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Motivation

1. In meta-learning, learning soly from word is not enough
a. Matching information
b. Interaction
c. Underlying distribution

2. Model word’s distributional signatures across classes
3. Using this distributional signature as attention weight
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Framework

b) Ridge regressor: Constructing representations d) Ridge regressor: inference on the query set
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a) Attention Generator c) Ridge regressor: training from the support set




Attention Generator

Distribution from the pool ;) = £
(20 = Py
Distribution learned from the support set t(x;) .= H(P (v | 587;))_1

Attention weight learned from the support set

hﬂ — blLSTM([S(w)a t(z)]) &= >_;exp (vThy)



Ridge regressor
Construct sentence representation ¢(z) = Z ;i + fevd(Z:)

Learn from support set

LERW) = |@sW — Ys|3 + MW
W =& (P55 + M) 'Yy
Predict on query set
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Method 20 News Amazon HuffPost RCV1 Reuters FewRel Average
Rep. Alg. 1 shot 5 shot 1 shot 5 shot 1 shot 5 shot 1 shot 5 shot 1 shot 5 shot 1 shot 5 shot 1 shot 5 shot

AVG NN 33.9 45.8 46.7 60.3 31.4 41.5 43.7 60.8 56.5 80.5 47.5 60.6 43.3 58.2
IDF NN 38.8 51.9 514 67.1 31.5 42.3 419 58.2 57.8 829 46.8 60.6 44.7 60.5
CNN FT 33.0 47.1 45.7 639 324 44.1 403 623 709 91.0 54.0 71.1 46.0 63.2

AVG PROTO 36.2 454 37.2 519 356 41.6 284 31.2 59.5 68.1 44.0 46.5 40.1 474
IDF PROTO 37.8 46.5 41.9 59.2 34.8 50.2 32.1 356 61.0 72.1 43.0 61.9 41.8 54.2
CNN PROTO 29.6 350 34.0 444 334 44.2 284 293 65.2 74.3 49.7 65.1 40.1 48.7

AVG MAML 33.7 439 39.3 472 36.1 49.6 39.9 50.6 54.6 62.5 43.8 57.8 41.2 51.9
IDF MAML 37.2 48.6 43.6 624 389 53.7 425 54.1 61.5 72.0 48.2 65.8 45.3 594
CNN MAML 28.9 36.7 35.3 43.7 34.1 45.8 39.0 51.1 66.6 85.0 51.7 66.9 42.6 54.9

AVG RR 376 57.2 50.2 72.7 36.3 54.8 48.1 72.6 63.4 90.0 53.2 72.2 48.1 69.9
IDF RR 44.8 64.3 60.2 79.7 37.6 59.5 48.6 72.8 69.1 93.0 55.6 75.3 52.6 74.1
CNN RR 32.2 443 373 538 37.3 499 418 594 714 879 56.8 71.8 46.1 61.2
OUR 52.1 68.3 62.6 81.1 43.0 63.5 54.1 75.3 81.8 96.0 67.1 83.5 60.1 78.0

OUR w/o t(+) 50.1 67.5 61.7 80.5 42.0 60.8 51.5 75.1 76.7 93.7 66.9 83.2 58.1 76.8
OUR w/o s(-) 41.9 60.7 51.1 75.3 40.1 60.2 485 72.8 78.1 94.8 65.8 82.6 54.2 744
OUR w/o biLSTM 50.3 66.9 61.9 80.9 42.2 63.0 51.8 74.1 77.2 954 66.4 82.9 58.3 77.2

OUR W EBD 39.7 57.5 56.5 76.3 40.6 58.6 48.6 71.5 81.7 95.8 61.5 80.9 54.8 73.4




avg. accuracy

Generalization and Overfitting
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PCA visualization
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