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e The performance of explanation-guided training on

® In cross-domain few-shot classification (CD-FSC), we need _ _
RelationNet (RN)!2l cross attention network (CAN)Bland

to address not only the issue of limited labeled data in _
GNNP! on four cross domain datasets.

each class but also the domain shift between training and e B P ——

test domains. RN 58.31+0.47% 61.52+0.58% 72.72+0.37% 73.64+0.40%
LRP-RN  60.06+0.47% 62.65+0.56% 73.63+0.37% 74.67+0.39%

® The use cases of explanations are still worthy to explore. CAN  64.66::0.48% 67.74-:0.54% 79.61-0.33% 80.34:0.35%

. . . LRP-CAN 64.65+£0.46% 69.10+0.53% 80.89+0.32% 82.56+0.33%
® We consider the question of whether explanations are R Al T Ee e

: i : RN 41.9850.41% 42.5220.48% 58.75+0.36% 59.10-0.42%
suitable to improve model performance in small sample LRP-RN  42.44-0.41% 42.88--0.48% 59.30--0.40% 59.22--0.42%

size regimes such as few-shot classification. CAN  44.91+0.41% 46.63+0.50% 63.090.39% 62.09+0.43%
LRP-CAN 46.2310.42% 48.35+£0.52% 66.58+0.39% 66.57+-0.43%
mini-Cars 1-shot 1-shot-T 5-shot 5-shot-T
RN 29.32+0.34% 28.56+0.37% 38.91+0.38% 37.45+0.40%
DO o LRP-RN  29.65+0.33% 29.61+£0.37% 39.19+0.38% 38.31+0.39%
CAN 31.44+0.35% 30.06£0.42% 41.460.37% 40.17+0.40%
LRP-CAN 32.66+0.46% 32.35+0.42% 43.86+-0.38% 42.57+0.42%

The domain shift problem in FSC: FSC models are commonly mini-Places _ I-shot IshotT  Sshot  S-shotT
luated usi test dataset originating f th RN  50.87+0.48% 53.6310.58% 66.47-0.41% 67.43+0.43%
€valuated using a test dataset originating trom the Same LRP-RN  50.59+0.46% 53.07-£0.57% 66.90-0.40% 68.25+0.43%
: L : CAN  56.90-0.49% 60.70+0.58% 72.94-:0.38% 74.44-:0.41%
domain as the training dataset. These methods will meet e st bl s omion it offibssntimpinin
difficulties in cases with the domain shift between the mini-Plantae __ 1-shot I-shotT _ S-shot  5-shotT
. ) RN  33.53+0.36% 33.69+0.42% 47.40+0.36% 46.51+0.40%
training data (source domain) and the test data (target LRP-RN  34.80-:0.37% 34.54-:0.42% 48.09-0.35% 47.67-0.39%
d . CAN  36.57+0.37% 36.69+0.42% 50.45+0.36% 48.67+0.40%
omain). LRP-CAN 38.23+0.45% 38.48+0.43% 53.25+0.36% 51.63+0.41%
Explanation properties: To our best knowledge, there have 5-way I-shot minilmagenet Cars Places CUB Plantac
. . : GNN 64.471055% 3097+£037% 54.6410.56%  46.7610.50%  37.3910.43%
not been explanation methods specially designed for FSC LRP-GNN  65.0340.54%  32.78+0.39%  54.8340.56% 48.29+0.51%  37.49--0.43%
models. Favorable properties: per-sample basis, low cost, no LR T LAty L s il
- . GNN 80.741041% 42.595042% 72.141045% 63911047%  54.5210.44%
additional layers or trainable parameters, scores are related LRP-GNN  82.03+0.40%  46.20+0.46% 74.45+0.47% 64.44+0.48%  54.46+0.46%
to the importance of a neuron. e The combination of explanation-guided training and
The contributions of this paper: feature-wise transformation layerl# using RelationNet. The
a) We derive explanations for FSC models using LRP. further improvement verify the non-overlap between LFT
b) We investigate the potential of improving model and explanation-guided training.
performance using explanations in the training phase S-way I-shot _ Cars Places CUB Plantae
der f hot setti RN 29.40+0.33% 48.05+0.46% 44.33+0.43% 34.57+0.38%
undaer rew-snot settings. FT-RN  30.09+0.36% 48.12:0.45% 44.87+0.44% 35.5340.39%
C) We propose an explanatlon_gu|ded tralnlng Strategy to LRP-RN  30.00+0.32% 48.74i0.45(72 45.641+0.42% 36.0410.38%
_ . . LFT-RN  30.2740.34% 48.0740.46% 47.35+0.44% 35.54+0.38%
tackle the domain shift problem in FSC. LFT-LRP-RN 30.68+0.34% 50.19+0.47% 47.78£0.43 36.58-:0.40%
S-way S-shot Cars Places CUB Plantae
JENE T ded Tre RN 40.01£0.37% 64.5620.40% 62.50+0.39% 47.58+0.37%

FT-RN  40.52+0.40% 64.92+0.40% 61.8710.39% 48.54+0.38%
LRP-RN  41.05£0.37% 66.08+0.40% 62.71+£0.39% 48.78+0.37%

Key 'dea: LFT-RN  41.51+0.39% 65.35+0.40% 64.1140.39% 49.294+0.38%
Re_Weighting intermediate features using explanation scores. LFT-LRP-RN 42.38+0.40% 66.234-0.40% 64.62+-0.39% 50.50+0.39%
. * Qualitative LRP heatmaps.
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Figure 1. Explanation-guided training e R— T .
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Stepl: One forwa rd-paSS th rOUgh the model and obtain the Figure 2. LRP heatmaps and attention heatmaps of the CAN model under 5-way 1-shot setting
preciction b —————
StepZ.:.E>pra|n|ng the classifier. e Explanation-guided training successfully addresses the
* Initialize the relevance scores of the target labels. domain-shift problem in few-shot learning.
ogits = neural networks classifiers * When combining explanation-guided training with learned
ogit function = non-parametrl(%clas;?)ers feature-wise  transformation  layers, the  model
exp(p-cs : : T
P(yc‘fp) =X (BC p(f s performance is further improved, indicating that these two
_.exp(B-csy . : :
k=1 P approaches optimize the model in a non-overlapping
— P(yc‘fp) Manner.
R. = log (K—1)
1= P(xlf,) r—
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