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Abstract

Deepfake technology poses increasing risks to misinformation, privacy, and security. While prior studies
emphasized detection accuracy, the balance between performance and efficiency across dataset sizes and pipeline
configurations has been less explored. This study compares three data loading strategies —Baseline, DiskCache, and
TFRecord—on datasets of 500,000, 250,000, and 50,000 images using the MobileNetV2 model under consistent
conditions. Experimental results show that TFRecord provides the most practical balance of accuracy, speed, and
stability. These findings underscore the importance of pipeline design and point to future work in preprocessing
optimization, domain generalization, and system scalability.
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Table 2. Pipeline performance by dataset size

Size Pipe. Acc. Prec. Rec. F1
Base. | 0.8506 | 0.8942 | 0.8506 | 0.8386
500k | DCache | 09599 | 09622 | 0.9599 | 0959
TFRec. | 09108 | 0.9192 | 09108 | 09100
Base. | 08896 | 09132 | 0.8896 | 0.8847
250k | DCache | 06933 | 0.7953 | 0.6933 | 06616
TFRec. | 0.6980 | 0.7897 | 0.6980 | 0.6626
Base. | 0.7866 | 0.8096 | 0.7866 | 0.7827
50k | DCache | 06839 | 0.7537 | 0.6839 | 0.6491
TFRec. | 0.7651 | 0.7874 | 0.7651 | 0.7600
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Table 3. Pipeline training efficiency by dataset size

' ! Time Speed
Size| Pipe. (i) Acc. (imglsed Eff.
50| _Base. | 10622 | 08506 | 6280 | 000801
DCache | 26053 | 09599 | 2472 | 000856
K " TFRec. | 10832 | 09108 | 6158 | 0.00841
2| Base. | 572 | 089% | 583 | 00152
DCache | 15368 | 06983 | 2169 | 000451
K " TFRec. | 5371 | 06980 | 6193 | 001299

Base. 11.09 | 07866 | 6020 | 0.0709
50k | DCache | 3083 | 06839 | 2162 | 00222

TFRec. | 1087 | 0.7651 | 6142 | 0.0704
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