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5-way Acc. 20-way Acc.
Dataset
1-shot 5-shot 1-shot 5-shot
GTSRB 78.6% 90.8% 48.5% 67.8%
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Model 5-way Acc
(GTSRB) 1-shot 5-shot
Base 78.6% 90.8%
+ Random Flip 79.2% 91.5%
+Rotate 43.5% 70.5%
+Affine 34.4% 70.3%

[E 27|12 22 + F4¢ #8 € 7|80 ME 85

m ZE

= g7= ®A 2RIIE fIS HE SS0AM HOH
4 7|8 HESI0 s AU 7IE 20N
& Oiolgdo doly 2 7[Es HEst Zut
§50| gdE A dF5tn, 289 HoHN: ¥
718 #8stol 2E stgo =80 € & USS
2+ QIRCE

o= ATFoM= HolEAM ME HoH & 7|’Ool
ZEol d5= MR M, O OolfE =45t O|F0
et Ciget Hole 3 7|EE #E8ctol F=Es
Al ofgolct Eo LEHHQl Mol M &S
Sl 74 2F/7| 952 <EAZ + U= HOH SF
78s EgYsto], 2EHe 2R JEEE FHAZ
o ZO|Lt.

ACKNOWLEDGMENT




Put sponsor acknowledgments.

¥ae

ret

[1] PARNAMI, Archit; LEE, Minwoo. “Learning from Few
Examples: A Summary of Approaches to Few-Shot
Learning,” arXiv preprint arXiv:2203.04291, 2022.

[2] HOSPEDALES, Timothy, et al. “Meta-learning in neural
networks: A survey.” |EEE transactions on pattern
analysis and machine intelligence, 2021, 44.9: 5149-
5169.

[3] FINN, Chelsea; ABBEEL, Pieter; LEVINE, Sergey.
“Model-agnostic meta-learning for fast adaptation of
deep networks,” In: International conference on
machine learning. PMLR, 2017. p. 1126-1135.

[4] SNELL, Jake; SWERSKY, Kevin; ZEMEL, Richard.
“Prototypical networks for few-shot learning,”
Advances in neural information processing systems,
2017, 30.

[5] GOODFELLOW, lan, et al. “Generative adversarial
networks,” Communications of the ACM, 2020,
63.11: 139-144.

[6] J. Stallkamp, M. Schlipsing, J. Salmen, C. Igel, Man vs.
computer: Benchmarking machine learning algorithms
for traffic sign recognition, Neural Networks, Available
online 20 February 2012, ISSN 0893-6080,
10.1016/j.neunet.2012.02.016.
(http://www.sciencedirect.com/science/article/pii/S089
3608012000457) Keywords: Traffic sign recognition;
Machine learning; Convolutional neural networks;

Benchmarking



