately predicting CPU performance based on hardware 

specifications alone. 

Data Preprocessing 

Prior to training the model, a well-structured four-step preprocessing procedure was 

adopted to ensure the quality and appropriateness of the data for machine learning, as 

shown in Figure 4. All the procedures were performed using the scikit-learn package 

(v1.4.2) and pandas’ package (v3.0.0). 

 

Figure 4. Four-step preprocessing pipeline applied to the Cinebench R23 dataset 

prior to model training. 

Numerous steps were taken while preprocessing the dataset to ensure both 

consistency and reproducibility. The target variable (multiScore) has a strong right skew 

of 4.035 due to the high-end workstation processors so we used a logarithmic 

transformation to mitigate the skewness by transforming y′ = log(1+y) which resulted in a 

skewness of 1.127 and brought it closer to normal distribution (shown in Figure 2). The 

model predictions made on the transformed target variable then had to be inverse-

transformed y = exp(y′)−1 in order to return them to their original scale. Next, both 

categorical variables (manufacturer and type) were encoded using the LabelEncoder 

which fit prior to splitting the dataset in order maintain consistency between the training 

and testing sets. After encoding the categorical variables, we then stratified the dataset 

and randomly split into two subsets where 80% was used for training (172 samples) and 

20% was used for testing (43 samples), with the testing set being reserved for final 

evaluation. Feature scaling was applied to normalize all of our input features (all 15 of 

them) to a mean of 0 and standard deviation of 1 using the StandardScaler which was fit 

solely on the training data and applied the same standardization process to both training 

and test data to ensure that there is no leakage of data between both datasets, however 

tree-based models do not require feature scaling; scalability was added to provide an even 

footprint across all models. All preprocessing steps were performed using scikit-learn 

pipeline structures to ensure their reproducibility and eliminate data leakage through 

cross validation or model testing. 

 

Feature Selection 

The selection of features in the current investigation is based on two major factors. 

Firstly, the features should be based on actual hardware specifications that can be 
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obtained from the datasheet without the need to physically benchmark the hardware. 

Secondly, the features should be significantly correlated to the target variable, ensuring 

that the workflow is computationally feasible even when benchmark measurements are 

not obtained. The set of features was narrowed to eight features from the original set of 

attributes from the dataset: cores, threads, base clock, turbo clock, processor 

manufacturer, processor type, and two derived features obtained during preliminary 

analysis: clock range (clockRange = turboClock - baseClock) and threads per core 

(threadsPerCore = threads / cores). The correlation analysis was carried out using the 

Pearson correlation method to determine the linear correlation between all the features 

and the log-transformed target variable, log(1 + multiScore). The correlation matrix 

obtained from the analysis is shown in Figure 5, and it is observed that the features cores 

and threads are highly linearly correlated to the target variable (r = 0.780 and r = 0.770, p 

< 0.001), emphasizing the importance of parallelism in multi-core benchmark 

performance. The base and turbo clocks are moderately linearly correlated to the target 

variable (r = 0.195 and r = 0.206, p < 0.01), indicating that clock speed is the secondary 

factor in determining the performance. 

 
Figure 5. Pearson correlation matrix of all candidate hardware features and the log-

transformed multi-core score, including correlation coefficients and significance levels. 

Two new features, clockRange and threadsPerCore, showed little connection to the 

target variable (r = -0.049 and r = 0.090), meaning that there could be very limited 

predictive capability. Therefore, these two features were removed from the final feature 

set in order to simplify the model and limit introducing noise into the learning process. 

Since both manufacturer and type features have categories, they will be kept, because they 

document performance differences among Desktop and Laptop processors at the platform 

level and differences in the manufacturer, as shown in Figure 3. 

Model training was completed using the following six feature types: cores, threads, 

baseClock, turboClock, manufacturer, and type. All features satisfy both selection criteria 

for model training because all of the features are available on manufacturer data sheets 

and all of the features show either a statistically significant correlation or a meaningful 
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distinction by category with respect to the target variable. Table 3 demonstrates the final 

features, including the Pearson correlation coefficients, p-values and data types for each 

final feature. 

 

Table 3. Feature selection summary with Pearson correlation coefficients between 

each candidate feature and log(1 + multiScore), including statistical significance and 

selection decision. 

Feature Pearson r p-value Selected 

Cores 0.78 2.82 × 10⁻⁴⁵ Yes 

Threads 0.77 2.11 × 10⁻⁴³ Yes 

Base Clock (GHz) 0.195 4.12 × 10⁻³ Yes 

Turbo 

(GHz) 
Clock 

0.206 2.39 × 10⁻³ Yes 

Manufacturer -0.158 2.08 × 10⁻² Yes 

Type -0.249 2.21 × 10⁻⁴ Yes 

Clock Range -0.049 4.79 × 10⁻¹ No 

Threads Per Core 0.09 1.87 × 10⁻¹ No 

The negative correlation values for the manufacturer and type features arise due to 

their ordinal encoding by LabelEncoder and not due to their inverse physical relationship. 

These two features were selected based on their statistically significant p-values (p < 0.05) 

and their practical relevance to platform-level performance. 

Predictive Models 

Four supervised machine learning regression models were implemented and 

evaluated in this study, ranging from simple linear models to advanced ensemble 

methods. All models were implemented using scikit-learn 1.4.2 and encapsulated within 

Pipeline objects combining feature scaling and model training into a single reproducible 

unit. The selection of these four models was deliberate, linear models serve as 

interpretable baselines, while ensemble methods capture non-linear relationships 

between hardware specifications and benchmark performance. A summary of all model 

configurations is presented in Table 4. 

 

Table 4. Summary of machine learning model configurations and hyperparameters 

used in this study. 
 

Model Implementation Key Hyperparameters 
Linear 

Regression 
LinearRegression() Default 

Ridge Regression Ridge() alpha = 10.0 
 

n_estimators = 300, 
max_depth = 10, 

Random Forest RandomForestRegressor() 
random_state = 42, n_jobs = - 

1 
n_estimators = 300, 

Gradient 

Boosting 
GradientBoostingRegressor() max_depth = 4, learning_rate 

= 0.05, random_state = 42 
 

 

LINEAR REGRESSION 

Linear Regression is the simplest and most interpretable model in this study, serving 

as the baseline against which all other models are evaluated. It models the relationship 

between the input feature vector x and the log-transformed target variable y' as a linear 

combination of weighted features, as expressed in Equation (1) [35]: 
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1 2 p j 

) 

) 

 

p 

ŷ'=β + β x + β x +… + β x = β + ∑ β x 
0 1 2 p 0 j 

j=1 

 

(1) 

where β₀ is the intercept term, βⱼ represents the learned coefficients for each of the 

input features, which are p = 6 in this case, and ŷ' is the predicted log transform of the 

multi-core scores. The coefficients of the model are learned by minimizing the Residual 

Sum of Squares (RSS), as defined in Equation (2) [35]: 
n 

RSS= ∑(y' - ̂y'  
2 

(2) 
i i 

i=1 

Here, n is the number of training samples, y′ᵢ is the actual log score of the i-th sample, 

and ŷ′ᵢ is the predicted one. The model was implemented using the LinearRegression() 

function of the scikit-learn library. The default hyperparameters were used. 

3.5.2 RIDGE REGRESSION 

Ridge Regression builds on Linear Regression by adding an L2 regularization term to 

the objective function. This reduces the magnitude of the regression coefficients and hence 

reduces overfitting due to multicollinearity between the features. Due to the high 

correlation between cores and threads (r = 0.98, Figure 5), multicollinearity is a potential 

issue. However, Ridge Regression is able to handle this due to its ability to handle 

multicollinearity. The Ridge Regression cost function is given by Equation (3) [36]: 
n p 

minimize ∑(y' -y ̂' 
2 

+ α ∑ β2 (3) 
i i 

i=1 
j 

j=1 

The trade-off between data fidelity and the reduction of magnitude for the coefficients 

is controlled through the regularization parameter α. In this research, the α value was 

determined to be 10.0 after some experimentation. The implementation of the model used 

the Ridge regression with α set to 10.0 using the scikit-learn library. 

3.5.3 RANDOM FOREST 

Random Forest is a bagging ensemble method where a set of B independent decision 

trees are constructed by using the bootstrap samples of the training data and their 

predictions are averaged to compute the final output, as shown in Equation (4) [37]: 
B 

ŷ' = 
1 
∑ T (x) (4) 

 

B b 

b=1 

Let Tb(x) be the prediction made by the b-th decision tree for a given input vector x, 

with B representing the total number of trees. In a node split, a random subset of m 

features is considered, as expressed in Equation (5) [37]: 
 

m = ⌊√𝑝 ⌋ (5) 

The total number of input features is represented by p. This random selection of input 

features for the trees promotes diversity among the trees and also reduces variance. The 

configuration for the model included the number of trees set to B = 300, a depth of 10 for 

the trees, and random_state = 42 for reproducibility. The computation for the algorithm 

was done in parallel using n_jobs = -1 for the laptop's CPU cores. The algorithm used was 

RandomForestRegressor() from scikit-learn. 

Gradient Boosting 

The sequential ensemble method of Gradient Boosting is based on constructing 

decision trees in an additive fashion. Each successive tree is built to correct the residual 

errors of the previous ensemble. The prediction of the model for the m iteration is given 

by Equation (6) [38]: 

Fm(x) = Fm-1(x) + η⋅Tm(x) (6) 

where Fₘ₋₁(x) represents the ensemble prediction from the previous iteration, η 

represents the learning rate, which controls the contribution of each newly fitted tree, and 

Tₘ(x) represents the newly fitted tree on the negative gradient of the loss function. In the 
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case of regression with mean squared error loss, the negative gradient takes the form of 

residuals as given in Equation (7) [38]: 

rim= y' - Fm-1(xi) (7) 

where rᵢₘ is the residual for the i-th sample at iteration m, y′ᵢ is the actual log-

transformed score, and Fₘ₋₁(xᵢ) is the current ensemble prediction. This sequential 

correction mechanism allows Gradient Boosting to achieve higher accuracy than Random 

Forest by focusing iteratively on the hardest-to-predict samples. The parameters for the 

model were set with a value for B = 300 estimators, a maximum depth of 4, and a 

conservative learning rate η = 0.05 to prevent overfitting. The random state was set to 42. 

The implementation was done using the scikit-learn library's 

GradientBoostingRegressor() function. This was also determined to be the best model in 

the study. 

 

Evaluation Strategy 

The evaluation framework, as applied in this research, is intended to provide a 

thorough and rigorous evaluation of model performance, including both aspects of model 

internal consistency, as well as generalization. The evaluation framework is composed of 

three different parts, which are evaluation on a hold-out set, cross-validation, and external 

validation using CPU benchmarks. 

 

Performance Metrics 

To evaluate the performance of the models in all the experiments, three quantitative 

metrics were used. The first quantitative performance metric used in this research was the 

coefficient of determination, denoted as R², which represents the proportion of variance 

for the log-transformed target variable that can be explained by the model, as shown in 

Equation (8): 
∑n (y' -ŷ' )

2 

R2=1- 
  i=1 i  i  
∑n (y' -y̅' 

2 
(8) 

i=1  i ) 

where y′ᵢ represents the actual log-transformed score for the i-th sample, ŷ′ᵢ is the 

predicted score, and ȳ′ is the mean of the actual values. A perfect predictive accuracy is 

indicated by an R² score of 1.0. A score of 0.0 means the model does no better than a mean 

predictor. R² values less than 0.0 indicate the model does worse than a mean predictor. 

The second metric is Root Mean Squared Error (RMSE), which is a measure of the 

average size of prediction errors in the same units as the log-transformed target variable, 

as measured by Equation (9): 
n 

RMSE = √  
1 
∑(y' -ŷ' 

2 
(9) 

n i  i 
i=1 

RMSE puts a greater penalty on larger errors than smaller errors due to the squaring 

involved. RMSE is more sensitive to outlier predictions. A smaller RMSE implies a higher 

predictive accuracy. 

The third metric under consideration is the Mean Absolute Error (MAE), which 

measures the average absolute difference between the predicted and actual values; this 

gives a more robust evaluation by considering the presence of outlying values as 

described by Equation (10): 
n 

MAE = 
1 
∑ |y' -ŷ' | (10) 

n i  i 
i=1 

All three metrics were computed on the log-transformed scale. To perform the 

external validation, another metric called Mean Absolute Percentage Error (MAPE), 

computed on the original score scale after the inverse transformation, resulted in an 

intuitive measure for the accuracy of the predictions in percentage form, as shown in 

Equation (11). 
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1 i  MAPE = 
n y 
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where yᵢ and ŷᵢ are the actual and predicted multi-core scores on the original scale 

after inverse log transformation. 

 

Hold-Out Test Set Evaluation 

To evaluate the four models of machine learning algorithms the primary evaluation 

method used was the use of a holdout data set composed of 43 data samples or 20% of the 

complete data set where this data set was completely excluded from the modelling 

process including the training, parameter selection, and pre-processing of the data. After 

training the 4 models on the training data set of 172 samples, the four models were 

evaluated on the hold out data set using the values of R², RMSE and MAE. 

 

Five-Fold Cross-Validation 

Using five-fold cross-validation estimates model stability as well as investigates the 

likelihood of overfitting by utilizing scikit-learn’s KFold method with the following 

parameters: n_splits = 5, shuffle = True, random_state = 42 on 172 samples in the training 

data set. The models were trained on four of five data sets (each having approximately 

138 samples) in the training phase of five-fold cross-validation and subsequently tested 

on one of five data sets (approximately 34 samples). This is done to allow for five unique 

measurements of each model's performance. The average R² values of the five models, as 

well as their respective standard deviations, will provide insight into the average 

performance and stability of those models as applied to different data sets. A low standard 

deviation indicates that the model is stable and not dependent on the training sides; 

otherwise, if there is a significant difference between the R² values obtained in the cross-

validation procedure and the R² values of the test data set, then the model has been 

overfitted. All data processing operations were included in the Pipeline, thereby 

preventing any occurrence of data leakage during five-fold cross-validation. 

 

External Validation 

An external validation was carried out using eight independent CPU processors, 

which are not included in the Cinebench R23 Kaggle dataset [39], in order to evaluate the 

generalization performance of the proposed approach on real-world scenarios. The 

verified benchmark scores for these independent processors were collected from a third-

party website, 'topcpu.net,' which offers independent verified benchmark scores for 

different processors. These scores represent the Cinebench R23 multi core benchmark 

scores for different processors. The complete set of processors used for external validation 

is given in the Results section. 

The Gradient Boosting model, which was found to be the best by evaluating the 

performance on the hold-out test set, was utilized to forecast the multi-core score for eight 

different processors using only their hardware specifications as input variables: cores, 

threads, baseClock, turboClock, manufacturer, and type. The predicted multi-core score 

was compared against the actual score from topcpu.net for the respective processors, and 

the MAPE was utilized as the primary performance evaluation metric, as described by 

Equation (11). This evaluation represents the most rigorous evaluation for the workflow’s 

applicability to real-life scenarios, as it assesses the performance on completely 

independent information from a different database. 

 

Hardware and Software Environment 

All experiments conducted in this research were conducted on a standard consumer 

laptop computer without additional computing hardware. This serves to demonstrate the 

accessibility of the proposed workflow for researchers with limited resources. The 
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hardware and software configuration used for these experiments is provided in Table 5 

to ensure reproducibility of all results. 

The experimental platform used in this research is a laptop computer with an Intel 

Core i7 processor based on the sixth generation of microarchitecture (Intel Family 6 Model 

158). It has six cores and twelve threads, which are supported by Intel Hyper-Threading 

Technology. It also has 31.8 GB of DDR4 RAM, which is sufficient for performing the 

dataset operations. The operating system used is Windows 11 (Build 26200) based on the 

AMD64 platform. It is mentioned that no graphics processing unit was used throughout 

the entire process, and all the computations done through scikit-learn are performed on 

the CPU only. This platform is a mid-range laptop computer that is readily available for 

use by researchers and practitioners. 

The workflow was implemented using exclusively Python version 3.12.4 and was 

executed within a Jupyter Notebook for interactive reproducibility and provision of step-

by-step documentation for all the processes. The core machine learning operations were 

performed using scikit-learn 1.4.2, which provided all model implementations, 

preprocessing utilities, pipeline structures, and cross-validation tools used in this study. 

Data loading, manipulation, and statistical operations were performed using pandas 3.0.0 

and numpy 1.26.4. Statistical analysis including Pearson correlation computation and 

skewness calculation was conducted using scipy 1.13.1. All figures and visualizations 

were generated using matplotlib 3.8.4 and seaborn 0.13.2. The complete list of software 

dependencies is presented in Table 5. 

 

Table 5. Hardware and software environment used in all experiments. 
 

Component  Specification 

Hardware 

Processor Intel Core i7 (Family 6, Model 158) 

Physical cores 6 

Logical threads 12 (Intel Hyper-Threading) 
 

RAM 31.8 GB 

Operating system Windows 11 (Build 26200) 
 

Architecture AMD64 
 

GPU Not used 

Software 

Python 3.12.4 

Development environment Jupyter Notebook 

scikit-learn 1.4.2 

pandas 3.0.0 

numpy 1.26.4 

scipy 1.13.1 

matplotlib 3.8.4 

seaborn 0.13.2 

3. Result and Discussion 

Results 

Exploratory Analysis Results 
Before model development, exploratory analysis was performed to understand the 

nature of the data and explore correlations between hardware specifications and 

benchmark performance in multi-core. The distribution of the multi-core benchmark was 

strongly skewed to the right, with a skewness of 4.035, a mean of 12,979.50, and a median 

of 10,890. This indicates that the bulk of processors have average or mediocre 

performance, but a small number of powerful processors have much higher performance. 
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The range of performance was from 5,423 to 75,671. As can be seen in Figure 2, when a 

logarithmic transformation was applied, the skewness was reduced to 1.127. 

As shown in Figure 3, desktop processors outperform their laptop counterparts. The 

median log-transformed score for desktop CPUs is 9.383 compared to 9.179 for laptop 

CPUs. This translates to 11,907 and 9,677 points, respectively. This is consistent with the 

thermal design power and core count for desktop architecture. In terms of manufacturers, 

the median log-transformed score peaks for Apple (9.428), followed by AMD (9.341) and 

Intel (9.244). Note, however, that the sample size for the Apple brand is only four, which 

limits the reliability of the inter-brand comparison. 

Pearson correlation analysis, as depicted in Figure 5, showed that the most significant 

factors affecting performance were the core count and the thread count, with correlation 

coefficients of r = 0.780 and r = 0.770, respectively (both p < 0.001). The base and turbo 

clock frequencies were also seen to have some impact on the performance, although this 

was not as significant as the aforementioned factors, with correlation coefficients of r = 

0.195 and r = 0.206, respectively (both p < 0.01). The clock range and the threads per core 

ratio were seen to have no significant impact on the performance, as indicated by the 

correlation coefficients of r = -0.049 and r = 0.090, respectively, thereby confirming the 

proposed elimination of these factors. The results, therefore, showed that the performance 

of multi-core processors was largely governed by the level of parallelism rather than the 

clock speeds of the individual cores. 

Feature Importance Analysis 

The feature importance scores obtained from the Gradient Boosting model were 

analyzed to understand the contribution of each hardware feature to the prediction of 

multi-core performance. The importance of each feature was calculated as the sum of the 

improvement in impurity over all nodes, multiplied by the proportion of samples seen by 

each tree. The features of importance scores are shown in Figure 6. 

Thread count was identified as the most influential feature, contributing 54.45% of the 

total importance, followed by core count at 32.17%. Together, these features account for 

86.62% of the model’s predictive power, confirming that hardware parallelism is the 

dominant factor in multi-core benchmark performance. Base and turbo clock frequencies 

showed similar contributions, with importance scores of 6.01% and 5.98%, indicating a 

secondary but meaningful role of clock speed. 

In contrast, CPU type and manufacturer had minimal contributions of 0.77% and 

0.63%, suggesting that brand and form factors have limited predictive value once 

parallelism-related features are considered. These findings are consistent with the Pearson 

correlation analysis, where core and thread count also exhibited the strongest 

relationships with the log-transformed target variable, reinforcing the robustness of this 

conclusion. 

 
Figure 6. Feature importance scores derived from the Gradient Boosting model. 
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Model Performance Results 

The four machine learning models were trained and tested based on the experimental 

framework described in the methodology. The metrics used to measure the performance 

of the models included R², RMSE, and MAE. The results were based on both test set and 

cross-validation. The detailed results are shown in Table 6. 

 

Table 6. Model performance comparison on the held-out test set and five-fold cross-

validation (target: log-transformed Cinebench R23 multi-core score). 

Model  
CV R² 

(mean) 
CV R² (±std) Test R² Test RMSE 

Test 

MAE 
Linear Regression 0.7036 0.0481 0.6141 0.2349 0.1895 

Ridge Regression 0.7197 0.0552 0.5353 0.2577 0.1985 

Random Forest 0.8823 0.0183 0.8096 0.165 0.12 
Gradient      

Boosting 
0.8532 0.0368 0.8454 0.1487 0.1062 

 

Gradient Boosting produced the best results in terms of accuracy, as indicated by a 

high R² of 0.845 on the test set, RMSE of 0.149, and MAE of 0.106. This was further 

reinforced by the results from the cross-validation process, which indicated a mean R² of 

0.853 with a standard deviation of 0.037. Random Forest came in second, with a high R² 

of 0.810 on the test set and an RMSE of 0.165, while its performance in the cross-validation 

process indicated a high R² of 0.882 with a standard deviation of 0.018. 

Linear Regression and Ridge Regression, on the other hand, were observed to 

produce results with significantly lower accuracy, as indicated by a test set R² of 0.614 and 

0.535, respectively, suggesting that even though a linear relationship exists, these models 

cannot capture other complex patterns in the dataset. A general overview of the 

performance of the models, as compared to this research, is illustrated in Figure 7. 

 

Figure 7. Comparison of cross-validated R², test R², and test RMSE across four 

machine learning models trained on hardware specifications. 

Prediction Quality Analysis 

The precision of the optimal model, Gradient Boosting, was further evaluated using 

actual vs. predicted plots and residual plots, as shown in Figure 8. The actual vs. predicted 

plot shows a high correlation between the predicted and actual values for multi-core 

processors, where the majority of the points are positioned close to the reference line. This 

shows that the model performs well across the entire performance range without apparent 

deviations to the lower or higher extremes. This shows consistency in the model's 

performance for both entry-level and high-end processors. 

Further, from the residual analysis, the residuals are randomly and symmetrically 

distributed  about  zero  with  no  apparent  patterns  or  bias.  The  absence  of 
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heteroscedasticity also supports the robustness of the model as the variance of the error 

seems constant across predictions. A small number of outliers are also observed for lower 

levels of predictions, which could be due to other architectural features not included in 

the selected features set. The test RMSE of 0.149 and MAE of 0.106 on the log scale imply 

an average prediction error of 10% on the original scale, which suggests that the 

predictions made by the Gradient Boosting model are unbiased and accurate for multi-

core performance based on hardware specifications alone. 

 

Figure 8. Actual versus predicted log-transformed multi-core scores and residual 

plot for the Gradient Boosting model on the held-out test set (n = 43). 

External Validation Results 

The purpose of this research project was to test the real-world applicability of the 

developed Gradient Boosted ML model using multi-core scores from eight processors that 

were not included in the training set. Manufacturer’s data sheets were used to calculate 

the hardware specifications, and Cinebench R23 multi-core scores were then obtained 

from an external source for comparative analysis purposes. The results of the comparative 

analysis are presented in Table 7 results for each processor, and Figure 9 comparison of 

processed results. 

 

Table 7. External validation results comparing predicted and actual Cinebench R23 

multi-core scores for eight unseen processors. 

CPU Cores Threads Real Score 
Predicted 

Score 
Error (%) 

 

Intel Core i7-11700K 8 16 15011 13883 -0.075 

AMD Ryzen 7 5800X 8 16 15228 13997 -0.081 

AMD Ryzen 9 5900X 12 24 21255 21565 0.015 

Intel Core i9-11900K 8 16 15160 16156 0.066 

AMD Ryzen 5 7600X 6 12 15204 10992 -0.277 

AMD Ryzen 7 5800X3D 8 16 14259 14334 0.005 

Intel Core i7-11700KF 8 16 15011 13883 -0.075 

AMD Ryzen 7 3700X 8 16 12458 11899 -0.045 

Mean Absolute Error     8.00% 

 

The model resulted in a mean absolute percentage error (MAPE) of 8.0%, with errors 

ranging between 0.5% and 27.7%. The proposed model was able to accurately predict the 

performance of seven out of eight processors, as indicated by the error margin of 10%. 

This demonstrates the generalization performance of the model, particularly for CPUs 

that have similar characteristics to the training data set. The highest error was observed 

for the AMD Ryzen 5 7600X processor, which showed the highest deviation of 27.7%. This 

may be due to the Zen 4 architecture, which has resulted in significant performance 
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enhancements in terms of instructions per clock (IPC). The absence of this parameter in 

the input data may have resulted in the model underestimating the performance of the 

processor, as the architecture of this processor is more efficient than that of the training 

data. The rest of the processors showed a mean absolute error of 5.5%, thereby indicating 

the reliable performance of the proposed model in terms of CPU performance prediction 

without the need to use benchmark measurements. 

 

Figure 9. External validation results showing actual versus predicted Cinebench R23 

multi-core scores and prediction error percentages for eight unseen processors. 

 

Single-Core vs Multi-Core Performance Analysis 

Another analysis was done to assess the relationship between single core and multi-

core performance using the information provided in the dataset. The analysis resulted in 

a Pearson correlation coefficient of r = 0.166 (p < .01), showing a weak positive relationship 

between single core and multi core performance. Therefore, single core performance is 

not a good predictor of multi-core performance. For example, CPU processors with 

relatively poor single core performance can deliver extremely high multi-core 

performance if they have a considerable number of cores/threads, such as AMD 

Threadripper and EPYC processors. 

This is in line with the feature importance, where thread count and core count 

combined contribute 86.62% of the overall prediction power, and the clock frequency-

related features contribute a total of 12%. The low correlation between the single-core and 

multi-core scores also implies that they are different aspects of a processor’s capability, 

where the multi-core is mostly influenced by hardware parallelism. This means that a 

method that only uses single-core metrics is not sufficient for predicting multi-core, and 

the emphasis given to core and thread count in the proposed workflow is highly 

supported. 
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Figure 10. Scatter plot of single-core versus multi-core Cinebench R23 scores, with 

color representing turbo clock frequency and bubble size representing core count (r = 

0.166, p < 0.01). 

Discussion of Findings 
Overview of Key Findings 

The present study proposes a hardware-based and software-based workflow to 

predict multi-core benchmark performance, as measured by Cinebench R23 multi-core 

benchmark, based on CPU hardware specifications alone, eliminating the need to 

benchmark processors. This was implemented and tested in Python on a standard laptop. 

Among all tested models, Gradient Boosting was found to be the most efficient in terms 

of test set R² = 0.845, RMSE = 0.149, MAE = 0.106 on a logarithmic scale. Stability was 

checked by cross-validation, which revealed a mean R² = 0.853 and standard deviation = 

0.037. When tested on an external dataset, a mean absolute percentage error of 8.0% was 

found, within a 10% error margin of all eight processors except one. Feature importance 

was found to reveal that thread count, and core count were the two most important 

features in multi-core benchmark performance, accounting for 86.62% of all importance. 

Other features such as clock frequency were found to have little to no effect. Features such 

as processor manufacturers and CPU types were found to have little importance. This 

finding supports the proposition that hardware parallelism is a key determinant of multi-

core benchmark performance, which was further supported by correlation analysis. 

Moreover, a low correlation coefficient between single-core and multi-core benchmark 

performance was found (r = 0.166), which supports the proposition that efficiency per core 

is an insufficient determinant of multi-core benchmark performance, further supporting 

the role of hardware parallelism. 

 

Hardware Parallelism as the Dominant Performance Driver 

The accuracy of the prediction, where it was noted that 86.62% of the feature 

importance was accounted for by thread count and core count, is in line with established 

principles of parallel computing and is further supported by several other related research 

investigations into CPU performance prediction. Specifically, Tousimojarad and Lujan 

[40], noted that tree-based models could predict benchmark scores with an average error 

of less than 4% by using 29 hardware features, with feature importance indicating that 

specifications related to parallelism were the most important, thus further supporting the 
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notion that hardware parallelism is a universal driver of CPU benchmark performance, 

regardless of benchmark or CPU generation. 

Wang et al. [41] utilized deep neural networks to forecast performance for new Intel 

CPU SKUs for SPEC CPU2006 and Geekbench benchmarks, and their method achieved a 

mean absolute error of 5.5% for SPEC CPU2006 benchmarks and 11.2% for Geekbench 

benchmarks. Their study confirmed that the relationships between hardware 

specifications and benchmark performance are not purely linear, which is consistent with 

the performance gap observed in our study between linear models (Test R² = 0.614) and 

ensemble methods (Test R² = 0.845). The superiority of non-linear models observed in both 

studies suggests that interaction effects between hardware features, particularly between 

core count and clock frequency, contribute meaningfully to performance outcomes. 

Al Sefat et al. [23] evaluated multiple regression algorithms for CPU performance 

prediction using hardware specification features including clock speed, core count, and 

cache size, published in Springer. Their findings confirmed that clock speed, core count, 

and cache characteristics are among the most influential features in CPU performance 

prediction, consistent with the feature importance results of the present study. Liu et al. 

[42] further corroborated this finding in their study of Intel Xeon Scalable Processors, 

noting that hardware configuration features rather than vendor-specific characteristics 

were the primary drivers of benchmark performance variation across processor SKUs. 

The weak correlation between single-core and multi-core scores observed in this 

study (r = 0.166) is consistent with the widely accepted understanding in computer 

architecture that multi-core performance scales primarily with the number of available 

execution units. This finding is further supported by the negligible contribution of 

manufacturer identity to performance prediction (0.63% feature importance), suggesting 

that competitive parity between Intel and AMD in recent processor generations is 

reflected in the data. The secondary contribution of clock frequency, which makes up 12% 

of the entire importance, is consistent with the assumption that an increase in clock speed 

provides a positive impact to per core performance yet does not compensate for the 

benefits of higher core counts in highly parallelized workloads. 

In comparison with the relevant works cited above, the workflow proposed in this 

study has achieved a similar level of predictive performance in terms of predictive 

accuracy metrics (Test R² = 0.845; External MAPE = 8.0%), but with only six hardware 

specification features extracted from the manufacturer's datasheet. This indicates that the 

proposed workflow may be regarded as a viable alternative for researchers and engineers 

working under constrained conditions and may be viewed as a complementary approach 

to more complex architecture designed for specialized hardware configurations. 

Model Performance and Generalization 

The Gradient Boosting model performed best when compared to all models in the 

current study, as supported by the test R² = 0.845, RMSE = 0.149, MAE = 0.106 log scale, 

and MAPE = 8.0% during external validation. These results are interpreted in relation to 

previous literature findings in CPU and hardware performance prediction. 

Kaya et al. [43] evaluated the performance of five different models for CPU 

performance prediction by using the regression models of Gradient Boosting and Neural 

Networks, with R² values of 0.958 and 0.976, respectively. The lower R² value of 0.845 in 

the present study is mainly due to the use of a more constrained set of features with only 

six specifications from the datasheet, whereas Kaya et al. also utilized additional features 

such as cache and lithography. The superiority of the Gradient Boosting models to the 

linear models is evident from both studies and mainly due to the difference in the features 

utilized for the models. 

Al-Tarawneh et al.[44] evaluated the performance of Linear Regression, Artificial 

Neural Networks, and Random Forest models using the SPEC CPU2017 benchmark data 

set and found that the Random Forest model performed better than the other models on 
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all the evaluation metrics. This result is partially similar to the present study's result, in 

which the Random Forest model achieved a competitive test R² value of 0.810 and ranked 

second in the CPU performance prediction task by the Gradient Boosting model. The 

consistent high performance of tree-based ensemble models in both studies, which used 

different data and features, indicates that the best approach for CPU performance 

prediction tasks is the ensemble approach. 

The study conducted by Upadhyay et al. [45] aimed to evaluate the performance 

prediction of multicore CPUs by applying parallel data mining to available data. The 

results show that hardware factors such as cache bandwidth, memory requirements, and 

CPU speeds are significant performance predictors for multicore CPUs. This finding 

affirms the main conclusion drawn in the current article, which asserts that hardware 

specifications related to parallel performance are the main performance predictors for 

multi-core CPU benchmarks, and data mining can be employed to create performance 

estimation tools for CPUs without the need for hardware support. 

The five-fold cross-validation results of the present study (CV R² = 0.853, SD = 0.037) 

show that the results generalize well across different partitions of the data set. The 

similarity between the cross-validation R² (0.853) and the R² from the hold-out test (0.845) 

indicates that the model indeed performs well in terms of generalization without the 

problem of overfitting, even with the relatively small data set of 215 samples, which is a 

common concern for the stability of ensemble models. 

Limitations 

There are several limitations which need to be considered when interpreting the 

results obtained from the present study. Firstly, the dataset contains 215 CPUs from a 

single Kaggle repository. While such a dataset may be appropriate for statistical modeling, 

it may not accurately represent all processors available in the current market. This may be 

particularly relevant to smaller manufacturers such as Apple, which contributed only four 

processors to the dataset. Secondly, all predictions were based on a single metric: the 

Cinebench R23 score. This may suggest a rendering-centric model which may not 

accurately predict results based on alternative benchmarking schemes such as SPEC CPU 

or Geekbench. Finally, there are six features used from datasheet specifications. While 

such a set of features may be comprehensive, there may be several additional factors 

which significantly impact performance. This may include processor architecture, cache 

size, memory bandwidth, processor node, etc., which may all significantly impact the 

maximum achievable prediction accuracy. One such feature which was not included was 

instructions per clock (IPC), which has been significantly improved in several modern 

architectures. For example, the AMD Ryzen 5 7600X processor was found to have a 

significantly increased prediction error. This may be a result of IPC improvements. 

Finally, since all processors were released prior to 2022, such a model may become 

obsolete in the future. This may suggest a need to periodically retrain such a model to 

maintain accuracy. 

4. Conclusion 

This work proposes a hardware and software workflow for predicting the 

performance of a CPU in running the Cinebench R23 multi-core test, relying only on CPU 

specifications obtained from the manufacturer’s datasheet. The proposed workflow, 

coded in Python and running on a typical laptop computer, eliminates the need for actual 

hardware benchmarking while maintaining a high level of predictive accuracy. The 

Gradient Boosting approach produced the highest performance results, with R² = 0.845, 

RMSE = 0.149, and MAE = 0.106. The cross-validation results were consistent, with mean 

R² = 0.853. The mean absolute error in the external validation set was found to be 8.0%, 

with most processors predicted within a range of 10%. The most important input feature 

was the number of cores and threads, which accounted for more than 86% of the model’s 
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importance. The clock speeds were found to be less important, and the categorical 

variables were least important. The low correlation between the single and multi-core 

scores (r = 0.166) also points to the fact that the performance in the multi-core case is 

mainly influenced by the number of cores. 

For future research it’s recommended to: 

a. Expanding the feature set to include cache size, memory bandwidth, process 

node, and thermal design power. 

b. Incorporating larger and more diverse datasets across multiple benchmark 

suites to improve generalizability. 

c. Introducing IPC-aware proxy features to better capture microarchitectural 

efficiency. 

d. Extending the modeling framework to support multi-output prediction for 

single-core and multi-core performance scores. 

e. Building automated retraining workflows to maintain accuracy in the face of 

new CPU releases. 

f. Deploying the workflow as a user-friendly application to support practical, real-

time estimation of CPU performance. 
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