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TL; DR. Constructing online pseudo-tasks via momentum representations and applying contrastive learning
improves the pseudo-labeling strategy progressively for meta-learning.

Introduction Method Experiment
Unsupervised meta-learning learns generalizable knowledge about tasks from Notation. {xi}’i\’zl is a current mini-batch, t; is strong augmentation, t, is weak PsCo achieves state-of-the-art performance on standard (first table) and cross-
unlabeled data. It can solve unseen, yet relevant tasks. However, it requires to augmentation, 6 is online encoder, and ¢ is momentum encoder. domain (second table) few-shot benchmarks (ConvNet).
construct synthetic tasks to meta-learn without labels: Backbone  Projector Predictor N Omniglot (way, shot) minilmageNet (way, shot)
. Method G0 (55 (20) (20,5 (B (55 (5200 (5,50)
. . _ . . _ . f@ 9 hg {q?,} —1 L] ’ ’ ’
* Assigning pseudo-labels and applying supervised meta-learning g ‘ Training from Scratcch  52.50 7478 2491 47.62 2759 3848 5153 59.63
(e.g_’ CACTUs [1]’ UMTRA [2]) tl ~ Al Unsupervised meta-learning
" ” > PsCo CACTUs-MAML 68.84 87.78 48.09 7336 3990 53.97 63.84 69.64
. _ : : : 4 CACTUs-ProtoNets ~ 68.12  83.58 47.75 6627 39.18 5336 61.54 63.55
Research Question 1: How to progressively improve a pseudo-labeling strategy . : UMTRA 380 0543 7425 9212 3993 5073 6111 67.15
: _ oD . | LASIUM-MAML 8326 9529 - - 4019 5456 65.17  69.13
during meta-learning? {x; f\; . EMA ! ] LASIUM-ProtoNets ~ 80.15  91.10 - - 4005 5253 61.09 64.89
! ! N-wav K-shot Meta-GMVAE 9492 97.09 8221 90.61 4282 5573 63.14 68.26
o _ _ , v y Meta-SVEBM 9185 9721 79.66 9221 4338 58.03 67.07 7228
e Utilizing generative models for generating synthetic tasks PsCo (Ours) 9637 99.13 89.64 97.07 4670 6326 7222 73.50
(e.g., LASIUM [3], Meta-GMVAE [4], Meta-SVEBM [5]) to ~ A : & > —— Aij Swf_wfﬁw’iw oA _
2 2 Stop-grad SimCLR 92.13 97.06 8095 91.60 4335 5250 61.83 64.85
_ _ . . | MoCo v2 9266 97.38 8213 9235 4192 5094 6023 63.45
Research Question 2: How to construct diverse tasks without generative models I 9o SWAV 93.13 97.32 82.63 9212 4324 5241 6136 064.52
so that we can scale the methods into large-scale? [ Queve | . (k)58 Supervised meta-learning
J Matching J MAML 9446 98.83 84.60 9629 4681 62.13 71.03 75.54
Support Samples ProtoNets 98.35 99.58 9531 9881 4656 62.29 70.05 72.04
Key Idea: ConStrUCt pSEUdO'taSkS Onllne via momentum representatlons and HOW tO COnStrUCt Online pSEUdO'taSk When mEta'training? (a) Cross-domain few-shot benchmarks similar to minilmageNet. (b) Cross-domain few-shot benchmarks dissimilar to minilmageNet.
. . CUB Cars Places Plantae CropDiseases EuroSAT ISIC ChestX
. . N .
apply contrastive learnmg * Queries: {xi}i=1, where query representations are {qi}livzl Method (5,5 (5,20) (55 (5200 (5,5 (520) (55 (5200 Method (5,5 (5200 (55 (5200 (55 (5200 (55 (520
* Momentum network can improve pseudo-labeling progressively _ ~ M . . Unsupervised meta-learning Unsupervised meta-learning
* Supports: Sample from momentum queue {Zi}j=1, which are semantically Meta-GMVAE 4748 5408 31.39 3836 5770 6508 3827 4502  Meta-GMVAE 73.56 8122 73.83 80.11 3348 3948 2323 26.26
* Momentum queue can construct diverse tasks in an online manner without Meta-SVEBM 4550  54.61 3427 4623 5127 6109 3812 4622  Mew-SVEBM 7182 8313 7083 8021 3885 4843 2626 289
Slmllar to querles Wh'le a” Sampled Supports are dlfferent |t |S Obtalned by PsCo (Ours) 57.38 68.58 44.01 57.50 63.60 7395 52.72 64.53 PsCo (Ours) 88.24 9495 81.08 87.65 44.00 54.59 2478 27.69
g en erat|ve mo dels . . . . . . ) ] Self-supervised learning Self-supervised learning
solving the following optimization problem via a matching algorithm: SimCLR 5211 6189 3740 5005 60.10 69.93 4342 5492  SimCLR 7990 8873 79.14 8505 4283 5135 2514 29.21
N M MoCo v2 5323 6281 38.65 51.77 59.09 69.08 4397 5545 MoCo v2 80.96 89.85 7994 B6.16 4343 5214 2524 29.19
S f c t ob to SwAV 51.58 6138 36.85 50.03 5957 69.70 4268 54.03 SwAV 80.15 89.24 7931 8562 4321 5199 2499 2857
u m ma ry o On rl u Ion Step 1: _ max Z Z Al] * ZTZJ SUCh that Z Al] - K, Z Al j S 1 Supervised meta-learning Supervised meta-learning
Ae{0,1}V>*M L £ ’ : ’ , ’ MAML 56.57 6417 4117 4882 60.05 67.54 4733 5486  MAML 7776 8324 7148 7670 4734 5509 2261 24.25
lil ]=1 J l ProtoNets 56.74 65.03 3898 4798 59.39 67.77 4589 54.29 ProtoNets 76.01 83.64 6491 70.88 40.62 48.38 23.15 25.72
We propose Pseudo-supervised Contrast (PsCo), an effective unsupervised meta- Step 2: A « TopK(4™)
learning framework for few-shot classification, which constructs diverse pseudo- PsCo can be scale into large-scale (ResNet-50 ImageNet-pretrained).
i ) o Meta-training. Our obiective for learnin -tasks i follows: Method CUB Cars Places Plantae CropDiseases EuroSAT ISIC ChestX
tasks without labels progressively utilizing the momentum network and the queue & J arning pseudo-tasks is as follows .
N NK T MoCo v2 64.16 47.67 81.39 61.36 82.89 76.96 38.26 24.28
of previous batches. r 1 Z 1 Z A, log exp(q/k;/7) +PsCo (Ours) 76.63 5345 83.87  69.17 89.85 83.99  41.64  23.60
b - =) .
sto N L3N Ay Y MK exp(q ki /7) BYOL 6745 4574 7543  56.86 30.82 7770 3727 24.15
here k: are < ort re rese_ntat'ons sz;;n led by th tchi | ith g +PsCo (Ours) 82.13 56.19 83.80 71.14 92.92 85.33 4290  26.05
i i W 1 u I e matchning algorithim an
Extensive experiments demonstrate that J PP P P y & alg Supervised 80.13 75.15 8441 7291 90.96 85.64 4334 2535
. NXNK : :
1. PsCo achieves SotA performance on standard few-shot tasks A €{0,1} is pseudo-label assignment matrix. . .
o _ Component ablation shows the importance of each components.
2' PSCO ShOWS Superlorlty On CFOSS-dOmaIn feW_ShOt taSkS : ; : correctly sampled shots overlap between sampled shots
. . . Meta-test. We use prototypes of supports for prediction: Momentum _ Predictor Sinkhorn Top-K sampling Ly ©.1) 6.3 0.1 0.9 =" e i
3. PsCois applicable to large-scale architectures/datasets % v/ % / /9637 99.13 89.64 9707  E o _
y = argmaxngcy where ¢y, := Normalize z 1, -y 2 P v/ v/ v/ /9032 9678 7617 9041 B e [ ot sipknarn
" 4 s 7 | v/ X v/ v /9021 9686 7615  90.53 8, i 22
whnere Z are support an uery representations, respective v v X v v 9581 9894 8825  96.57 MpCo v2 8
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(¢) In-domain adaptation (d) Cross-domain adaptation

* Freeze the backbone and fine-tune only the projector and the predictor
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