Semi-supervised learning made
simple with self-supervised
clustering

Fini Enrico*, Astolfi Pietro*, Alahari Karteek, Alameda-Pineda Xavier, Mairal Julien, Nabi Moon, Ricci Elisa
University of Trento, INRIA, SAP Al research



HEN

Labeled
samples

(c) SWAV / DINO + fine-tuning

Unlabeled

NIVERSITA
| TRENTO

*University of Trento

I
Cluster Class Mistakes

samples  prototypes prototypes

(d) Suave / Daino (ours)

2 |nria

[Background] Clustering-based self-supervision (e.g. SWAV & DINO): contrast predicted
cluster assignments of correlated views of an image. Cluster prototypes are learned
without supervision and might not be aligned with the actual classes.

[Framework] Our semi-supervised learning framework: use a small labeled set to
encourage prototypes to align with the underlying classes. In practice, we multi-task a
supervised cross-entropy loss with a clustering-based self-supervised loss.

[Methods] Two clustering-based semi-supervised models fit into our framework:
o Suave (inspired by SWAV), uses Sinkhorn-Knopp to equipartition the batch
o Daino (inspired by DINO), uses a momentum encoder, centering and sharpening
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Simple multi-tasking:

supervised learning + self-supervised clustering
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Pseudo-code for Suave and Daino.
# x 1,

x_u: labeled and unlabeled samples

# label: one-hot ground truth for x_1
def training_step(x_1l, x_u, label):

# correlated views

x1l_u, x2_u = aug(x_u), aug(x_u)

# forward pass

p_l = £(x_1)

pl_u, p2_u = f(x1_u), f(x2_u)

# compute assignments via clustering
assign = delta(p2_u.detach())

~

Predictions ) ,
# concatenate predictions and targets

pred = cat(p_l, pl_u)
target = cat(label, assign)

Clustering

# compute loss
loss = cross_entropy(pred, target)
return loss
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Table 3. Comparison with the state-of-the-art on ImageNet-1k.
All the models reported use ResNet-50. In the first and the second
column, we indicate within brackets whether a model is initial-
ized from a self-supervised checkpoint and the number of epochs

Batch size Acc@1
Method Epochs
Unlab. Lab. 10% 1%
with similar batch size and number of epochs

S“L-Rotation [72] 2007 256 256 614 -
FM-DA (MoCo v2) [44] (800)400 640 160 722 599

PAWS [6] 100 256 1680 70.2 -
CoMatch (MoCo v2) [44] (800)400 640 160 73.7 67.1
FM-EMAN (MoCo-EMAN) [13] (800) 300 320 64 740 63.0
SimMatch [76] 400 320* 64* 744 672
DebiasPL (MoCo-EMAN) [62] (800) 50 640 128 - 65.3
(800) 200 640 128 - 66.5
Suave (100) 100 256 128 73.6 63.8
(200) 100 256 128 743 65.0
(800) 100 256 128 75.0 66.2
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Suave and Daino match or outperform SOTA, despite being simpler.

Table 1. Comparison with the state-of-the-art on CIFAR100.

Acc@1
Method
400 2500 10000

II-Model [42] 428 621
Mean Teacher [57] 46.1 64.2
MixMatch [12] 324 602 722
UDA [64] 536 723 715
ReMixMatch [11] 557 726 710
FixMatch [55] 50.1 714 768
Dash [66] 552 728 78.0
CoMatch [44] 60.0 730 782
Meta Pseudo Labels [S0] 55.8 72.3 71.5
FlexMatch [73] 60.1 735 78.1
FixMatch+DM [46] 59.8 74.1 79.6
NP-Match [60] 61.1 740 78.8
ConMatch [40] 61.1 74.6 -
SimMatch [76] 622 749 794
CCSSL [67] 612 757 80.1
Daino 61.1 752 792
Suave 646 77.0 81.6

Suave and Daino are efficient and work well with small batch sizes

5000 10000
Total batch size

15000
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Semi-supervised learning

With pre-trained self-supervised models
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Semi-supervised learning

With pre-trained self-supervised models
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Semi-supervised learning

With pre-trained self-supervised models
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Self-supervised = Semi-supervised
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Clustering-based
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Suave

Semi-supervised SWAV

Xl ” Xu pl ” pu

D, > .
: Clustering

. > f —
0 A S A
~~~~~~ yl (pl, C, €)

A XE [Py - - -, Pgl
Du Co e vy loss .
\ﬁ . | J
Jo — >~ 6 — Y = max Tr(YP) + ¢ H(Y)
Yel



Daino
Semi-supervised DINO
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CIFAR100

Experiments
Acc@1

Method

400 2500 10000
II-Model [42] - 42.8 62.1
Mean Teacher [57] - 46.1 64.2
MixMatch [12] 324 602 722
UDA [64] 53.6 72.3 77.5
ReMixMatch [11] 557 726 T717.0
FixMatch [55] 50.1 714 76.8
Dash [66] 552 728 78.0
CoMatch [44] 60.0 73.0 78.2
Meta Pseudo Labels [50] 55.8 72.3 77.5
FlexMatch [73] 60.1 73.5 78.1
FixMatch+DM [46] 59.8 74.1 79.6
NP-Match [60)] 61.1 74.0 78.8
ConMatch [40] 61.1 74.6 -
SimMatch [76] 622 749 794
CCSSL [67] 61.2 75.7 80.1
Daino 61.1 752 79.2
Suave 646 77.0 81.6

400 (0.8%), 2500 (5%), 1000 (20%)
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CIFAR100

Experiments
Acc@1

Method

400 2500 10000
II-Model [42] - 42.8 62.1
Mean Teacher [57] - 46.1 64.2
MixMatch [12] 324 60.2 722
UDA [64] 53.6 72.3 77.5
ReMixMatch [11] 557 726 T77.0
FixMatch [55] 50.1 714 76.8
Dash [66] 552 728 78.0
CoMatch [44] 60.0 73.0 78.2
Meta Pseudo Labels [50] 55.8 72.3 77.5
FlexMatch [73] 60.1 73.5 78.1
FixMatch+DM [46] 59.8 74.1 79.6
NP-Match [60)] 61.1 740 788
ConMatch [40] 61.1 74.6 -
SimMatch [76] 62.2 749 79.4
CCSSL [67] 61.2 75.7 80.1
Daino 61.1 752 79.2
Suave 646 77.0 81.6

400 (0.8%), 2500 (5%), 1000 (20%)
SwAV and DINO w/ 100% labels 64.9% and 66.8%
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ImageNet

Experiments
Batch size Acc@1
Method Epochs
Unlab. Lab. 10% 1%
with similar batch size and number of epochs

S*L-Rotation [72] 2007 256 256 614 -
FM-DA (MoCo v2) [44] (800) 400 640 160 722 599

PAWS [6] 100 256 1680 70.2 -
CoMatch (MoCo v2) [44] (800) 400 640 160 73.7 67.1
FM-EMAN (MoCo-EMAN) [13] (800) 300 320 64 740 63.0
SimMatch [76] 400 320* 64* 744 67.2
DebiasPL (MoCo-EMAN) [62] (800) 50 640 128 - 65.3
(800) 200 640 128 - 66.5
Suave (100) 100 256 128 73.6 63.8
(200) 100 256 128 743 65.0
(800) 100 256 128 75.0 66.2

with larger batch size or number of epochs

UDA [55] ~480 15360 512 68.8 -

Meta Pseudo Labels [50] ~800 2048 2048 73.9 -
PAWS [6] 100 4096 6720 739 63.8
200 4096 6720 75.0 66.1
300 4096 6720 75.5 66.5
DebiasPL (MoCo-EMAN) [62] (800) 300 1280 256 - 67.1
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Batch size Acc@1
Method Epochs
Unlab. Lab. 10% 1%
DINO [16] (800) 1024 - 72.2  64.5
MNSN [5] (800) 1024 - - 67.2
Daino (800)60 1024 512 176.6 67.1
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Batch size and # of epochs
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Batch size and # of epochs
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