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A data-, memory-, and compute-efficient on-device training approach at the edge that
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Challenges in the targeted extreme-Edge Al training: Evaluation Results
Compute-, Memory-, and Data-scarcity Table I. TinyTrain outperforms all the baselines w.r.t. top-1 accuracy with three architectures on nine cross-domain datasets & TinyTrain achieves 7.5-11.2x lower latency & 2.8-4.2x lower energy consumption compared to FullTrain.
Model Method | Traffic Omniglot Aircraft Flower CUB DTD QDraw Fungi COCO | Avg. ™ Our Ablation study suggests i) Offline meta-training increases TinyTrain’s accuracy by 5.6 pp on average; ii)
None 35.5 42.3 4.1 73.8 484 60.1 409 309 268 | 445 Dynamic channel selection increases accuracy by 0.8-1.7 pp and 1.9-2.5 pp on average compared to static
_ FullTrain 82.0 72.7 75.3 90.7 664 746  64.0 40.4 36.0 | 66.9 channel selection based on L2-Norm and Random, respectively.
' t~ i Dkl LastLa 55.3 4
s , yer . 1.5 56.7 83.9 540 720 50.3 36.4 35.2 54.6
TI nyTra IN = rSeee MCUNet  uvTL 78.9 73.6 74.4 886 609 733 672 411 369 | 66.1
SparseUpdate 72.8 67.4 69.0 88.3 67.1 732 61.9 41.5 37.5 64.3
We present TinyTrain, a novel framework that enables efficient training of DNNs on TinyTrain (Ours) | 79.3  73.8 788 933 699 760 673 455 394 | 69.3 Conclusions
data-scarce, memory-severely-limited, compute-constrained edge platforms. This is None 39.9 44.4 484 815 611 703 455 386 358 | 517
FullTrain 75.5 69.1 68.9 84.4 61.8 713 60.6 37.7 35.1 62.7 n
enabled by Mobile LastLayer 58.2 55.1 59.6 86.3 618 722 53.3 39.8 36.7 | 58.1 - We have developed the first realistic on-device tra|n|ng fra mework, T|nyTra|n’
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L Ad : d task-adapti d hthat f | : SparseUpdate 77.3 69.1 724 873 625 711 618 388 358 | 64.0 solving practical challenges in terms of data, memory, and compute constraints for
- ynamic and task-adaptive sparse-update approach that fine-tunes only part o TinyTrain Ours) | 774 68.1 741 916 643 749 606 408 391 | 656 edge devices
the model's parameters. None 42.6 50.5 414 805 532 691 473 364 386 | 5Ll
FullTrain 78.4 73.3 71.4 86.3 645 T71.7 63.8 38.9 37.2 65.0
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Il. A multi-objective parameter selection criterion for layer/channel selection* that NASNet  TinyTL 725 136 703 862 574 710 658 386 376 | 637 ¥ TinyTrain meta-learns in a few-shot fashion during the offline learning stage and
co-optimises accuracy, compute and memory footprint, specially designed for SparsUpdate | 760 724 2 712 878 621 77 64l 96 S71 647 dynamically selects important layers and channels to update during deployment.
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resource-constrained platforms. -
Table Il. Comparison of the memory footprint and & Targeting broadly used real-world edge devices, TinyTrain achieves 9.5x faster and
computation cost for a backward pass. 3.5x more energy-efficient training over status-quo approaches, and 2.23x smaller
Model ~ Method | Memory ~ Ratio | Compute Ratio  TinyTrain achieves: memory footprint than SOTA methods, while remaining within the 1 MB memory
FullTrain 906 MB  1,013x | 449M  6.89x _
LastLayer 203MB  227x | LSTM 023X o 5 ¢ g g0rbiobar accuracy than SOTA envelope of MCU-grade platforms.
MCUNet  TinyTL 542MB 606X | 264M  4.05x (0-7.77% Nig y
SparseUpdate 143MB  1.59x 11.9M 1.82x
TinyTrain (Ours) | 0.89MB  1x | 65IM  1x ™ 3.6-5.0% higher accuracy compared to FullTrain
S — P, v FullTrain 1,049MB  987x | 349M  7.12x Refe rences
¢ || W; || M; 1;?;‘3126 ;f:;li?’er 155;111\/[4]1: 1555;:: (1)6821\1\2 g;gi while requiring: [21()]2’§.parseUpdate’ Lin, J., Zhu, L., Chen, W.-M., Wang, W.-C., Gan, C., and Han, S. On-Device Training Under 256KB Memory. In NeurlPS
rlnaLX(HWz 1) rlnaEX(Mz) SparseUpdate | 208MB  1.96x | 8.10M  1.65x s _ N _ _
€ € TinyTrain (Ours) ‘ 1.06 MB ™ ‘ 4.90M ™ & 987x smaller memory & 7.12x smaller compute [220]2;myTL Cai, H., Gan, C,, Zhu, L., and Han, S. TinyTL: Reduce Memory, Not Parameters for Efficient On-Device Learning. In NeurlPS
i compared to FullTrain '
Proxyless E‘;lslt{?;:r ff)7611\\4/11133 11’2968; ggsgx Z)?gz P [3] ‘MetaDataset’ Triantafillou, E., Zhu, T., Dumoulin, V., Lamblin, P., Evci, U., Xu, K., Goroshin, R., Gelada, C., Swersky, K., Manzagol, P--
NASNet  TinyTL 541 MB  692x 17.8M  3.57x 1.96 I 8 1.65 I A., and Larochelle, H. Meta-Dataset: A Dataset of Datasets for Learning to Learn from Few Examples. In ICLR, 2020.
SparseUpdate 174MB  2.23x 7.60M  1.52x & 1.96x smaller memory -65x smaller compute [4] Turner, J., Crowley, E. J., O’Boyle, M., Storkey, A., and Gray, G. BlockSwap: Fisher-guided Block Substitution for Network
TinyTrain (Ours) | 0.78 MB 1x | 5.00M 1x compared to SOTA Compression on a Budget. In International Conference on Learning Representations (ICLR), 2020.

*This is carried out efficiently on-device with a single back-propagation per task, avoiding the burdensome search process
through a few thousand tests of different configurations [1].



