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Dataset Statics
#sentences O /Cuui/Crest | C K #sc #uc #D; #D,y #Diest most studies(Snell et al., 2017 etc.)
00S 22500 50/50/50 150 5 50 100 7000 1250 1250 ¢ Genlerg'(;zzeod FSL)Se;t'ng(GFiL'”NgU_ven
. et al., etc.) : A more challenging-
L 25478 18/18/18 4 5 18 36 8312 450 450 yet-realistic evaluation method. In this
AmZIl 3057 106/106/106 318 5 106 212 1043 530 530 Setting’ we reform task a C-Way K-shot
Huffpost 41000 14/13/14 41 5 14 27 13860 340 340 classification in which only subset of
Faqlr 1233 17/16/17 50 5 17 33 309 381 381 classes are seen in training phase.
Experiments
Main Experiments
00S T Faqlr Ablation Study
Methods o5-way 10-way GFSL 5-way 10-way GFSL 5-way 10-way GFSL o o
Proto 9220 8791 6194 | 8246 7323 47.66 | 89.83 81.56 60.78 s 5-way 10-way GFSL 5-way 10-way GFSL
Matching 89.78 8441 58.34 | 7825 6745 4195 | 86.74 78.77  53.85 lv‘v’llgfgg’e““) gzg‘; gggg gzgg i:?j ‘;gg 1:2;
Induction 80.44 70.92 34.00 65.58 51.56 24.73 71.62 56.99 20.10 w/o cfass 84:56 76:89 54:62 54:09 39:1() 17:53
Proto-HATT 92.84 89.11 6552 | 8238 7529 5127 | 85.01 76.17 62.62 e B e
MLMAN 9599 9341 7439 | 87.39 79.82 5724 | 9477 89.49  74.42 w0 nmostichstepiole B3 PP B S D 8
MGIMN(ours) 96.36 94.00 76.23 | 87.84 80.60 57.66 | 95.14 90.69 75.81
Amzn Huffpost Retrieval-then-classify
Netheds 5-way 10-way GFSL Methods 5-way 10-way GFSL
Proto 78 .40 69.02 41.03 Proto 51.57 36.74 16.47 Methods Liu(c=50) : OOS(c=15011 Amzn(c=3183
P . Score  Spee Score  Spee Score  Spee
Matching 7573 64.17  38.34 Matching 49.77 3428 14.18 MGIMN-overall 57.66 315 7623 757 4946 1630
Induction 64.02 50.12  20.09 Induction 4469 2935 10.40 RTCBM25 5497 55 7480 56 4476 58
Proto-HATT 78.05 69.00 41.81 Proto-HATT 5123 36.65 16.06 RTC-oribert 5293 60 7055 65 3109 70
MLMAN 85.64 79.39 46.71 MLMAN 52.76 38.22 16.78 RTC-mgimnbert 5621 60 7558 65 4680 70
MGIMN(ours) 85.96 80.07 4946 MGIMN(ours) 5498 40.12 19.61

* Processing 100 queries on Intel Core i7 CPUs(ms/query)

* —
* All the results are the averaged over 15 runs(different seen-unseen class 365 splits and random seeds ) Sequence length=20
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