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Abstract

Quantitative criteria for deciding when and how to allocate CPU and GPU resources in large-scale multimodal
pipelines remain insufficiently established. This work defines a joint threshold—using the GPU only when it achieves
at least a 2x speedup over the CPU while consuming no more than 50% of the per-sample energy—and proposes a
lightweight DNN-based resource allocation system that dynamically selects between CPU and GPU based on this
criterion. Using a unified protocol, we collect training logs across diverse datasets and representative model
combinations spanning image, video, text, and numerical data, and train a lightweight classifier capable of real-time
inference using features such as FLOPs, parameter count, batch size, input size, and hardware metrics. Experimental
results show that CPUs are preferable for small-scale or lightweight tasks, whereas GPUs dominate large-scale visual
and temporal workloads. The proposed threshold-based decision strategy reduces unnecessary GPU usage while
simultaneously improving throughput and energy efficiency. The system is applicable to preprocessing and pre-training
pipeline stages and demonstrates potential for extension to reinforcement learning - based schedulers.
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Table 1. used datasets

Dataset Model
Kinetics—400 Timsformer
IMDB Bert
IRIS XGB
Imagenet ResNet-18, MobileNetV3-Small
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selection labels
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Method Device cpu_ gpu_ Elgpsed
time
power | power
bert imdb CPU 37.763 - 2138.442
- GPU 37.138 | 83993 | 50.241
mobilenet CPU 43998 - 46.396
imagenet100 GPU 46.104 | 19.520 | 25986
resnet18_ CPU 38.718 - 253113
imagenet100 GPU 44897 | 22866 | 25717
Xgb.iris CPU 28.635 - 1.470
- GPU - - 0.042
TimeSformer_ | CPU - - N/A
k400 GPU 46214 | 200547 | 3027.442
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Table 5. Performance comparison between the proposed
method and baselines
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