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Supplementary Note 1: Additional experiments

Classification performance of noise-robust models. We test
the robustness of the proposed approaches to the corrupted labels
in the training set and measure how well they generalise to an
unseen set with clean labels. To this end, all networks are trained
on a dataset Dyyain = {(X;, y:)} Y, containing both mislabelled
and correctly labelled data points. To assess the robustness to the
noisy labels, we separate Dy, into disjoint subsets of correctly
labelled (Do) and mislabelled cases (Dyyis1). Similarly, the
robustness is measured on a hold-out evaluation set (Dgy,)) With
clean labels.

We analyse the classification metrics for these three groups
separately throughout training for the different proposed meth-
ods. The results are reported in supplementary Table 1 in terms
of multi-class classification accuracy (CIFAR10H) and ROC-
AUC values for binary classification (NoisyCXR). In this analy-
sis setup, robustness means that the network should learn to ig-
nore the incorrect labels of the mislabelled cases and yield an ac-
curacy close to chance for these. On the other hand, this should
not come at a price of reduced performance for the correctly
labelled cases and the network should yield a high accuracy for
these. Hence the ideal case would be a large gap between the
accuracy of these two groups (Dcorr, DPmis) throughout train-
ing and the gap is a good proxy measure of sample selectors’
performance in the relabelling procedure.

Simulation experiments with larger noise rates.

CIFARIOH Label cleaning simulations are repeated for larger
noise rates to understand the sensitivity of selection algorithms
to noise rate. This way we also explore the limits at which
data-driven label cleaning algorithms may become unreliable.
For this purpose, we use the same set of CIFAR10H images
(|D] = 10k) but with a different initial set of noisy labels sam-
pled from the label distribution using a larger temperature pa-
rameter (7 > 2). In this way, we are able to control the initial
noise rate up to 34%. For noise values beyond this rate, a second

Supp. Table 1 The models used in the simulation experiments are
also evaluated in terms of their classification performance on im-
ages with clean and noisy labels.

Dataset Model Acc on Deyat Acc on Deorr  AcC 0N Dipig
Vanilla 77.22 (0.29) 92.38 (0.20) 45.50 (2.78)

CIFAR10H Co-teaching 79.19 (0.22) 88.38(0.26) 26.79 (1.64)
SSL + Linearhead 80.56 (0.11)  85.37 (0.20) 12.62 (0.44)

AUC on Dgya AUC oNn Deorr  AUC 0N Dipig

Vanilla 83.52 (0.85) 89.87 (0.42) 32.71(1.86)

NoisyCXR Co-teaching 84.91(0.31) 90.17 (0.26) 28.10 (0.29)
SSL + Co-teaching 87.45(0.02) 91.84 (0.16) 25.92 (0.19)

The networks are trained on a dataset containing partly mislabelled images: Cl-
FAR10H: |Dyain| = 10k, n = 15%; NoisyCXR: |Dyain| = 13.3k, n = 12.7%,
where 7 is the noise rate. Their performance is evaluated on an evaluation set
Deval With clean labels, and training set with clean Dgorr and noisy labels Dpgl
(Dmisi N Deorr = B). The size of the evaluation sets is | Deyal| = 50k for CIFAR10H
and | Deval| = 13.3k for NoisyCXR. The results are aggregated over three separate
runs with different seeds (std. deviation in parentheses) and reported in terms of
classification accuracy (Acc) and ROC-AUC (AUC).

parameter is introduced as an additive bias term applied to the
confusion matrix, which can serve as a uniform symmetric or
class-dependent noise model. At the end, we construct three
different sets of initial labels with the following average noise
rates and noise models: (I) 30% noise (CIFAR10H distribu- 4
tion), (II) 50% noise (CIFAR10H + symmetric), and (IIT) 50%
(CIFAR10H + class-dependent).

For larger noise rates, the cost-effectiveness of sample se-
lection algorithms are experimentally observed to be preserved
as shown in supplementary Figs. 1a and 1b. It is important to s
note that in 30% noise case the breakdown of clear and difficult
noisy cases are 23.24% and 6.66% respectively. On the other
hand, when we switch to class-dependent noise model with more
than 50% noise rate, the sample ranking quality begins to de-
grade as diagonal dominance is no longer preserved for some  so
certain classes (e.g. dog, cat, deer, horse, and automobile). We
expect the algorithms to degrade towards random sampling as
we introduce further bias and noise into the initial set of labels.
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Supp. Fig. 1 Label cleaning performance for noise rate of 50%, using symmetric noise and a more realistic, asymmetric noise model. Shaded areas

represent +/- standard deviation over 5 random seeds for relabelling.

NoisyCXR In this section, we investigate the impact of higher
noise rates on label cleaning simulations for NoisyCXR. To
construct datasets with more noise, we followed the same proce-
dure as described in Methods but instead of sampling 10% of
noise within the NIH “Consolidation/Infiltration” category we
sampled 25% noise within this category. Including both the NIH
noise and the sampled noise, the dataset contained in total 20%
noise. On this dataset, note that 43% of positive initial (noisy)
labels are incorrectly labelled, making it inherently challeng-
ing to learn an accurate classifier on this noisy training dataset.
With this higher noise rate, we observe that the sample selection
quality of co-teaching degrade towards the vanilla model. On
the other hand, we still observe that combining co-teaching with
self-supervised pre-training improves the quality of the label
cleaning procedure, as the model is able to separate noisy from
clean cases meaningfully earlier in training, hence improving
co-teaching.

Further analysis on the scoring function. To better understand
the impact of each term in the scoring function ¢, we conducted
simulation experiments by dropping the self-entropy term that
captures the sample ambiguity. We hypothesise that this term
encourages selectors to give a higher priority to clear label noise
cases over the samples with higher labelling difficulty. To exper-
imentally verify this, we first split the noisy samples into two
disjoint subsets: clear noisy and difficult noisy. This is done by
thresholding the normalised entropy of each sample’s true label
distribution at 0.3. Then we tracked the size of both noisy sets
throughout the active label cleaning procedure to understand
the sample ranking pattern. The experiments are conducted on
the CIFAR10H dataset with 30% and 50% noise rates. The
corresponding results are shown in supplementary Fig. 4. We
observe that by including the self-entropy term, the SSL selector
first prioritises the clear label noise cases as highlighted by the
difference between green and orange curves in the plot (middle
and right), which also yields a slight performance improvement
in terms of mislabel correction rate. Moreover, we observe that

the best performing sample selectors favour correcting first the
clear label noise cases as it can be seen by the difference between

the SSL and Vanilla approaches.
Instance dependent

Uniform symmetric Class dependent

Supp. Fig. 2 Different label noise models used in robust learning.
The statistical dependence between input image (X), true label (Y),
observed label (Y), and error occurrence (E) is shown with arrows.
Adapted from Frénay et al.".

Model ensembles yield better aleatoric uncertainty estimates.
The ambiguity term in the scoring function (®) can be better
estimated when the posterior entropy is marginalised over a
weight distribution as in the case of BALD?. To verify this
hypothesis, an ensemble of SSL models are formed by training
with 5 different seeds of weight initialisation whilst using the
same set of initial labels. The simulations are repeated 5 times
with different label sampling patterns. Supp. Table 2 provides
the AUC values for these experiments, where we see that the
ambiguity term (Ensemble-Ent) improves the results further
when ensembles are used and averaged posteriors (Ensemble)
do not yield drastic improvement. supplementary Fig. 6 shows
this comparison for different resource constraint (B) values.

Impact of model update frequency: An ablation study is con-
ducted to understand the influence of updating model’s beliefs
during the relabelling process (see supplementary Table 3). In
that regard, experiments are repeated for different b values which
determines the frequency of model updates using the collected
labels. With these updates, an improved performance is ob-
served on all model based approaches, which converge towards
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Supp. Fig. 3 Correctness of labels (y-axis) with respect to re-labelling budget (x-axis) for higher noise rate for CIFAR10H and NoisyCXR. Fig (a)
shows that standard active learning based sample scoring functions, such as BALD? (in green), do not necessarily prioritise noisy labels in the
relabelling procedure. Shaded areas represent +/- standard deviation over 5 random seeds for relabelling.

Supp. Table 2 Impact of model ensembles on label cleaning perfor-
mance and uncertainty estimation

Supp. Table 3 Ablation study on the frequency of model updates (b)
in active relabelling procedure.

(AUC) Perc. of correct labels vs number of relabels

% of Correct Labels (std) and AUC

Model Single Single-Ent Ensemble Ensemble-Ent Model b =500 b=1000 b =2000 b =00
SSL .818 .819 .820 .823 Oracle - - - 100.0 (0), .946
- i i - - 5 . 94.81 (.08) 94.82 (.04) 94.75 (.05) 94.34 (.03)
The simulations are run over 5 different seeds of annotation sampling procedure. To g Vanilla 916 915 914 913
form an ensemble, 5 different models are trained with different weight initialisations .2 95 '12 04) 95 64 04) 95 62 04 95 (')3 02
whilst keeping the initial labels the same (CIFAR10H, 7 = 30%, B = 3k). S ss1 12 (.04) 95.04 (.04) 95.02(.04) 03 (.02)
919 919 918 .918
- Oracle - - - 99.38 (.19), .887
the upper-bound set by a model trained with all clean labels. S vanila 2323 (11) 93.14 (.25) 92.72 (.36) 91.27 (.34)
;r( .836 .836 .834 .829
. . L 95.21 (.20) 95.12 (.19) 94.97 (.19) 94.94 (.17)
Instance-dependent noise model. Uniform and class-dependent S SSL 861 860 858 858

noise models, illustrated in supplementary Fig. 2, do not have
a direct statistical dependency on the image content. This may
lead researchers to design and experiment with artificial noise
models that may not always hold true in practical scenarios.
For instance, it would be more difficult to label low-resolution
images of brown horses in comparison to white ones, since class
confusion probability between horse and deer is likely to be
higher.

To model such dependencies, recent work has proposed the
use of instance-dependent noise (IDN) models*>. In our study,
we re-implemented the IDN model proposed in® (Algorithm
2), where instance-specific flip rates p; € R are computed
for each instance ¢ using a set of weights {W1, Wa, ..., W¢}
as p; = W,, vec(x;). The weights W, € RE*L are drawn
from a normal distribution, vec(W.) ~ AN(0,I). The individ-
ual class flip probabilities are later softmax-normalised across
all classes and scaled with the desired noise rate to generate
instance-specific class confusion matrices. In contrast to’, here
we utilise image embeddings generated with a pretrained im-
age model (ResNet-50, ImageNet) instead of raw pixel values
x;. This is mainly intended to associate the generated class
transition models with higher-level image semantics.

Model update frequency impact on the number of corrected labels is assessed on
CIFAR10H (30% initial noise, B = 4.5k) and NoisyCXR (12.7% initial noise, B = 4k)
for vanilla and SSL-Linear. The simulations are run over 5 different seeds of model
fine-tuning and label sampling.

Supplementary Note 2: Implementation Details
CIFAR10H.

Supervised models: For all experiments, the classifier and se-
lector are trained with the same model configuration but they
differed in terms of the labels used to train them. For all exper-
iments, we trained a ResNet-50 model with a bottleneck unit
containing convolution layers with batch-normalisation. The
models are trained for 160 epochs with the SGD optimiser and
Nesterov momentum (0.9) using a base learning rate of 0.1 and
weight decay of 10, The learning rate is reduced by a factor of
0.1 at epochs 80 and 120. Each gradient update is computed over
a mini-batch of 256 input images by computing cross-entropy
with respect to smoothed target labels (e = 0.1). Images are aug-
mented prior to model forward pass by applying standard natural
image transformations (e.g. colour jitter, affine transformation,
and horizontal flips).

For the training of co-teaching models®, the drop-rate is set to
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Supp. Fig. 4 Results of noisy label cleaning on CIFAR10H dataset with different noise rates. The figures on the left illustrate the percentage of
correct labels with respect to the number of relabels collected in the simulation. Here we see that by including the self-entropy term in SSL selector
(green), the final outcome can be slightly improved (91.85 vs 91.02). Similarly, the number of remaining clear and difficult label noisy cases are
shown in the middle and right, respectively. Best performing methods prioritise clear label noise cases over the ones with more labelling difficulty.
Lastly, we see that this behaviour is further emphasised by including the ambiguity term in the sample scoring function (green vs orange curves).
Shaded areas represent +/- standard deviation over 5 random seeds for relabelling.
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Supp. Fig. 5 Total variation (y-axis) between true label distribution and
distribution of sampled labels in function of relabelling budget (x-axis). A
similar performance ranking is observed as in the experiments measuring
the accuracy of majority labels (CIFAR10H, n = 30%). Shaded areas
represent +/- standard deviation over 5 random seeds for relabelling.
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areas represent +/- standard deviation over 5 random seeds for rela-
belling.
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match the expected noise rate in the datasets, which can be fur-
ther tuned on a separate validation set for potentially improved
performance. In the initial warm-up phase (up to epoch 10), all
samples are used in SGD updates, including the ones with large
loss value.

SSL training: For the training of BYOL’ self-supervision mod-
els, CIFAR10H dataset (10k) is used as a training set. For each
true image pair, the standard image augmentations are applied,
which are outlined in detail in the SimCLR study®. The encoder
models are trained with Adam’ optimiser for 2500 epochs with
the base learning rate of 103 and batch size of 512. As a learn-
ing rate scheduler, a cosine decay function is utilised. More
importantly, in order not to bias the model comparison, the same
ResNet-50 architecture is used as the base encoder for the BYOL
models.

To build an image classifier on top of SSL embeddings, a
single linear layer is trained for 120 epochs using both weight
decay (10~3) and tanh logit regularisation terms (o = 20, de-
fined in Methods) in order to avoid over-fitting on the noisy
labels. Similarly to the NoisyCXR experiments, co-teaching
could potentially be utilised together with SSL weights without
freezing the encoder parameters, which is omitted in CIFAR10H
experiments as the linear head experimentally proved to be suffi-
cient in identifying noisy labels.

NoisyCXR.

Supervised models: As for CIFAR10H, the classifier and se-
lector are trained with the same model configuration but they
differed in terms of the labels used to train them. For all experi-
ments, a ResNet-50 model is trained with the Adam optimiser9
with cross-entropy loss, using a learning rate of 10~ for models
trained from scratch (resp. 106 for fine-tuning), weight decay
of 10~* and batch size 32. For all models, we use 50% of
the data for training and 50% for validation. At training time,
the under-represented class (‘“Pneumonia-like opacity”) is over-
sampled to handle the class-imbalance according to the class dis-
tribution observed in the training set. In terms of preprocessing,
images are first augmented in native resolution (if applicable),
then resized to 256 x 256, and finally they are centre-cropped
to 224 x 224. At training time, the following augmentations
are used: random horizontal flipping (p = 0.5), random rota-
tion ([—30°, 30°]), random shear transform ([—15, 15]), random
contrast, random brightness, and random crop ([80%, 100%)]).
Models trained from random initialisation are trained for 150
epochs; models initialised from a pre-trained checkpoint are
fine-tuned for 100 epochs. For “SSL-Linear”, we built a linear
image classifier on top of the frozen SSL encoder, trained for 100
epochs with a starting learning rate of 10~ decreased to 10~
after 10 epochs; we used tanh logits regularization (o = 10) and
reduced the set of augmentations to horizontal flips.

For the training of co-teaching models®, the drop-rate is set
to match the expected noise rate in the datasets. The warm-up
phase was set to 20 epochs during which no samples are dropped
(resp. 10 epochs when initialised from SSL checkpoint).

Supp. Table 4 The impact of image augmentations on the quality of
learnt BYOL embeddings, when applied to medical images.

Augmentations ROC-AUC
All w/out cropping 0.853
All w/out brightness and contrast 0.866
All w/out rotation and shear 0.868
All augmentations (baseline) 0.871

The embedding quality is assessed in terms of linear separation of classes by
training a linear-head on top of BYOL encoder output. At each experiment, one
data augmentation is omitted to measure its impact, and classification results are
obtained on the validation set using ROC-AUC.

SSL training: The self-supervised models have been trained
with BYOL’ using a ResNet-50 encoder. The final model is
trained using the NIH dataset'® (80% training, 20% valida-
tion), using an effective batch size of 4800 (batches of 600
pairs of images of size 224 x 224 on 8§ GPUs) for 1000 epochs.
The momentum parameter 7 used in BYOL teacher encoder
was set to 0.99. As augmentations, we use random horizon-
tal flipping (with probability p = 0.5), random rotation and
shear (drawn from [—180°,180°] and [—40, 40]), random crop
([40%, 100%)]), CutOut (masking out rectangles of varying size,
size covering 15-40% of the image), elastic transforms'' (a =
34, s = 4, applied with probability 0.5), random contrast and
brightness changes, and adding Gaussian noise (¢ = 0.01, ap-
plied with probability 0.5).

We ran experiments on the NoisyCXR dataset to determine
the impact of each of those augmentations on the quality of the
resulting embedding. To this end, a linear classifier is learnt on
top of image embeddings during BYOL training and its perfor-
mance is monitored with ROC-AUC metric on the validation
set. By disabling one augmentation at a time and comparing to
the baseline with all augmentations, we see that image cropping
contributes most to the results, followed by contrast and bright-
ness augmentations, then rotation and shear, results are provided
in supplementary Table 4. Using the full set of augmentations
often meant that performance kept increasing when training for
longer, whereas using fewer augmentations led to performance
plateauing earlier in training. Histogram normalisation had a
noticeable impact on the result. Using the native images without
histogram normalisation led to an AUC roughly 0.6% higher
than with histogram normalisation.
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