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I Background

Datasets like ImageNet are weakly labeled since images with multiple object classes present
are assigned a single label. This ambiguity biases models towards a single prediction, which
could result in the suppression of classes that tend to co-occur in the data.

Softmax cross-entropy results in low multi-label performance since it promotes label
exclusiveness. Replacing the softmax with sigmoid activations and casting the output as a
set of binary classifiers results in better multi-label validation performance.
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RealL.: cleaver, Iatop ReaL: uniform, riffle Real.: chihuahua, bathtub Real: polecat, ferret
Sigmoid: laptop Sigmoid: pickelhaube, riffle Sigmoid: tub Sigmoid: ferret
MiLe: cleaver, laptop, notebook MILe: uniform, pickelhaube, riffle MiLe: chihuahua, bathtub, tub MiLe: weasel, polecat, ferret

Real: schooner, yawl, sandbar, shore RealL.: plate, meatloaf RealL.: laptop, notebook Real.: tabby, keyboard, desk, laptop, monitor,
Sigmoid: sandbar Sigmoid: plate, mashed potato, meat Sigmoid: laptop, desktop computer holebook
MiLe: yawl, sandbar MiLe: plate, mashed potato, meat MiLe: laptop, notebook Slgmold: keybaard, Ilon, Nosshook

MiLe: keyboard, desk, laptop, tabby, notebook
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Algorithm 1 MILe
Require: Initialize Student network 62, 7 = 0. { Prepare
Iterated Learning }
1: repeat
2 Copy 0% to 9$+1 {Initialize Teacher})
3: fori=1tok;do
4 Sample a batch (x5, ¥i) € Dirain
5: i = for (x3)
6 071 + 071 + VLI F (07,1, yi, §i) {Update 07
to minimize L}
7:  end for { Finish Interactive Learning }
8: for: = 1to k; do
9: Sample a batch (x;, Yi) € Dirain
10: i = O—(fﬁ’fm (x:)) > p| {Generate Pseudo Labels)
0 5= Tos (@)
12: 02 «— 05 + aVLEE(024;, 1) {Update 0° to
minimize L}
13:  end for { Finish Imitation)

14:  Copy 02 to Bfﬂ
15: T+ T17+1
16: until Convergence or maximum 7 reached

Parameters of the teacher 8! are initialized using the student parameters 8; at iteration © . We train the
teacher for k, learning steps on the labeled images from the dataset, obtaining f(.; 8.1, ,).

The imitation phase (student learning):

Train the student to fit the teacher model for kg steps, obtaining f(.; 82,1). This is done by training the
student on the pseudo labels generated by the teacher on the data. Then, instantiate a hew teacher by
duplicating the parameters of this new student and iterate the process until convergence.
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Require: Initialize Student network 62, 7 = 0. {Prepare """
Iterated Learning }

1: repeat

2 Copy 07 to OfH {Initialize Teacher}
3:  fori=1tok;do

4: Sample a batch (x;, Yi) € Dirain
5: Ui = for (i)

6 931+1 — 9$+1 + C‘fVﬁ‘E))CIJTE(‘92Jr1§ yi,§i) {Update 0

to minimize L}

. end for { Finish Interactive Learning}
8: fori=1tok, do
9: Sample a batch (x;, Yi) € Dirain
10: Ui = U(fej‘ﬂ (x3)) > p| {Generate Pseudo Labels}
11: Ui — Jos (T2)
12: 07 « 02 +aVLEE (02,9, 9:) {Update 8° to

minimize L}

13:  end for { Finish Imitation}

14:  Copy 07 to Ofﬂ
150 7+ 7+1
16: until Convergence or maximum 7 reached

In order to prevent the student from overfitting the teacher, we restrict the amount of training

updates for each of the modules.

Formally, let N be the size of the dataset, k; be the number of training iterations of the teacher, and
k¢ the number of student iterations. In general, we set k; << N to prevent the teacher from
overfitting one-hot labels and k, < k; to prevent the student from overfitting the teacher.



AT AXS

NANJING UNIVERSITY OF AH

I Experiments

Train a ResNet-18 and a ResNet-50 model.

compare three different methods.

(i) Softmax: standard softmax cross-entropy loss used to train the original ResNet
backbone.

(ii) Sigmoid: we substitute the cross-entropy loss for a binary cross-entropy (BCE)
loss.

(iii) MlILe: the proposed method

Label coverage: indicates the total fraction of labels per sample predicted by the
multi-label classifier.

‘ ImageNet fraction: ‘ 1% 5% 10%  100% ‘ 1% 5% 10%  100%

Metric ‘ Method ‘ ResNet-50 ‘ ResNet-18

Softmax 632 36.71 5350 7633 | 6.61 315 4882 704l
Accuracy Sigmoid 670 369 5501 7635 | 688 31.1 49.14 7046
MILe (ours) 9.10 4252 5729 7712 | 82 362 5131 7112
Softmax 7.19 4255 60.21 82776 | 8.80 3588 5511 77.77
Real.-Acc Sigmoid 8.38 46.04 6296 8322 | 9.04 37.66 57.52 81.01
MILe (ours) 1.5 4836 6542 83.75 | 9.18 41.65 58.57 81.52
Softmax 6.77 4051 5733 785 | 828 3420 5251 73.83
Real.-F1 Sigmoid 7.17 4111 5846 78.61 | 839 3356 52.12 73.85
MILe (ours) 10.76  45.02 62.11 79.89 | 855 3849 53.8 74.48

Softmax 1.00 1.0 1.0 1.0 1.0 1.0 1.0 1.0

Label Coverage Sigmoid 1.09 1.11 1.10 .11 | 1.07  1.10 1.15 1.15
MILe (ours) 1.05 1.08 1.09 1.16 1.06 1.07 1.12 1.17




I Experiments

These results suggest that the iterated learning bottleneck acts as a regularizer that
prevents the model from learning noisy labels which are more difficult to fit.

Noise memorization happens later in the training procedure.

Method Architecture | WebVision | ImageNet
Top-1 Top-5|Top-1 Top-5
CrossEntropy [63] ResNet-50 66.4 83.4|57.7 784
MentorNet [30] InceptionRes-V2| 70.8 88.0 | 62.5 83.0
CurriculumNet [23] Inception-V2 | 72.1 89.1 | 64.8 84.9
CleanNet [37] ResNet-50 70.3 87.8|63.4 84.6
CurriculumNet [23, 63]| ResNet-50 70.7 88.6 627 834
SOM |63] ResNet-50 72,2 89.5]65.0 85.1
Distill [72] ResNet-50 - - | 658 858
MoPro (dec.) [39] ResNet-50 724 89.0|65.7 85.1
Multimodal [56] Inception-V3 |73.15 89.73| - -
Sigmoid ResNet-50 | 72.1 89.5 (654 85.0
MILe (ours) ResNet-50 75.2 90.3 | 67.1 85.6
Initial Vanilla Model ResNet-50-D [75.08 89.22(67.23 84.09
SCC [67] ResNet-50-D [75.36 89.38(67.93 84.77
SCC+GBA [67] ResNet-50-D |75.69 89.42|68.35 85.24
MILe (ours) ResNet-50-D | 76.5 90.9 | 68.7 86.4
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I Experiments

Self-supervised Fine-tuning:

We explore whether iterated learning improves the performance of self-
supervised models in the fully- and semi-supervised fine-tuning regimes.

Semi-supervised learning:

ImageNet top-1 accuracy for ResNet-50 (R50) distilled from a SimCLR model.

Method ImageNet Validation|ImageNet Real.-F1

1% 10% 100% | 1% 10% 100%

SimCLR [13] 48.3 65.6 76.25 |51.5469.16 76.91
BYOL [21] 53.2 68.8 772 |54.3270.81 78.85
SwAV [11] 53.9 70.2 77.74 |55.7971.22 79.18
MoCo-v2 [15] 51.7266.5 77.12 |53.3470.75 79.04
MILe (Ours) + [15] 52.62 67.4 77.38 |56.0871.48 80.03
SimCLR-v2-sk0 [14] 58.1868.9 763 |57.2570.11 78.83
MILe (Ours) + [14] (sk0)|61.85 70.5 77.29 |60.4972.76 79.38
SimCLR-v2-sk1 [14] 64.7 72.4 787 [62.7774.21 79.43
MILe (Ours) + [14] (sk1)| 69.4 74.7 79.5 |65.0476.40 81.53

2 X : teacher has 2 X parameters than the student.

Method Teacher Label fraction

1% 10%

Distilled [14] R50 2x+SK) | 69.0 75.1
Self-distilled [14] | R50 (1x+SK) | 70.15 74.43
MILe (ours) R50 (1x+SK) | 73.08 75.3
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I Experiments

Ablation Study :
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This is expected since a small k; would let the
imitation phase constantly disrupt supervised
learning via interaction with the data, while a

large k, does not reap the benefits of distillation.

For a given k; we find that the optimal k; lies in
the mid-range and the other way around.
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metric
— Acc
Real F1

/\

0.8 0.9

Lower thresholds bias the student towards producing
multi-label outputs, even for low-confidence classes.
Larger threshold values make the student tend
towards single-labeled prediction, only predicting
labels for which the confidence is high.
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I Experiments

Explore the limits of MILe:

The center digit has a probability of 0.6 to be chosen as the label for the whole grid.
For the results on multi-label MNIST. The first column displays the F1 score when the threshold for
positive labels is set to 0.25 and the second column shows the F1 score for a threshold of 0.5.

Label

F1@0.25 F1@0.5

0 0.60

5 0.15 Softmax 28.69 28.69
8 0.10 Sigmoid 29.10 28.67
4 0.5 MILe (ours) 41.35 34.32
3 05

Real label recovery:
Secondary label recovery. Mean average precision over labels that appear in Real but not in
the original ImageNet validation set.

Method ResNet-50 ResNet-18

10% data  100% data | 10% data  100% data
Softmax 0.2171 0.2679 0.1983 0.2648
Sigmoid 0.2310 0.2845 0.2047 0.2836
MILe (ours) | 0.3042 0.3248 0.2187 0.2880
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I Experiments

Noise multi-label Dataset:
Comparison on CelebA multi-attribute classification. Just as in Real ImageNet validation, we use F1-
score (based on the intersection over union) measure to evaluate the methods.

Method Fl-score
CE-Sigmoid 80.14
ResNet-18(FPR) [8] | 77.55
ResNet-34 (FPR) [8] | 79.96
MILe (ours) 81.40
2 @ n = &
& -E' o JE' = =] -5 5 = ] - :fs" 16
& z - o ] = £ 5 O Z 5 g g
E N &l £ £ . § 8 5 2 £ g £ 0
g | & E g = |3 |5 3 s £ z £ R & 5 > 5
& = = = = & =0 .20 - £ = = = = =] = =] o b3 2
- = < o @M o | & o x Q = R- - -~ G g i3 ¢ 3 L5 5
Triplet-kNN [55] 66 73 83 63 75 81 55 68 82 81 43 76 68 64 60 82 73 72 88 86
PANDA [71] 76 77 8 67 T4 92| s6 |72 84 91 50 85 74 65 64 88 84 79 95 89
Anet [44] 81 76 87 70 73 9w | 57 |78 90 9 56 83 82 70 68 95 86 85 96 89
MILe 85 83 82 74 82 92| 65 |74 88 91 76 79 83 ™ 72 98 86 86 93 89
g
=] E}"J & s {::,: o
g 5 £ § 2 F
] g gy = £ s _ F s & 3 3
5l & 91z £ 5 2 g 2 E T E s = 3 5 =
= 2 Lg g £ 5 zZ 3 c 5 & § T £ g 5 = E 5
2 3 Z F <« § & 5 ¥ § & £ § § § § § s
S 5 |5 £ |2 &8 £ & & £ § & & £ £ £ & &5 £ £
Triplet-kNN [55] a1 92 57 47 82 6l 63 ol 60 64 71 92 63 77 69 84 91 50 73 75
PANDA [71] 99 93 63 k]| 87 66 69 a7 a7 68 81 98 66 78 T7 90 97 51 85 78
Anet [44] 99 96 61 57 93 67 77 69 70 76 79 97 69 &1 83 90 95 59 79 84
MILe 99 95 74 77 94 64 75 69 77 74 87 94 74 83 84 9 93 56 77 81

Table 9. Mean per-class balanced accuracy in percentage points for each of the 40 face attributes on CelebA.
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