Reliable Label Bootstrapping for Semi-Supervised
Learning - Supplementary material

I. ABLATION STUDY FOR LABEL PROPAGATION

We analyze the importance on the final semi-supervised
performance of using diffusion and good unsupervised features
for label propagation. We compare in Table I the performance
achieved when using nearest neighbours compared to diffusion
and two different unsupervised pre-training strategies (AND [1]
and RotNet [2]). The results show the importance of estimating
good features and proper label propagation strategy.

II. REMIXMATCH TRAINING

We report in Table II the error rates for ReMixMatch, with
and without our proposed ReLLaB method, when training for
256 epochs instead of the original 1024 [3]. Although longer
training is always beneficial, we observe convergence to a
reasonable performance in 256 epochs. In the paper we adopt

the 256 configuration as it substantially reduces training time.

III. ABLATION STUDY FOR PSEUDO-LABELING

We study the effect on the pseudo-labeling algorithm in
[4] when using an unsupervised initialization with RotNet [2]
and freezing all the layers up to the last convolutional block

to avoid fitting label noise of the reliable extended set D,.

Unsupervised initialization and early layers freezing is also
adopted in [5] to improve pseudo-labeling. We show in Table
IIT that both strategies contribute to better pseudo-labeling
performance.

IV. VISUALIZATION OF THE BOOTSTRAPPED SAMPLES

Figure 1 displays the capacity of our reliable sample selection
to select an extended clean subset for the semi-supervised
algorithm. The first row displays the seed samples; the middle
row display a random subset of the samples labeled using label
propagation on self-supervised features; the last row displays
the reliable samples we select to extend the label set. Images
with a red border have a noisy label. The label noise is reduced

TABLE I
BENEFITS OF DIFFUSION OVER A NEAREST NEIGHBOR (NN) FOR LABEL
PROPAGATION. WE REPORT ERROR RATES OVER THE SAME LABELED
SUBSET AND USE RELAB + PSEUDO-LABELING.

Dataset CIFAR-10  CIFAR-100
# labeled samples 40 400
RotNet [2] + NN 25.64 69.76
AND [1] + NN 40.70 69.67
RotNet [2] + Diffusion 16.49 65.35
AND [1] + Diffusion 14.21 57.09

TABLE 11
ERROR RATE OF SHORT AND LONG TRAINING OF THE REMIXMATCH
ALGORITHM [3]. WE REPORT MEAN AND STANDARD DEVIATION OVER 3

RUNS.
Dataset CIFAR-10 CIFAR-10 CIFAR-100
# labeled samples 250 40 400
ReLaB No Yes Yes
ReMixMatch - 256 7.8 £0.83 10.04 £4.58 48.59 +0.7

ReMixMatch - 1024 6.24 £0.34 9.04 £4.37 47.24 £0.68

TABLE III
ABLATION STUDY ON THE ERROR RATE OF PSEUDO-LABELING (PL)
ALGORITHM IN [4] COMBINED WITH RELAB WHEN USING UNSUPERVISED
INITIALIZATION AND LAYER FREEZING (LF).

Dataset CIFAR-10 CIFAR-100
# labeled samples 40 400
ReLaB + PL [4] 22.12 58.17
ReLaB + PL (RotNet [2]) 15.72 59.04
ReLaB + PL (RotNet [2] + LF) 14.21 57.09

in the reliable extended set. The figure is best viewed on a
computer.
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Fig. 1. Qualitative example of label propagation and reliable sample selection in CIFAR-10 with four seed samples per class. Best viewed on a computer.



