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Data Extracted from 75 Publications: 

Paper 
Type of 

Study 

AI 

Lifecycle 

Stage 

Type of AI 

Model 

Learning 

Paradigm 

Comp

uting 

Infrast

ructur

e 

Hardware 

Used 

Software 

Libraries 

& 

Framewor

k 

Consumpti

on-related 

Measuring 

Tools 

Environment

al Metrics 

Performance 

Metrics 

Energy 

Saving 

Theme 1: Energy Consumption Tracking Tools  

Budennyy et 
al. 2022 [1] 

Empirical Training Transformer 
(Malevich, 
Kandinsky) 

Single-site Cloud; 
HPC 

CPU (AMD 
EPYC); GPU 
(NVIDIA 

A100) 

PyTorch PyNVML; 
psutil 

Energy (kWh); 
Carbon 
(gCO2e) 

Accuracy (via 
loss function) 

17% 

Jääskeläinen 
et al. 2023 
[2] 

Theoretical Inference - - Local GPU - - - -  - 

Jesse et al. 
2022 [3] 

Empirical Inference LLM (BERT) Single-site Cloud GPU (NVIDIA 
TITAN) 

- - Energy (kWh); 
Carbon 
(gCO2e) 

-  - 

Justus et al. 
2018 [4] 

Empirical Training CNN Single-site Cloud; 
Local 

CPU; GPU 
(NVIDIA 

V100, P100, 
K80, M60, 
GTX 1080 Ti) 

TensorFlow - Indirect (time) RMSE  - 

Kannan et 
al. 2024 [5] 

Empirical Inference - Single-site - - PyTorch - Indirect (num. 
of 
computations) 

Accuracy  - 

Li et al. 
2022 [6] 

Empirical Training CNN Single-site Local CPU (Intel 
Core i9, AMD 

Ryzen 9); GPU 
(NVIDIA RTX 
3080) 

PyTorch - Energy (J) RMSE; R-
squared 

 - 

Lannelongu
e et al. 2021 
[7] 

Empirical Inference LLM (BERT) Single-site HPC CPU (Intel 
Xeon); GPU 
(NVIDIA 
V100); TPU 

(TPU-v3 Pod) 

- Green 
Algorithms 

Energy (kWh); 
Carbon 
(gCO2e) 

-  - 

Ma et al. 
2022 [8] 

Empirical Training - Single-site HPC; 
Local 

- - - Power (W) Mean relative 
deviation 

 - 

Santos et al. 
2022 [9] 

Empirical Inference CNN 
(MobileNet, 
Inception, 

Single-site HPC CPU (Intel 
Xeon); GPU 
(NVIDIA GTX 

TensorFlow AI 
Benchmark 
Alpha; 

Energy (kWh); 
Carbon 
(gCO2e) 

Accuracy  - 
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ResNet, 
Inception-
ResNet, 
VGG-16) 

1080 Ti); HPC 
(Dell 
PowerEdge 
R730) 

Experiment 
Impact 
Tracker 

Shaikh et al. 
2021 [10] 

Empirical Training - - - - - Intel RAPL; 
NVIDIA-
SMI 

- -  - 

Taewon et 

al. 2023 [11] 

Empirical Inference CNN Single-site - CPU; GPU TensorFlow CodeCarbon Carbon 

(gCO2e) 

-  - 

Tien-Ju et 
al. 2017 [12] 

Empirical Training CNN Single-site - - - - - Accuracy  - 

Tiutiulnikov 
et al. 2023 
[13] 

Empirical Training CNN Single-site Cloud CPU; GPU 
(NVIDIA 
V100) 

PyTorch - Carbon 
intensity 
(gCO2e/kWh) 

- 17.8% (CE) 

Theme 2: Evaluates Environmental Impact of AI methods  

Caspart et 
al. 2022 [14] 

Empirical Training RNN (LSTM) Single-site HPC CPU; GPU 
(NVIDIA 
A100) 

PyTorch NVIDIA 
Managemen
t Library 
(NVML) 

Energy (J); 
Power (W) 

Accuracy; 
Mean absolute 
percentage 
error (MAPE) 

 - 

Castanyer et 
al. 2024 [15] 

Empirical Inference CNN 
(ResNet); 

RNN (GRU, 
LSTM); 
Transformer 

Single-site - CPU; GPU 
(NVIDIA 

P100); Mobile 
(Xiaomi Poco 
X3 NFC) 

PyTorch; 
TensorFlow

; ONNX; 
TensorFlow 
Lite; 
Unity3D; 
Android 
Studio 

Android 
Profiler; 

Unity 
Profiler 

Indirect (time) Accuracy  - 

Dan et al. 

2023 [16] 

Empirical Inference LLM (BERT, 

LLaMA 65B); 
CNN 
(ResNet); 
Graph Neural 
Network 
(DimeNet) 

Single-site HPC GPU (NVIDIA 

A100, V100) 

Slurm NVIDIA-

SMI 

Power (W) training time; 

inference 
time(latency) 

10-24% 

del Rey et 

al. 2023 [17] 

Empirical Training CNN 

(MobileNetV2
, NASNet 
Mobile, 
Xception, 
ResNet50, 
VGG16) 

Single-site Cloud; 

Local 

CPU; GPU 

(NVIDIA GTX 
750 Ti, RTX 
3070, RTX 
3090) 

TensorFlow NVIDIA-

SMI 

Power (W) F1 score 81% 
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Desislavov 
et al. 2023 
[18] 

Empirical Inference CNN 
(AlexNet, 
VGG, ResNet, 
EfficientNet); 
Transformer(
BERT, 

MobileBERT) 

Single-site - GPU PyTorch; 
TensorFlow 

ptflops Energy (J)  Accuracy  - 

Emma et al. 
2020 [19] 

Empirical Training LLM (BERT, 
GPT-2); 
RNN(ELMo) 

Single-site Cloud; 
HPC 

- TensorFlow
; Hyperopt 

NVIDIA-
SMI; Intel 
RAPL 

Energy (kWh); 
Power (W); 
Carbon 
intensity 
(gCO2e/kWh) 

- - 

Ferro et al. 
2023 [20] 

Empirical Training Traditional 
ML (Decision 

Tree, Random 
Forest, 
XGBoost) 

Single-site Local CPU (Intel 
Core i7); GPU 

(NVIDIA  RTX 
2080 Ti) 

scikit-
learn; 

pandas; 
NumPy 

perf; 
PyRAPL 

Energy (J) Accuracy; 
MSE 

53%, 62%, 
135%, 162% 

Gomez-
Carmona et 
al. 2020 [21] 

Empirical Optimizati
on 

Traditional 
ML (Logistic 
Regression, 
Random 

Forest, KNN, 
Naive Bayes, 
Linear SVM, 
Decision 
Trees); MLP 

Single-site 
(Edge) 

Local CPU (Intel 
Core i7, 
Rasberry Pi 3, 
Rasberry i 

Zero W) 

scikit-learn - Indirect (time) F1 score; 
Precision; 
Recall; 
Accuracy 

80% (time) 

Jean-
Quartier et 

al. 2023 [22] 

Empirical Optimizati
on 

CNN 
(YOLO); 

Traditional 
ML (Random 
Forest, 
Decision 
Tree) 

Single-site Local CPU PyTorch; 
scikit-

learn; 
SHAP; 
SciPy 

CodeCarbon Energy (kWh) Accuracy; 
MSE; R-

squared 

 - 

Yu et al. 
2022 [23] 

Empirical Inference Traditional 
ML (LR, 

KNN, SVM, 
RF, XGB); 
Neural 
Networks 
(NN1, NN5, 
Pruned NN, 

Quantized 
NN) 

Single-site Local CPU (Intel 
Core i5) 

PyTorch; 
scikit-learn 

Intel Power 
Gadget 

Power (W) Accuracy; 
AUROC 

 - 
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Mazurek et 
al. 2024 [24] 

Empirical Data 
Managem
ent 

CNN (UNet) Single-site HPC CPU (AMD 
EPYC 7742); 
GPU (NVIDIA 
A100) 

PyTorch; 
MONAI; 
Lightning-
Bagua; 
Weights & 
Biases 

CodeCarbon Energy (J) DICE 400% (time) 

McIntosh et 

al. 2019 [25] 

Empirical Training Traditional 

ML (Naive 
Bayes, J48, 
SMO, 
Logistic 
Regression, 
Random 

Forest, KNN, 
ZeroR); MLP 

Single-site - Mobile 

(Galaxy Nexus 
Android 4.2.2) 

WEKA;Ne

uroph; 
Android 
SDK; 
Dalvik VM 

- Energy (J); 

Power (W) 

Accuracy; 

RMSE 

 - 

Nesrine et 
al. 2021 [26] 

Empirical Inference LLM Single-site HPC; 
Local 

CPU; GPU 
(GTX 1080 Ti, 
V100) 

Hugging 
Face 
Transforme
rs 

CarbonTrac
ker; Green 
Algorithms; 
ML CO2 
Impact;  

Experiment 
Impact 
Tracker; 
Cumulator; 
Energy 
Usage 

Energy (kWh); 
Carbon 
(gCO2e) 

-  - 

Ollivier et 

al. 2023 [27] 

Empirical Inference CNN 

(AlexNet, 
VGG-16) 

Single-site 

(Edge) 

Local CPU; GPU; 

Supercomputer 
(NVIDIA 
Jetson NX) 

PyTorch; 

TensorFlow 

- Power (W); 

Carbon 
(gCO2e) 

Throughput  - 

Omar et al. 
2024 [28] 

Empirical Data 
Managem
ent 

Traditional 
ML (SVM, 
Naive Bayes, 
Decision 

Tree, 
Hoeffding 
Tree, KNN, 
Random 
Forest, 
AdaBoost, 

Bagging 
Classifier) 

Single-site Local CPU (Intel 
Xeon) 

scikit-
multiflow; 
scikit-learn 

CodeCarbon Energy (J) Drift detection 
closeness; 
True alarm 
rate 

 - 
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Rakshit et 
al. 2021 [29] 

Empirical Training LLM (BERT) Single-site Local CPU; GPU PyTorch CodeCarbon Energy (kWh); 
Carbon 
(gCO2e) 

Accuracy  - 

Raluca 
Maria et al. 
2022 [30] 

Empirical Finetunin
g 

- Single-site Local CPU 
(Rasberry Pi 3 
and 4) 

ONNX; 
Docker; 
WebAssem
bly (Wasm) 

High 
Voltage 
Power 
Monitor 

(HVPM) 
hardware by 
Monsoon 

Energy (J) Execution time  - 

Tomlinson 
et al. 2024 
[31] 

Theoretical Training LLM Single-site - GPU (NVIDIA 
A100) 

- - Carbon 
(gCO2e) per 
task 

-  - 

Yokoyama 
et al. 2023 

[32] 

Empirical Optimizati
on 

CNN; 
Traditional 

ML 
(XGBoost, 
Random 
Forest, 
Decision 
Trees, K-

means); MLP 

Single-site Local CPU; GPU 
(NVIDIA 

RTX); TPU; 
Supercomputer 
(NVIDIA 
Jetson TX-2) 

Dask; 
scikit-

learn; 
pandas; 
NumPy 

perf; 
NVIDIA-

SMI 

Energy (J); 
Carbon 

(gCO2e) 

Accuracy 24% 

Castellanos-
Nieves et al. 
2023 [33] 

Empirical Training Traditional 
ML (SGD 
Classifier, 
Logistic 
Regression, 
KNN, 

Random 
Forest, 
Gradient 
Boosting, 
Decision 
Tree, Linear 

& Non-
Linear SVM, 
Gaussian 
Naive Bayes) 

Single-site Local CPU (Intel 
Core i7); GPU 

scikit-learn mathematica
l model; 
psutil 

Energy (kWh); 
Carbon 
intesity 
(gCO2e/kWh) 

Accuracy; F1 
score 

 - 

Dagoberto et 
al. 2024 [34] 

Empirical Training CNN 
(EfficientNet)
; RNN 

(BiLSTM) 

Single-site Cloud; 
Local 

CPU; GPU Keras; 
PyTorch; 
Ray Tune 

- Power (W); 
Carbon 
(gCO2e/kWh) 

Accuracy 28% 
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Toscano-
Durán et al. 
2024 [35] 

Empirical Data 
Managem
ent 

CNN 
(YOLO); 
MLP 

Single-site Local CPU (Intel 
Xeon Silver 
4210); GPU 
(NVIDIA 
Quadro RTX 
4000) 

PyTorch CodeCarbon Indirect (time); 
Carbon 
(gCO2e) 

Accuracy; 
Precision; 
recall; F1 
score; Mean 
Average 
Precision 

(MAP) 

40% (CE) 

Yarally et al. 
2023 [36] 

Empirical Training - Single-site Local GPU (NVIDIA 
GTX 1080) 

PyTorch - Energy (J) Accuracy  - 

Theme 3: Green Frameworks in Federated Learning  

Albaseer et 

al. 2024 [37] 

Empirical Optimizati

on 

CNN Federated Distrib

uted 

CPU; GPU PyTorch - Energy (J) - 17% 

Fontenla-
Romero et 
al. 2023 [38] 

Empirical Training Neural 
Network 
(Single-Layer 
Perceptron) 

Federated Distrib
uted 

CPU (Intel 
Core i7) 

- - Power (Wh) Accuracy 87% (time) 

Hsu et al. 
2022 [39] 

Empirical Optimizati
on 

- Federated Distrib
uted 

CPU - Mathematica
l model 

Energy (J) RMSE 69% 

Hu et al. 
2022 [40] 

Empirical Training CNN; MLP Federated 
(Edge) 

Distrib
uted 

CPU - Mathematica
l model 

Energy (J) Accuracy  - 

Kim et al. 

2024 [41] 

Empirical Training CNN Federated Distrib

uted 

- - Energy 

model of 
processing 
chip 

Energy (J) Accuracy; 

Precision 

70% 

Kuswiradyo 
et al. 2024 
[42] 

Empirical Training - Federated Distrib
uted 

CPU (Intel 
Core i5) 

IBM ILOG 
CPLEX 
Optimizati
on Studio 

- Reduction in 
Energy (%) 

Latency 11-27% 

Maryam 

Ben et al. 
2024 [43] 

Empirical Optimizati

on 

CNN Federated Distrib

uted 

GPU (NVIDIA 

T4) 

Keras; 

TensorFlow 

- Energy (J) Accuracy 43% 

Peichun et 
al. 2021 [44] 

Empirical Data 
Managem
ent 

CNN (VGG-
9) 

Federated 
(Edge) 

Distrib
uted 

CPU - Mathematica
l model 

Energy (J) Accuracy 32%, 57% 

Wang et al. 
2023 [45] 

Empirical Training Quantized 
Neural 
Network 

(QNN) 

Federated Distrib
uted 

- MATLAB Mathematica
l model 

Energy (J) Fronthaul 
Capacity 
(Gbps); Level 

of precision 
(bit) 

50% 

Zhou et al. 
2022 [46] 

Empirical Inference - Federated Distrib
uted 

CPU MATLAB - Energy (J) -  - 

Lee et al. 
2023 [47] 

Empirical Training CNN Federated 
(Edge) 

Distrib
uted 

CPU; GPU PyTorch - Energy (J) Structural 
Similarity 

 - 
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Index Measure 
(SSIM); 
Membership 
inference 
attack 
accuracy 

Qi et al. 

2024 [48] 

Empirical Data 

Managem
ent 

CNN Federated Distrib

uted 

CPU PyTorch - Indirect 

(overhead, 
latency) 

Accuracy 80% (comm. 

overhead) 

Xia et al. 
2024 [49] 

Empirical Training CNN (LeNet-
5, AlexNet, 
MobileNetV) 

Federated Distrib
uted 

CPU; GPU - - Indirect 
(computational 
complexity and 
overhead) 

Accuracy  - 

Theme 4: Novel Techniques for Green AI  

Acmali et al. 
2024 [50] 

Empirical Training CNN Single-site Local CPU; GPU - - Indirect 
(FLOPs) 

Accuracy 50% (model 
param) 

Álvaro 
Domingo et 
al. 2024 [51] 

Empirical Training CNN; Auto-
Regressive 
Prediction 

Model 

Single-site Local CPU; GPU TensorFlow NVIDIA-
SMI 

Energy (kWh) Accuracy 56% 

Candelieri et 
al. 2021 [52] 

Empirical Optimizati
on 

Traditional 
ML (SVM) 

Single-site HPC CPU - - Indirect (time) Accuracy 66% (time) 

Gille et al. 
2022 [53] 

Empirical Data 
Managem
ent 

CNN 
(Convolution
al 
AutoEncoder) 

Single-site HPC CPU; GPU 
(NVIDIA 
A100) 

PyTorch - Reduction in 
Energy (%) 

Peak SNR 
(PSNR); 
Structural 
Similarity 
Index Measure 

(SSIM) 

25% 

Huang et al. 
2023 [54] 

Empirical Finetunin
g 

Transformer-
Based LLM 
(OPT, 
BLOOMZ, 
FLAN-T5) 

Single-site - GPU (NVIDIA 
A100) 

PyTorch; 
TensorFlow 

Torch 
Profiler 

Indirect 
(FLOPs) 

ROGUE 
scores 

64% 
(FLOPs) 

Lazzaro et 
al. 2023 [55] 

Empirical Training - Single-site Local CPU; GPU - - Reduction in 
Energy (%) 

- 7-31% 

Liu et al. 

2024 [56] 

Empirical Training - Single-site Local GPU (NVIDIA 

RTX 3090) 

- - Carbon 

(gCO2e) 

AUC; Mean 

Reciprocal 
Rank (MRR); 
Normalized 
Discounted 
Cumulative 
Gain (NDCG) 

87.6% 

(CO2) 
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Luis et al. 
2024 [57] 

Empirical Training MLP Single-site Local - sktime - Indirect (num. 
of parameters) 

Mean Absolute 
Error (MAE); 
RMSE; Mean 
Absolute 
Percentage 
Error (MAPE); 

R-squared; 
Mean Squared 
Logarithmic 
Error (MSLE); 
Median 
Absolute 

Percentage 
Error 
(MdAPE); 
DIstortion 
Loss including 
shApe and 

TimE 
(DILATE) 

20% 
(number of 
model 
parameters) 

Nijkamp et 
al. 2024 [58] 

Empirical Inference - Single-site Cloud CPU Datadog - Indirect (CPU 
usage) 

Precision; 
Recall; F1 
score 

14%, 57% 

Pirnat et al. 
2022 [59] 

Empirical Training CNN 
(ResNet18) 

Single-site Cloud GPU - - Energy (J); 
Carbon 
(gCO2e) 

Mean Distance 
Error (MDE); 
RMSE 

94% 

Ryan et al. 

2017 [60] 

Empirical Training MLP Single-site Local CPU (Intel 

Core i7, Xeon) 

- - Indirect (num. 

of 
computations) 

Accuracy 95% 

(compute 
cost) 

Shi et al. 
2024 [61] 

Empirical Inference LLM 
(CodeBERT, 
GraphCodeB
ERT) 

Single-site Local CPU; GPU Hugging 
Face 
Transforme
rs 

MLCO2 
Impact 

Energy (kWh); 
Carbon 
(gCO2e) 

Accuracy; 
latency 

99% 

Thomas et 
al. 2020 [62] 

Empirical Training Generative 
Models (VAE, 

Flow) 

Single-site Local - PyTorch - - Bits per 
dimension 

(BPD) 

90-94% 
(model size) 

del 

Xiangyu et 
al. 2020 [63] 

Theoretical Inference CNN 
(GoogLeNet) 

Single-site - - - - Power (W) Signal-to-
Interference-
plus-Noise 
Ratio (SINR) 

67% 

Xiaokai et 
al. 2023 [64] 

Empirical Optimizati
on 

LLM Single-site Cloud CPU; GPU PyTorch - Carbon 
(gCO2e) 

BLEU 
(BiLingual 
Evaluation 

Understudy) 

28.8%, 
48.4%, 55% 
(CO2) 
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score; 
Accuracy 

Yang et al. 
2023 [65] 

Empirical Data 
Managem
ent 

CNN 
(ResNet-20, 
ResNet-18, 
ResNet-50); 
LLM 

(RoBERTa) 

Single-site Local GPU (NVIDIA 
RTX A6000) 

- - - Accuracy 60% (time) 

Yin et al. 
2024 [66] 

Empirical Data 
Managem
ent 

CNN 
(ResNet, 
DenseNet) 

Single-site HPC; 
Local 

GPU (NVIDIA 
A100, RTX 
3080) 

- - Indirect (time) Accuracy 47%, 52%, 
62% 

Theme 5: New Carbon-aware AI frameworks  

Erik 
Johannes et 

al. 2024 [67] 

Empirical Optimizati
on 

CNN; RNN 
(LSTM); 

Traditional 
ML (Decision 
Tree, Random 
Forest, 
XGBoost, 
Gradient 

Boost) 

Single-site Cloud; 
Local 

CPU; GPU PyTorch; 
TensorFlow 

CodeCarbon Energy (kWh); 
Carbon 

(gCO2e) 

F1 score; R-
squared 

 - 

Gutierrez et 
al. 2023 [68] 

Empirical Optimizati
on 

CNN; RNN 
(LSTM); 
Traditional 
ML (Decision 
Tree, Random 
Forest, 

XGBoost, 
Gradient 
Boost) 

Single-site Local CPU Scikit Energy 
Efficiency 
Tester 
(hardware) 

Power (W/s) - 12% 

Li et al. 
2023 [69] 

Empirical Inference LLM 
(ALBERT); 
CNN 
(EfficientNet, 

YOLOv5) 

Single-site Cloud; 
HPC 

CPU (ADM 
EPYC); GPU 
(NVIDIA 
A100) 

PyTorch; 
Flask; 
NetworkX 

Carbon 
Tracker 

Carbon 
(gCO2e) per 
day 

Accuracy; 
Latency 

80% 

Meilin et al. 
2023 [70] 

Theoretical Training - - - - - - - -  - 

Henderson 
et al. 2021 
[71] 

Empirical Inference - Single-site HPC CPU (Intel 
Xeon); GPU 
(NVIDIA 
A100, V100) 

PyTorch; 
TensorFlow 

RAPL; Intel 
Power 
Gadget; 
NVIDIA-
SMI; psutil 

Energy (kWh); 
Carbon 
intesity 
(gCO2e/kWh) 

BLEU 
(BiLingual 
Evaluation 
Understudy) 
score 

 - 
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Roberto et 
al. 2024 [72] 

Empirical Finetunin
g 

Traditional 
ML (Linear 
Regression, 
Decision 
Tree, Random 
Forest, 

XGBoost); 
Neural 
Network 

Single-site Local CPU - - Carbon 
(gCO2e) 

Accuracy  - 

Salh et al. 
2023 [73] 

Empirical Training - Federated Distrib
uted 

CPU - - Energy (J) Time  - 

Sunxuan et 
al. 2024 [74] 

Empirical Training - Federated Distrib
uted 

CPU - - Energy (J) Accuracy (via 
loss function); 
Differential 

privacy cost 

11% 

Zhaohui et 
al. 2020 [75] 

Theoretical Training - Federated Distrib
uted 

- - - Reduction in 
Energy (%) 

Maximum 
average 
transmit power 
in dB 

59% 
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Tools mentioned in the Systematic Review 

 

Tool #Occurre

nces 

Function 

Experiment Tracking & Monitoring Tools 

Ai Benchmark Alpha 1 Benchmarking tool (python-based) for AI algorithms in HPC 

setting to compare energy and accuracy outcomes. 

Code Carbon 7 Python package that computes carbon emissions based on time, 

power (GPU + CPU + RAM), and carbon intensity. 

ML CO2 Impact 2 Online tool that computes carbon emissions based on user-

provided information such as runtime, hardware, cloud provider 

and location. 

Carbon Tracker 2 Python package. (same formula as MLCO2) 

Experiment Impact Tracker 2 Python package. ((same formula as MLCO2) 

Green Algorithms 2 Convenient online tool. (same formula as MLCO2) 

Cumulator 1 Python package that estimates carbon emissions based on 

runtime, GPU load and carbon intensity as well as 

communication energy. 

Energy usage tool 1 Python package (possibly buggy) 

Profiling & Performance Tools 

NVIDIA-SMI 7 command-line tool 

Monitor NVIDIA GPUs NVML 1 C-based API 

pyNVML 1 Python library 

Intel Power Gadget 2 Software app 
Monitor Intel CPU power 

usage 
Intel RAPL 3 Hardware feature 

pyRAPL 1 Python library 

perf 2 Command-line profiler tool in Linux to monitor CPU 

performance and system events. 

psutil 3 Python library for retrieving information on system utilization 

(CPU, memory, disks etc.) 

ptflops 1 Python library for calculating the number of 

FLOPs/computations during inference only. 

PyTorch Profiler 1 Python library for profiling time and memory usage by 

CPU/GPU. 

Android Profiler 1 Built-in Android Studio tool for monitoring CPU usage, 

memory, device power consumption, etc. 

Unity Profiler 1 Built-in Unity engine tool to get performance information on 

app’s CPU, GPU, memory, and rendering. 

 


