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_ _ comparable to RFS (w/ distillation, two stage) while our method only uses one-stage
In meta testing, the embedding model serves to extract features for both

support images and query images. Then, a linear classifier is trained with only Our method consists of two branches: a student network that learns to predict training.
a few samples to perform few-shot testing. categorical labels; a teacher network which is a moving average of the teacher
network. Our goal is to get the optimal parameters of the student network, Conclusion:

Support .
. i Feature Extraction given by

, _ oW . ot ew . ar oW * Our one-stage online self-distillation pipeline relies on distilling
O = argd)r{lln(aL (D"¥; ¢") + BKL(f(D™Y; @), f(D™V; 9)). knowledge from a momentum-updated teacher to a student and

Also, the update rule of the teacher network is shown as follows. suggests that multi-stage self-distillation is not imperative.

| « We also identify that CutMix significantly improves the
w — L1 = y representations.
' ' ' * We hope our method can shed new lights into the few-shot learning
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research.

Finally, we use CutMix to further boost the performance. We create a new Reference:
ini IXi isti Rethinking Few-Shot | lassification: A E ing Is All'Y
With this simple baseline, RES[a] achieves state-of-the-art performance on ’g:;glsne%example by mixing up two existing examples sampled from the [a] Neetecljr]? ing Few-Shot Image Classification: A Good Embedding Is ou

multiple benchmarks, surpassing existing complicated meta learning

algorithms. X=MQxq+(1-M)O x,

y=my, + (1 —m)y,
where (X, y,) and (x,, y,) are image-label pairs.



