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Selected Research Aspects:

Neural network topologies and their purpose

ANN, such as MLP Baseline reference
Bayesian neural Uncertainty estimator based on
networks (BNN) [1] learned distributions
Topologies of Kolmogorov-arnold- Kolmogorov-arnold-representation
neural networks networks (KAN) [2] theorem for high accuracy

Comparing to Spiking-neural-

mach.ine networks (SNN) [3] Energy-efficient alternative
learning
'.%:%: Alternatives Further investigations

Optimization aims and hyper parameter tuning

Fastest

Smallest training
model process and
inference
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Results:

FC1 | FC2 | FC3 | FC4 | FC5 | Final
L I A I I I R I
72 78 96

Early stopping inepoch 121 114 427 504 430 568 108 109 74

Final best epoch 106 99 412 489 415 533 93 94 59 57 63 81
R? for best model [%)] 99.5 999 99.8 100 99.6 99.9 99.8 99.9 99.8 99.9 99.7 99.9
MAPE for best model [%] 3.5 24 18 04 20 04 25 16 28 23 25 14

Model: MLP with fully-connected layers of the sequence 21-ReLU, 15-RelLU, 10-ReLU, 5-
ReLU, and 1-linear for 21 features, more than 2000 data points, with Adam optimizer, learning
rate of 0.001, early stopping, and the mean-squared-error (MSE) loss function. Per-fold-
configuration (FC) energy ( [g ) and runtime (&3) prediction results are shown in the tables.
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Methodology:
Hardware-bound profiling via program-level features
Pros : rapid prototyping, target platform independence Energy  Runtime
Cons: accuracy might not be sufficient, dataset is needed
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Neural network (NN) Prediction for target
Dataset
models hardware

Dataset type performance and associated artificial neural network (ANN) topologies

Non-temporal for Each data point is one programme
Dataset MLP executed and measured
type Temporal for Each data point is an instruction-
CNN, LSTM, or MLP sequence of a specific programme
Clgssificter or regressor with regard to label distributions Similar to runtime
ount 200 label distributions
150 .
Representative energy
. label distribution
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Robust feature selection algorithms for non-temporal dataset obtaining small feature set

Features are physically
Interpretable

Decision tree and feature importance

Feature
selection

Features are abstract Principle component analysis
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Ban. PiBP-F3models | FC1 | FC2 | FC3 | FC4 | FC5 | Final

Early stopping inepoch 259 251 363 423 442 367 165 175 301 276 247 201
Final best epoch 244 236 348 408 427 352 150 160 286 261 232 186
R? for best model [%)] 949 944 954 957 96.4 958 941 93.6 96.3 96.1 954 95.1
MAPE for best model [%] 9.3 101 79 79 75 81 101 110 80 86 86 9.1

Conclusion and Future Work:

The models are sufficient for energy and runtime prediction specific for the selected target
hardware presented. Further steps will adress the research aspects presented.
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