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1. Description of Data
1.1. Datasets

ILSVRC2012 [13] Figure la. A dataset of natural images
of 1000 diverse categories, the most commonly used Im-
agenet dataset, primarily released for ‘Large Scale Visual
Recognition Challenge’. We use the ILSVRC-2012 version
as the original dataset for the classification challenge has
not been modified since. The dataset has a little more than
1.2 million (1,281,167 to be precise) images with each
class consisting of images ranging from 732 to 1300.

CUB-200-2011 Birds [20] Figure 1b. A dataset for
fine-grained classification of 200 different bird species,
an extended version of the CUB-200 dataset. The total
number of images in the dataset is 11,788 with mostly 60
images per class.

FGVC-Aircraft [9] Figure Ic. A dataset of images of
aircrafts spanning 102 model variants with 10,200 total
images and 100 images per class.

FC100 [11] Figure 1d. A dataset curated for few-shot
learning based on the popular CIFAR100 [7] includes 100
classes and 600 32 x 32 color images per class. It offers a
more challenging scenario with lower image resolution.

Omniglot [8] Figure le. A dataset of images of 1623
handwritten characters from 50 different alphabets. We
consider each character as a separate class. The total
number of images is 32,460 with 20 examples per class.

Texture [2] Figure 1f. A dataset consists of 5640 images,
organized according to 47 categories inspired from human
perception. There are 120 images for each category.
Image sizes range between 300x300 and 640x640, and the
images contain at least 90% of the surface representing the
category attribute.

Traffic Sign [5] Figure 1g. A dataset of German Traffic

Sign Recognition benchmark consisting of more than
50,000 images across 43 classes.

FGCVx Fungi [14] Figure 1h. A dataset of wild mush-
rooms species which have been spotted and photographed
by the general public in Denmark, containing over 100,000
images across 1,394 classes.

Quick Draw [6] Figure 1i. A dataset of 50 million
drawings across 345 categories. We take the simplified
drawings, which are 28x28 gray-scale bitmaps and aligned
to the center of the drawing’s bounding box. Considering
the size of the full dataset, we randomly sample 1,000
images from each category.

VGG Flower [10] Figure 1j. A dataset consisting of
8189 images among 102 flower categories that commonly
occuring in the United Kingdom. There are between 40 to
258 images in each category.

1.2. Data Preparation

For all the datasets, we resize each image into 256 x
256 then crop 224 x 224 from the center (except quick
draw which is already aligned to the center of the drawing’s
bounding box, so we directly resize quick draw images to
224 x 224).

1.3. Test Protocol

In this work, for all the methods the training process is
performed solely on ILSVRC dataset. For our library based
methods, this is followed by hyperparameter validation on
the CUB birds dataset. After that, each method is tested on
the remaining eight datasets without further tuning.

To be more specific, for the library based methods
we only use the pre-trained (on ILSVRC dataset) models.
While for the meta-learning based methods, we randomly
split ILSVRC into a base (training) set of 900 classes for

ICCV
#9655

054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107



ICCV
ICCV

#9655
ICCV 2021 Submission #9655. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE. 0%

108
o 162
I 163
o 164
s 165
i 166
i 167
e 168
e 169
- 170
e 171
119 1 B
120 e
o (b) CUB-200-2 (c) Aircraft 74
i o 175
o 177
e 178
R
I 180
bt 181
I 183
e 184
: Sl :
o 186
134 (d) FC100 (e) Omniglot e
o -1 — 188
| (O]
137 Far X o1
et 191
. EEEE :
140 o
141 - o
Ty :
I 196
144 -y o
145 oo
. HAHen :
147 (g) Traffic Sign () Quick Draw o
148 o
149 s
150 o
151 e
152 o
153 o
154 o
155 o
156 o
157 o
. / ) 211
159 (j) VGG Flower 21
b . 213
. Figure 1: Images sampled from the data sets used in our experiments. 214
215



ICCV
#9655

216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

ICCV 2021 Submission #9655. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

meta-training and a validation set of the remaining 100
classes.

In order to evaluate a few-shot learner on a data set, for
an “n-way m-shot” classification problem, we randomly
select n different classes, and then randomly select m
images from each class for training (equivalent to ‘support’
images in meta-learning literature). We then randomly
select k images for rest of the images from each class
for testing (equivalent to ‘query’ images in meta-learning
literature). We perform this evaluation for n in {5,20,40}
and m in {1,5}.

For the library based methods, the query size k is set to
15 (except FGCVx Fungi dataset). For the meta-learning
based methods, due to GPU memory constraints, for each
class in a task we used 15 query images for 5-way, 10
query images for 10-way, and 5 query images for 40-way
problems, with only exception being the Fungi dataset.
Fungi dataset has several classes with a very small number
of images (6 being the minimum). Hence for Fungi dataset,
we use 5 query images per class for 1-shot and 1 query
image per class for 5-shot problems. Finally, for every
problem, we report the mean of 600 randomly generated
test tasks along with the 95% confidence intervals.

For the FC100 data set, there is a small portion over-
laps with ILSVRC2012 data set but we still think that the
FC100 as a testing set is interesting, as (1) all of the few-
shot learners benefitted from the overlapping classes, and
(2) this shows how the methods work in the case that the
test classes are close to something that the few-shot learner
has seen before.

2. Hyper-parameters for Library-Based
Learners

In order to achieve an “out-of-the-box” few-shot learner
that can be used on any (very small) training set D t.,, with-
out additional data or knowledge of the underlying distribu-
tion, an extensive hyper-parameter search is performed on
the validation dataset (CUB birds). The hyper-parameters
that are found to be the best are then applied in the few-
shot training and testing phase for each of our library based
methods. The hyper-parameters we are considering include
learning rate, number of training epochs, L2-regularization
penalty constant, the number of neurons in the MLP hidden
layer, and whether to drop the hidden layer altogether. A
separate hyper-parameter search is used for 5-way, 20-way,
and 40-way 1-shot classification. 5-shot problems are us-
ing the same hyper-parameters as 1-shot ones. Experiments
suggest that dropping the hidden layer did not significantly
help performance, but did occasionally hurt performance
significantly on the validation set; as a result, we always use

a hidden layer. We train all our methods using Adam opti-
mizer. The hyper-parameters details can be found in Table
8.

3. Competitive Methods

For methods that require a pre-trained CNN (FEAT,
Meta-transfer, and SUR), we use the pre-trained ResNet18
pytorch library as the backbone. We follow the hyper-
parameter setting from [16], [21], and [3]. For the FEAT
and Meta-transfer methods, we perform meta-training
on ILSVRC dataset[|3] before testing on eight different
datasets. For the SUR method, we follow [3] and build
a multi-domain representation by pre-training multiple
ResNet18 on Meta-Dataset [ 18] (one per data set). To eval-
uate SUR on data set X, we use feature extractors trained
on the rest of the data sets in {Omniglot, Aircraft, Birds,
Texture, Quickdraw, Flowers, Fungi,and ILSVRC}. Traffic
Sign and FC100 data sets are reserved for testing only.
To be more specific, the meta-training setting are as follows:

Meta-transfer Learning

The base-learner is optimized by batch gradient descent
with the learning rate of 1072 and gets updated every 50
steps. The meta learner is optimized by Adam optimizer
with an initial learning rate of 103, and decaying 50%
every 1,000 iterations until 1074,

FEAT

The vanilla stochastic gradient descent with Nesterov
acceleration is applied. The initial rate is set to 2 x 1074
and decreases every 40 steps with a decay rate of 5 x 1074
and momentum of 0.9. The learning rate for the scheduler
is set to 0.5.

SUR

We follow [3] and apply SGD with momentum during op-
timization. The learning rate is adjusted with cosine an-
nealing. The initial learning rate, the maximum number
of training iterations (‘“Max Iter.”) and annealing frequency
(“Annealing Freq.”) are adjusted individually according to
each data set (Table 1). Data augmentation is also de-
ployed to regularize the training process, which includes
random crops and random color augmentations with a con-
stant weight decay of 7 x 1074,

Baselines

We train the two pre-training based methods, Baseline and
Baseline++ [!] following the hyper-parameters suggested
by the original authors. However, since we train them on
ILSVRC data as opposed to mini-imagenet [[2]. During
the training stage, we train 50 epochs with a batch size
of 16. In the paper, the authors have trained 400 epochs
on the base set of mini-imagenet consisting of 64 classes.
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Learning ~ Weight Max Annealing Batch

Rate Decay Iter. Freq. Size

ILSVRC 3x 1072 7x107* 480,000 48,000 64
Omniglot 3x1072 7x107* 50,000 3,000 16
Aircraft 3x1072 7x107* 50,000 3,000 8
Birds 3x1072 7x107* 50,000 3,000 16
Textures 3x1072 7x107* 50,000 1,500 32
Quick Draw | 1 x 1072 7x10™* 480,000 48,000 64
Fungi 3x107% 7x107* 480,000 15,000 32
VGG Flower | 3 x 1072 7x107* 50,000 1,500 8

Table 1: Hyper-parameter settings for SUR individual feature networks on MetaDataset.

Mini-imagenet has 600 images per class, whereas ILSVRC
has an average of around 1,200 images per class. So,
the total number of batches trained in our baselines is
50 x (1000 x 1,200)/16 = 3,750,000, as opposed to
400 x (64 x 600)/16 = 960, 000 in the original paper.

Metric-Learning Methods and MAML

For the three most popular metric-learning methods, Match-
ingNet [19], ProtoNet [15] and RelationNet [!7], again
we followed the implementation and hyper-parameters pro-
vided by [1].

All the metric-learning methods and MAML [4] are
trained using the Adam optimizer with initial learning rate
of 10~3. For MAML, the inner learning rate is kept at 102
as suggested by the original authors. And following [!1],
we do the following modifications: For MatchingNet, we
use an FCE classification layer without fine-tuning and also
multiply the cosine similarity by a constant scalar. For Re-
lationNet, we replace the L2 norm with a softmax layer to
expedite training. For MAML, we use a first-order approx-
imation in the gradient for memory efficiency. Even then,
we could not train MAML for 40-way in a single GPU due
to memory shortage. Hence, we drop MAML for 40-way
experiments.

During the meta-training stage of all these methods, we
train 150,000 episodes for 5-way 1-shot, 5-way 5-shot, and
20-way 1-shot problems, and 50,000 episodes for all other
problems on the base split of ILSVRC. Here an episode
refers to one meta-learning task that includes training on
the ‘support’ images and testing on the ‘query’ images.
The stopping episode number is chosen based on no signif-
icant increase in validation accuracy. In the original paper,
the authors trained 60,000 episodes for 1-shot and 40,000
episodes for 5-shot tasks. We meticulously observe that
those numbers are too low for certain problems in terms
of validation accuracy. Hence, we allow more episodes.
We select the best accuracy model on the validation set of
ILSVRC for meta-testing on other datasets.

4. Complete Results

Here we conduct additional experiments which are not
reported in our main paper.

Single Library Learners VS. Competitive Methods

Table 2, 3, 4, 5 show the performance comparison of
single library learners and the competitive methods in-
cluding Baseline, Baseline++, MAML, MatchingNet,
ProtoNet, RelationNet, Meta-transfer Learning, and
FEAT. The comparison is conducted on problems of 1-shot
under 5-way, 20-way, and 40-way and 5-shot under 40-way.

Full Library VS. Google BiT Methods

Table 6 shows the performance comparison of the full
library method and the Google BiT methods. The problems
addressed here are 1-shot under 5-way, 20-way, and
40-way. The full library method utilizes a library of nine,
ILSVRC-trained CNNs, while the Google BiT methods
individually use three deep CNNs trained on the full
ImageNet.

Full Library VS. Hard and Soft Ensemble Methods
Table 7 compares the performances of the full library
method and the hard and soft ensemble methods (bagging)
for 1-shot problems under 5-way, 20-way, and 40-way.

ICCV
#9655

378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431



ICCV
#9655

432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
47
472
473
474
475
476
477
478
479
480
481
482
483
484
485

ICCV 2021 Submission #9655. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Aircraft FC100 Omniglot Texture Traffic Fungi Quick Draw VGG Flower
Baseline 366 £0.7 403+£08 652+£10 429+0.7 576+09 3594+09 49.0+09 67.9 £ 0.9
Baseline++ 339+£0.7 393+£07 59.8+£0.7 408=+0.7 588+0.8 354+09 46.6+0.8 58.6 £09
MAML 265+06 394+£08 507+10 381+£09 456+08 348+10 460=£1.0 54.7+£09
MatchingNet | 299 £0.6 382+0.8 51.7+1.0 393+0.7 552+£08 381+£09 502+038 51.8£09
ProtoNet 318+ 06 409+£08 792+£0.8 420+0.8 544+09 36709 558+1.0 59.1£09
RelationNet 312+£06 463+£09 69609 41.0+08 546+£08 368+10 525£09 55.5+09
Meta-transfer | 304 +0.6 57.6+09 789+08 50.1+08 623+£08 458+£10 584+0.9 732+£09
FEAT 332407 421+£08 69.8+09 51.8+09 490+£0.8 469+10 53.1+£0.8 753 £09
SUR 335+£06 421+£10 934+05 428+08 453£09 441+10 543=£09 72.6 £ 1.0
Worst library- | 409 09 508+09 772+£08 59.0+£09 555£08 53.0£09 573+09 79.7£0.8
based RN18 DN121 RN152 DN169 RN152 DN201 RN101 RN18
Best library- | 46.1 +1.0 61.2+0.9 865+0.6 651+09 666+09 56.6+09 62.8=£0.9 83.2+£0.8
based DNI161 RN152 DN121 RN101 DN201 DNI121 RN18 DN201

Table 2: Comparing competitive methods with the simple library-based learners, on the 5-way, 1-shot problem.

Aircraft FC100 Omniglot Texture Traffic Fungi Quick Draw VGG Flower
Baseline 114£02 154+£03 389+06 17.6+03 278+04 13.1+03 219+04 388 £ 0.4
Baseline++ 101 +£02 158+03 392+04 181+£03 31.5+£03 13.7£03 225+03 33.1+04
MAML 76+01 1724+03 291+04 148+£02 194+03 11.5+£03 19.7+0.3 21.8+0.3
MatchingNet | 7.7 £0.1 170+03 446+05 198+03 262+£03 16.1+£04 267+04 299 +£04
ProtoNet 11.5+02 201+03 588+05 200+£03 295+04 162+£04 30.7+04 40.7 £04
RelationNet 11.0+02 187£03 513+05 186+£03 285+03 159+04 291+04 355+04
Meta-transfer | 12.8 0.2 309+04 586+05 272+04 358+04 23.1+£04 352+04 520+£0.5
FEAT 1514+03 189+04 51.1+£06 289+£05 31.7£04 257£04 287£05 56.5£0.6
SUR 142+03 191+£04 8424+04 21.0£03 262+03 21.7+04 342+04 57.1 £0.5
Worst library- | 20.1 0.3 278 +£04 562+05 380£04 29.7+03 31.74+04 333+05 624 +£0.5
based RN101 DNI121 RN101 RN18 RN101 RN101 RN101 RN101
Best library- | 243+03 364 +04 69.1+04 425+04 385+04 339+£05 395+05 70.0 £ 0.5
based DN161 RN152 DNI121 DNI152 DN201 DN161 DN201 DN161

Table 3: Comparing competitive methods with the simple library-based learners, on the 20-way, 1-shot problem.

Aircraft FC100 Omniglot Texture Traffic Fungi Quick Draw VGG Flower
Baseline 69+02 97+£01 271+04 11.2+£01 200+£03 82+02 148=+03 28.7+0.3
Baseline++ 6.1+0.1 101+£01 299+03 121402 2324+02 87£02 159402 242403
MatchingNet | 5.1 £0.1 11.6+02 3254+04 150+02 193+02 11.0£02 19.0+£03 269+ 0.3
ProtoNet 72+£02 138+02 472+04 144+£02 216+£03 11.3£02 229+03 31.0+0.3
RelationNet 62+02 138+02 452+04 114402 1824+02 1074+02 21.1+03 28.14+0.3
Meta-transfer | 7.6 £02 206+02 3754+03 1924+02 244+02 102£02 222+£02 40.4 +0.3
FEAT 101 £02 129+£03 357+04 21.8+03 249+03 180+03 194+03 476 £04
SUR 994+0.1 133+£02 781+£03 150402 1974+02 156+03 26.7+03 48.8 £ 0.3
Worst library- | 142+0.2 19.6+02 473+03 288£02 222402 23.7+03 264403 53.1+£03
based RN34 RNI18 RN152 RN18 RN152 RN34 RN152 RN34
Best library- | 17.4+0.2 272+03 61.6+03 332+03 295+02 268+03 31.2+03 62.8 +0.3
based DN161 RN152 DN201 DNI152 DN201 DNI161 DN201 DNI161

Table 4: Comparing competitive methods with the simple library-based learners, on the 40-way, 1-shot problem.
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540 594
541 595
542 596
543 597
544 598
545 Aircraft FC100 Omniglot Texture Traffic Fungi Quick Draw VGG Flower 599
546 Baseline 170£02 2944+03 800+03 27.1+02 49.1+£03 240+£05 415=+03 68.3+0.3 600
547 Baseline++ 123+£02 244403 670+03 251+03 441+£03 19705 352+0.3 53.94+0.3 601
548 MatchingNet 86+02 221403 591404 2334+03 37.1+£03 190+£05 31.5+03 46.7 £ 0.4 602
549 ProtoNet 13.8+£02 280+03 800+03 29.6+03 39.7+03 23.6+£05 42.6+04 61.6 £0.3 603
550 RelationNet 107 +£02 2614+03 770+03 187+02 29.6+03 183+05 40.6+0.3 47.0+0.3 604
551 Meta-transfer | 9.7 +£0.2 299+02 481+£03 298+02 3334+02 122+03 316402 554403 605
FEAT 162+03 2714+04 585+04 368+03 373+£03 329+06 356=+04 74.0 £ 04
552 SUR 155402 326403 942401 258+0.1 37.0+£02 263406 450403  69.8+03 60:
2:2 Worst library- | 2844+ 0.2 37.3+02 799403 484+02 472402 466+03 498403 814 402 238
555 based RN34 RN18 RN152 RN18 RN152 RN34 RN152 RN34 609
556 Best library- 359+02 482+03 894+02 554+02 575+02 521+03 555+0.3 88.9 + 0.2 610
. based DN161 RN152 DN201 DNI161 DN201 DN161 DN201 DN161 o1
558 612
559 Table 5: Comparing competitive methods with the simple library-based learners, on the 40-way, 5-shot problem. 613
560 614
561 615
562 616
563 617
564 618
565 619
566 620
567 621
568 622
569 Alircraft FC100 Omniglot Texture Traffic Fungi QDraw Flower 623
570 5-way, 1-shot 624
571 625
572 Full Library 449+09 609+09 884407 684+08 662+09 57.7+10 654+09 863+0.8 626
573 BiT-ResNet-101-3 | 422 +1.0 5854+09 762+11 63.6+09 474+08 63709 549+09 98.0+0.3 627
BiT-ResNet-152-4 | 40.5+09 61.0£+£09 784+09 656+08 484+0.8 622+1.0 554+£09 979+03
2;: BiT-ResNet-50-1 | 450 +1.0 61.9+09 794409 685+09 561408 61.6+10 540+09 98.5+0.2 222
576 20-way, 1-shot 630
577 Full Library 252+03 368+04 764+04 463+04 40.0+£04 376105 442405 755+£0.5 631
578 BiT-ResNet-101-3 | 199 +03 3454+04 534+£06 442+04 246+03 41.6+05 320+04 957 +0.2 632
579 BiT-ResNet-152-4 | 182 +03 372+04 51.0+06 4434+04 236+03 403+05 29.0+£04 950+02 633
580 BiT-ResNet-50-1 226+04 361+04 581+05 457+04 283+03 392+04 300+£04 954402 634
581 40-way, 1-shot 635
282 Full Library 186402 273402 677+03 370403 303+02 293+03 345+03 67.6+03 636
583 BiT-ResNet-101-3 | 12.7 £ 02 245402 197404 344+03 159402 307403 135+02 91.9+02 637
584 BiT-ResNet-152-4 | 124 +02 269+02 30.8+0.5 358403 160+02 30.7+03 18.7+03 914402 638
585 BiT-ResNet-50-1 | 158 4+02 275+02 47.6+04 374+03 197+02 306+03 21.7+02 93.4+0.2 639
586 640
587 641
588 Table 6: Comparing a few-shot learner utilizing the full library of nine ILSVRC2012-trained deep CNNs with the larger 642
589 CNN:s trained on the full ImageNet. 643
590 644
591 645
592 646
593 647
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648 702
649 703
650 704
651 705
652 706
653 707
654 708
655 709
656 710
657 711
658 712
659 713
660 714
661 715
662 716
663 717
664 718
665 Aircraft FC100 Omniglot Texture Traffic Fungi Quick Draw VGG Flower 79
223 5-way, 1-shot ;2?
668 Full Library 449+09 609+09 884+0.7 684+0.8 662+09 57.7+1.0 654+09 86.3 £ 0.8 722
669 Hard Ensemble | 450 +£09 60.0+09 884+06 679+09 652+08 581+09 647+1.0 84.9 £ 0.8 723
670 Soft Ensemble | 442 4+0.9 61.0+09 882+06 674+09 632+08 57.1+£10 652409 86.3 + 0.7 724
671 Best Single 461 +1.0 61.2+09 8654+06 651+£09 66609 566+09 628+09 83.2 +0.8 795
672 20-way, 1-shot 726
673 Full Library | 252403 368+04 764+04 463+04 40.0+04 37.6+05 442405 755405 e
674 Hard Ensemble | 239+ 03 363 +04 734404 457+04 382+£04 364+£04 427104 733+£0.5 728
675 Soft Ensemble | 242 +0.3 364+04 738+04 463+05 37.7+04 37.1+£04 434405 743 +£0.5 729
676 Best Single 243+03 364+04 69.14+04 425+04 385+04 339+£05 395405 70.0 £ 0.5 730
orr 40-way, 1-shot 2
678 732
679 Full Library 18.6 0.2 273+02 67.7+03 370+03 303+02 293+03 345403 67.6 + 0.3 733
680 Hard Ensemble | 17.7+0.2 273+02 658403 363+03 29.0£02 28.7+£03 33.7+03 66.1 0.3 734
681 Soft Ensemble | 18.1 +0.2 27.6+03 662+03 370+03 290+02 29.1+02 341403 67.4+0.3 735
682 Best Single 174+£02 272+03 61.6+03 332+£03 295+02 268+03 31.2+03 62.8+0.3 736
683 737
684 Table 7: Accuracy obtained using all nine library CNNS as the basis for a few-shot learner. 738
685 739
686 740
687 M
688 742
689 743
690 744
691 745
692 746
693 747
694 748
695 749
696 750
697 751
698 752
699 753
700 754
701 755
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756 810
757 811
758 812
759 813
760 Number of Hidden Learning Regularization g4
761 Epochs Size Rate Constant 815
762 816
763 5-way, 1-shot and 5-shot 817
764 DenseNet121 200 1024 1x107° 0.2 818
765 DenseNet161 100 1024 5x10°4 0.2 819
766 DenseNet169 300 1024 5x107* 0.5 820
767 DenseNet201 100 512 5x107* 0.5 821
768 ResNet18 200 512 1x107° 02 822
ResNet34 100 1024 5x107* 0.2
769 4 823
70 ResNet50 300 2048 5 x 1073 0.1 a4
ResNet101 100 512 1x10 0.1
771 ResNet152 300 512 5x 1074 0.1 825
772 Full Library 300 1024 5x10°* 0.1 826
773 BiT-ResNet-101-3 300 4096 1x 1073 0.7 827
774 BiT-ResNet-152-4 300 2048 5 x 107* 0.7 828
775 BiT-ResNet-50-1 200 2048 5% 107* 0.5 829
776 20-way, 1-shot and 5-shot 830
777 831
778 DenseNet121 100 1024 5x107* 0.2 832
DenseNet161 100 512 1x1073 0.1
779 L 833
280 DenseNet169 300 512 5 x 10_4 0.1 o
DenseNet201 200 1024 5% 10 0.1
781 ResNet18 200 2048 5 x 107 0.1 835
782 ResNet34 100 1024 5x 10~* 0.1 836
783 ResNet50 100 1024 5x107* 0.1 837
784 ResNet101 200 2048 5x107* 0.2 838
785 ResNet152 100 512 5x107* 02 839
786 Full Library 100 512 5x107* 0.1 840
787 BiT-ResNet-101-3 300 2048 5% 107* 0.5 841
788 BiT-ResNet-152-4 300 1024 5x107* 0.5 842
789 BiT-ResNet-50-1 100 2048 5x 107" 0.9 843
790 40-way, 1-shot and 5-shot 844
™ DenseNet121 100 2048 5% 1074 0.1 845
792 DenseNet161 100 512 5x 1074 0.1 846
793 DenseNet169 100 512 1x1073 0.2 847
794 DenseNet201 100 1024 5x107* 0.1 848
795 ResNet18 100 512 1x1073 0.1 849
796 ResNet34 100 2048 5 x 107* 0.2 850
797 ResNet50 100 512 5x107* 0.1 851
798 ResNet101 100 512 5x107* 0.1 852
799 ResNet152 100 1024 5x107* 0.1 853
800 Full Library 100 1024 5x107* 0.1 654
201 BiT-ResNet-101-3 300 512 5x107* 0.7 a55
BiT-ResNet-152-4 200 1024 5x1074 0.5
802 BiT-ResNet-50-1 300 1024 5x 1074 0.5 856
803 857
804 858
805 Table 8: Hyper-parameter settings for different backbones in 5, 20, and 40 ways. 859
806 860
807 861
808 862
809 863
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