Chapter 4

Cleaning Noisy Labels by Negative Ensemble
Learning for Source-Free Unsupervised Do-
main Adaptation

4.1 Introduction

Deep Convolutional Neural Networks (CNNs) have shown remarkable achievements in a
variety of tasks [107]. However, to perform well, training and testing data are assumed to be
drawn from the same distribution. This is unrealistic when the system needs to be deployed
in real-world scenarios. Consequently, a model trained on some source domain often fails
to generalize well on a related but different target domain, due to the well-known problem
called domain shift [108, 5]. Since annotating data from every possible domain is expensive
and sometimes even impossible, Unsupervised Domain Adaptation (UDA) methods seek to
address such a problem by minimizing discrepancy across the domains or trying to learn

domain-invariant feature embeddings, without accessing target label information.

Several research efforts have been devoted to developing UDA methods by either en-
forcing class-level feature distribution alignment [109, ], matching moments [111, 1,
applying domain-specific batch normalization [ 1 13], or adopting domain adversarial learning
[114, ]. However, these methods require joint access to both (labeled) source and (unla-
beled) target data during training, making them unsuitable for scenarios where source data
is inaccessible during the adaptation stage, or when source and target data are not available
at the same time. Further, such solutions are also not viable when target data is provided
incrementally at different times or if the source/target datasets are very large. Moreover,
most UDA methods either focus on the single-source or single-target scenario with specific
framework, regardless of the fact that data may belong to multiple source or target distribu-
tions, e.g., images taken in different environments or obtained from the web (e.g., sketches,

photos).

To get rid of such restrictive assumptions, we propose to cast UDA as a pseudo-label
refinement problem in a source data-free scenario. Consequently, unlike most of the former

works, our method does not require any (target-style) data to be generated and can cope

52



- w
(8]

o
[ 4 11 11

1/,1
Data
| Augmentation n lll
1 =1 n

H» Augmentation
2

Target Samples

argmax(ypl +
W2+ )

Data
Where, > Augm%ntatl on <= Loss

*-+= — Feedback
— Pseudo-Label
B — Disjoint Residual-Labels

Figure 4.1: Ilustration of the proposed method. In each iteration, a batch of target samples
with different augmentation is fed to each ensemble member. Next, considering the inferred
pseudo-label, different feedback is backpropagated by leveraging Disjoint Residual Labels
with Negative Ensemble Learning (NEL) loss. This allows each member to learn diverse
characteristics from data, possibly complementary, leading to a superior noise resilience and
a stronger consensus leaning towards the actual class label.

with single-source, multi-source, and multi-target UDA indifferently, making it easy to use
and generalizable to the dataset of diverse complexity and challenges. Our approach only
assumes the availability of a model pre-trained on the source domain to infer pseudo-labels of
unlabeled target samples. Obviously, this results in a significant amount of incorrect acquired
pseudo-labels, which is a consequence of the domain shift [108, 5]. Hence, it appears natural
to adapt to the target domain by cleaning the pseudo-labels via a (re-)assignment process, SO
that a new model can be trained from scratch (or a pre-trained model can be fine-tuned) using

the cleaned target labels.

To clean noisy pseudo-labels, we propose Negative Ensemble Learning (NEL) technique,
a unified method for adaptive noise filtering and pseudo-label refinement (see Fig. 4.1). Our
method takes advantage of several expert ensemble members, each trained using a batch of
target samples with different stochastic data augmentation and a novel concept of disjoint
feedback. The design of disjoint feedback requires two essential components (i) more than
one trainable models, and (ii) different labels for each member and a supporting loss function.
The latter is achieved by employing an indirect learning scheme, i.e., instead of using the in-
ferred pseudo-label (out of total C' classes) corresponding to target sample x, the remaining

(C — 1) residual labels (RL) are equally distributed over all ensemble members. Next, sepa-
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rately for each member, the proposed NEL loss function attempts to minimize the confidence
of corresponding disjoint residual labels (DRL) as in “x does not belong to either of them”.
Consequently, the collective form of feedback pushes confidence of inferred pseudo-label to

rise.

The intuition behind is that, in case of incorrect pseudo-label, at least N, — 1 members
out of N, (the total number of expert members in the ensemble network) should receive the
correct information: stochastically sampling disjoint subsets of residual labels forces each
ensemble member to learn different concepts, which is known to be beneficial in ensemble
learning to reach a strong, hence more robust, consensus. Thus, such a consensus contributes
to reaching higher confidence on clean pseudo-labels, allowing us to introduce a novel fully
adaptive noise filtering technique to refine labels of the samples with low confidence (i.e.,
noisy pseudo-labels) via reassignment. Finally, a standard supervised learning procedure
is used to train a single model on the target domain data using the refined pseudo-labels

featuring high confidence only.

The proposed pipeline obtains a significant noise reduction from the inferred pseudo-
labels. With extensive experiments on various benchmarks yielding a wide range of shift-
noise (PACS: 4% - DomainNet: 82.4%), we show that training on the target domain with
refined pseudo-labels outperforms state-of-the-art UDA methods by a considerable margin.

To summarise, the contributions of our work can be stated as follows:

* We propose a new, fully-adaptive method that dynamically filters out label noise and
assigns cleaner pseudo-labels to noisy target samples. To do so, we introduce Negative
Ensemble Learning, a new strategy that enhances diversity among members by differ-
ent data augmentation and disjoint feedback, leading to improved noise resilience and

a stronger consensus.

* Our method can naturally cope with the absence of source data during adaptation. It
does not require new (target-style) data to be generated, avoiding the use of GAN-based
models that are often difficult to train with stability. Also, it can deal with single/multi-

source and multi-target UDA scenarios indifferently.

* We validate our method through detailed ablation analyses and extensive experiments
on four well-known benchmarks, demonstrating its superiority over state-of-the-art
UDA methods with a significant margin, e.g., up to 21.8% better accuracy for PACS
benchmark.
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4.2 Related Work

Unsupervised Domain Adaptation. Most of the existing UDA methods focused on cross-
domain feature alignment either by employing discriminative class-conditional alignment
[110], features and prototype alignment using reliable samples [109], or customized CNN
models with domain alignment layers and feature whitening [116]. Other works proposed
feature distribution matching by approximating joint distributions [117], matching graph
[118], or matching moments [111]. However, such methods assume the co-existence of
source and target data during training, making them unsuitable for more realistic scenarios

where source data is inaccessible, e.g., due to data-privacy issues.

Source-free UDA. A few recent works showed interest in source-free UDA. For example,
[119] proposed a feature corruption and marginalization technique using few labeled source
samples and [120] adapted the outputs from an off-the-shelf model to minimize distribution
shift using some labeled target samples. An instance-level weighting method using negative
classes is proposed in [121], which is highly dependent on a procurement stage requiring
source data. Another approach leveraged a pre-trained source model to update the target
model progressively by generating target-style samples through conditional generative ad-
versarial networks [5], also combined with clustering-based regularization [122]. Similarly,
to improve UDA performance in person re-identification task, [123] proposes a pseudo-label

cleaning process with on-line refined soft pseudo-labels.

Our proposed approach lies in this category and takes partial inspiration from the methods
developed for source-free UDA in [122, 5]. Here, a pre-trained source model is used to
infer pseudo-labels of target data, and then a target-style sample generator is employed for
adaptation. Like in many previous works, while we start by inferring pseudo-labels using
a pre-trained model but, subsequently, we progressively refine such labels exploiting the
consensus of an ensemble network, without generating any (target-style), thus data avoiding

the use of GAN-based models that require careful hyperparameter balance to reach stability.

Ensemble Learning. Such methods exploit features extracted from multiple models
through a diversity of data projections and bring forward the mutual consensus to achieve
better performances than those obtained by any individual model [124]. A comprehensive
review about ensemble methods is well illustrated in [125]. The importance of learning di-
verse contributions from data for classifier selection and parameters update is proposed in
many works, for instance [126]. Also, multiple choice learning is employed in [127] to im-

prove the accuracy of an ensemble of models.

We also drew inspiration from the general idea proposed in these works, which agree in
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stressing that diversity among members is beneficial for ensemble robustness. We differ-
entiate from them by introducing a new way of inducing diversity in the members, i.e., we
back-propagate different feedback to each member by leveraging the novel concept of Dis-
joint Residual Labels. This allows each member to learn diverse characteristics from data,
possibly complementary, leading to a superior noise resilience and a stronger consensus lean-

ing towards the actual class label.

Learning with Noisy Labels. Deep CNNs are capable of memorizing the entire data
even when labels are noisy [3]. To overcome such overfitting, existing methods try to select
a subset of possibly clean labels for training, e.g., using two networks under a co-teaching
framework [128], adopting meta-learning for exemplar weight estimation [129], applying an
one-out filtering approach based on the local and global consistency [130], or investigating

Negative Learning (NL) as an indirect learning method [3].

In these works, the type of label noise is an important factor to be considered. The above
methods typically only consider random noise from selective or uniform distribution, which
has a completely different structure from the label noise injected by the domain shift affecting
the inferred pseudo-labels (see Sec. 4.3). Thus, [3] fails when the noise is not uniform, and the
performance results actually affected by threshold sensitivity, which limits the generalization
capability of the method across benchmarks. In contrast to a fixed threshold, our Negative
Ensemble Learning method features a fully adaptive procedure to progressively filter out the

structured noise affecting target pseudo-labels.

4.3 Method

In the context of UDA for a C-class classification task, we use a model pre-trained on source
data to infer pseudo-labels of the entire target set D; — such set of labels will be noisy due
to domain shift [108, 5]. The standard training procedure i.e., training with cross-entropy
loss tries to maximize the probability of a belonging to the corresponding inferred pseudo-
label 3. But, in case of noisy pseudo-label 7 # y; (where ¥, is the inaccessible actual target
label), the model would undeniably be provided the wrong information which results in poor

performance.

Instead, Negative Learning (NL) [3], can reduce such probability to ﬁ NL refers in
fact to an indirect learning method, which instead of using a given label — ¢ in our case
— attempts to train the classifier using a complementary label y (randomly selected from
{1,...,C}\{y}) as in “data sample x does not belong to 3. Since the chances of selecting
a true label as a complementary label are low, NL decreases the risk of providing incorrect

information.
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Figure 4.2: Histogram showing the noise-filtering performance of [3] on MNIST. In both
cases, the amount of noise equals 32.9% (cf. SVHN—MNIST shift-noise in Tab. 4.1).

Nevertheless, the existing NL method with a single network can not tackle shift-noise
associated with inferred pseudo-labels. To understand better, let our CNN architecture be
composed of a feature extractor v (.), a classifier 19 (.), and a softmax o (.), being ¢ and 6 the
related network parameters. The function f : X — R, defined as f(z) = (¥ (ve(x)))",
maps the input & € X to the C-dimensional vector of probabilities p € R®. Within a
standard training procedure, namely Positive Learning (PL), the cross entropy loss function
can be defined as:

C
Lpr(Dy) = —Egp, Z ]l[c:g]] log(p) 4.1)

c=1

where 1 is an indicator function, D; represents the unlabeled target domain and p = f(xy).
Clearly, Eq. (4.1) pushes the probability p for the given pseudo-label y towards p; = 1. On
the contrary, NL aims at encouraging the probabilities of complementary labels % to move
away from 1, actually pushing them towards p; = 0. The NL loss function would be so

defined as:
C

Lyp(Dy) = —Egpp, D ey log(1 — p) 4.2)

c=1

While Eq. (4.2) optimizes the output probability of the complementary label to be close
to zero, the probability values of other classes are increased. In such a contest, the samples
carrying clean y get higher confidence, whereas noisy ones struggle with scarcely confident

scores, meeting the purpose of NL.

Nevertheless, the fundamental limitation of naive NL [3] is that it is suitable for the noise

showing a uniform distribution (symmetric-noise) only. As reported in Fig. 4.2a, data samples

"Networks’ parameters 6 and ¢ will be omitted for brevity from now on.

57



with labels are assigned low confidence, resulting in effective noise separation.

Yet, a significant amount of noise is overfitted with high confidence by the network when
we consider shift-noise — namely noise turned up during inferring pseudo-labels on the target
using a model trained with the source (MNIST and SVHN, respectively, in the example of
Fig. 4.2b). Note that overfitting is not to be ascribed to the amount of noise, which was
carefully balanced in the experiment, but rather to its distribution. So, NL works nicely
when data is affected by symmetric noise but, when complying with shift-noise as in our

case, important modifications are required to be able to clean pseudo-labels effectively.

To mitigate such limitations, we propose to employ Ensemble Learning which refers to
concurrently training multiple networks of similar configuration. The idea is to create a set
of experts trained in different ways, in order to produce predictions with low bias and high
variance. Generally, an ensemble produces the final output as a weighted sum of all the

experts’ logits, i.e., for a data sample x, the final prediction can be obtained as:

Ne
p.=o(>_ B (v () (4.3)
k=1

where N, corresponds to the number of experts in the ensemble network, and 3 is a set of

weights modulating the contribution of each expert member.

Precisely, we set 3* = 1,Vk € [1, N.] and propose Negative Ensemble Learning loss for
learning with noisy labels that, amplifies the diversity of the ensemble members by different
stochastic (i) input augmentation, and (ii) feedback using Disjoint Residual Labels. The
resulting strong consensus gives rise to the cleaner pseudo-labels, better than those obtained
by any stand-alone network. The following sections discuss specific details of the proposed

approach.

4.3.1 Adaptive Pseudo-Label Refinement

Problem Setup. The goal of UDA methods is to adapt a model pre-trained on a labelled

source domain Dy = {(z,y})}**, in order to generalize well on a different, yet related, un-

labeled target domain D, = {wg };V:* 1» where N and N; denote the number of samples in the
source and the target domain, respectively, and the label set ) is the same for the 2 domains,
i.e.,, Ys = Y. For the sake of generality, we assume to work with My 4+ 1 domains: My
source domains D, where s = {1, ..., My}, and a target domain D;. Differently from many
standard UDA methods, our proposed approach does not use any source data for adaptation,

nor generate target-style data at any stage. Instead, we simply use only a pre-trained source
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Figure 4.3: Prediction-confidence trend during training and pseudo-label refinement by our
proposed NEL method in case of SVHN—MNIST source-free UDA. Almost all samples are
predicted with very low confidence at the beginning (a). As the network starts learning, noisy
samples are segregated in a low confidence interval. Only if confidence is lower than v (eq.
4.6), pseudo-labels are reassigned. Noise is thus progressively reduced (c-d).

model to infer pseudo-labels P = {¢’ }§V2t1 on the target domain. Being aware that a severe
noise (due to domain shift [108]) is affecting such labels resulting in a significant amount of
incorrect labels, we propose a way to progressively filter out noisy target samples from the

clean ones, and carry out pseudo-label refinement to obtain a cleaner set P.

Pseudo-Label Refinement. The first step for our proposed method refers to inferring
pseudo-labels P of unlabeled data samples of D; using fs, a model pre-trained on the labeled
source samples from Ds. In this context, for single-source and multi-target UDA, the model
pre-trained on the chosen source data is used to infer pseudo-labels of target domain(s) being
considered. For multi-source UDA, we often have a single model pre-trained on aggregated

data from all source domains, f,44, Which can be used to infer target pseudo-labels P as:

7 = argmax(Yugg(Vage(2]))) Vi € {1,..., Ni}, (4.4)

Subsequently, the proposed label refinement procedure is carried out. In particular, to
obtain robust and cleaner pseudo-labels by employing ensemble network, we use moving
average of N, previous ensemble output predictions (i.e., we keep the latest NV, outputs in a

buffer and compute the mean). For a certain sample z, this results to:

Ng Ne

P =0l 2> ek @) (45)

€ =1 k=1

where we set N, = 10 for all the experiments in this study.”> Now, let us define { as the

confidence of the pseudo-label y, namely the entry of the obtained probability vector p cor-

2We anticipate that this is a non sensitive parameter, it has not a relevant effect on the performance as long as
Ny > 5.

59



responding to .

We categorize the target samples with p > « as High Confidence Samples (HCS) which

enable us to define the ratio of HCS over the total number of samples as:

# of HCS
7:7

N, (4.6)

Thus, the v being used as a threshold (derived by parameter « and instantaneous gener-
alization capability of the ensemble network i.e., the ability of the network to discriminate
clean data samples as HCS) is the key behind adaptive nature of the noise filtering ability of
the proposed method. So, the pseudo-label of each sample wi is updated/retained according

to the following condition:

argmax(p’), ifp’ <7

~J

7 (n) =
Yin-1y otherwise

Vj 4.7)

where n denotes the epoch number. The intuition behind such reassignment rule can be
drawn from the trend of the prediction confidence along training. As shown in Fig. 4.3a
and 4.3b, with the growing number of epochs, noisy samples remain towards low confidence
regime and clean samples obtain high confidence progressively. In Fig. 4.3b, the ratio of HCS
(with « = 0.9) gives v & 0.15 that corresponds to a confidence region [0,~] = [0,0.15] in
which the noisy samples are prevalent, hence they are the best candidates to be subjected to
label reassignment. Consequently, pseudo-label refinement is achieved progressively during
training in an adaptive manner (see Fig. 4.3c and 4.3d, where total noise is progressively

reduced). We ablate to find optimal value of « in Sec. 5.6.3.

4.3.2 Negative Ensemble Learning

The adaptive pseudo-label refinement procedure discussed in Sec. 4.3.1 heavily depends on
the diversity exists among ensemble members. Our approach induces such a diversity by
different stochastic data augmentation and feedback. The latter is achieved by employing
Residual Labels (RL) — randomly chosen complementary labels other than the inferred
pseudo-label — a key attribute of our proposed Negative Ensemble Learning (NEL) loss
that we define as:

c
1
Lenr(Dy) = —Egnp, Nt E Licerpylog(1 — p.) (4.8)
c=1
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Figure 4.4: Correlation between adaptiveness of  threshold (right y-axis, dashed lines) and
progressive noise reduction (left y-axis, solid lines) achieved by NEL during training for
various amount of noise. Legend: T: MNIST, S: SVHN, U: USPS, and M: MNIST-M.

The NEL loss in Eq. 4.8 is used to train each member independently, where Ng;, refers
to the number residual labels. Thus, for any value Npr > 1, the proposed approach can
influence the training process in three ways: (a) The likelihood of the actual-label y; being

randomly picked as one of the residual labels increases by factor of g’jﬁ, which is bad. (b)

In case y; N RL = &, the training is accelerated with the stronger feedback provided by the
multiple contributions of RLs, which is good. (c) In case y; N RL # @, instead of providing
entirely wrong feedback using Eq. 4.2, the impact of wrong feedback is mitigated by a factor
of %, and this is again good. In fact, gradients will follow a mean direction according
to Eq. 4.8. Although cases (b) & (c) are essential advantages of using multiple RL, (a) is a
downside. To understand the balance among these aspects, we ablate on the different values
of Ngy, in Sec. 5.6.3.

However, we found that best results are obtained using a completely disjoint random sub-
set of residual labels (DRL). Not only this allows each member to receive a different feedback
(thus enhancing the ensemble’s diversity), but also restricts the possibility of receiving wrong
feedback to one member only. Thus, in this study, we don’t use specific number of RL, rather,

we use equally distributed DRL over all ensemble members.

Further, to induce additional diversity in ensemble expert members, we consider several
standard stochastic data augmentation strategies including the composition of (i) spatial/geo-
metric transformation via random cropping (with uniform area = 0.08 to 1.0 and aspect-ratio

= % to %) followed by resizing to the original size, (ii) affine transformation followed by
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Figure 4.5: Distribution of remaining noise in refined pseudo-labels after SVHN—MNIST
UDA. The highlighted bars (in a rectangle) represent the set of samples with confidence
greater than o = 0.9.

Gaussian blur, and (iii) color distortion. We found that composition of different stochastic
data augmentation is crucial to avoid noise overfitting and extend diversity in the ensemble
network (See Sec. 5.6.3).

All these ingredients concur in making proposed method capable of filtering out differ-
ent amounts of noise in an adaptive manner while progressively refining pseudo-labels. In
Fig. 4.4, the profiles related to the right y-axis (dashed lines) show the capability of the
threshold v to adapt to different single-source UDA cases, while the profiles related to the
left y-axis show the corresponding noise reduction. In particular, it is worth noting that no
pseudo-label refinement is applied during the first few epochs until the ensemble gets a ma-
ture state of generalization capability. As the ensemble members get more and more confident
in the clean examples, label reassignment becomes more rigorous preventing the network to

overfit to noisy samples.

After a certain number of training epochs, the pseudo-label refinement process stalls down
to an insignificant noise reduction rate (see Fig. 4.4). Therefore, instead of pushing refine-
ment process more for several epochs to achieve further small reduction, we apply standard
supervised learning only using high confidence samples determined by . This is done using
only one model (the final target model) for a fair comparison with state-of-the-art methods.
As shown in Fig. 4.5, the remaining noise is distributed over the entire probability spectrum,
whereas the majority of the clean samples are predicted with high confidence (red box in the

right plot). Therefore, only a small fraction of noisy samples affects training.
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4.4 Experiments

We consider the image classification task to comprehensively evaluate the proposed method
on major UDA benchmarks including Digit5 (MNIST [131], SVHN [132], USPS [133],
MNIST-M [134], and Synthetic-Digits [ 134]), PACS [135], VisDA-C [136], and DomainNet
[111]. For all the benchmarks, we use batch-size = 32, & = 0.9 and Adam as the optimizer
with a weight decay of 5e~*. The base learning rate is set to 1e~* and the feature extractors
are optimized with a learning rate of 1e~>. The feature extractor of ensemble members are
initialized with a pre-trained source model. For single-source and multi-target UDA, we
consider one pre-trained source model to adapt on every target domain. For multi-source
UDA, each domain is selected as the target domain while the rest of the domains are treated

as aggregated source (according to Eq. 4.4).

Digit5 refers to a set of digit benchmarks. In this study, following [111], we sample a
subset of 25000 images from the training and 9000 images from the testing set for MNIST,
MINST-M, SVHN, and Synthetic-Digits. Since USPS contain a total of 9298 images, we
use standard train-test splits. To keep comparable image resolution, we resize all images to
32x32 and a naive 3-layer CNN is used as ensemble members. For single-source and multi-
source UDA, label refinement takes 750 and 300 epochs, respectively, whereas the final target
model is trained for 200 epochs.

PACS contains 4 domains, namely (Art-Painting, Cartoon, Photo, and Sketch). There
are only 9991 images of 227x227 resolution from 7 object categories that accommodates a
large domain shift due to the different image style depictions. We use ResNet-18 as ensemble
members. For single-source, multi-target and multi-source UDA, label refinement takes 200,

200 and 100 epochs, respectively, whereas the final target model is trained for 200 epochs.

Visda-C is a challenging large-scale benchmark attempting to bridge the significant synthetic-
to-real domain gap across 12 object categories. We follow standard protocol in which the
source domain (training split) contains 152K synthetic images and the target domain (testing
split) contains 72K real images. We resize all images to 256x256 resolution and use ResNet-
101 as ensemble members. Label refinement takes 150 epochs and just 25 epochs were found

to be enough for training the final target model.

DomainNet is by far the largest UDA benchmark with 6 domains, 600K images and 345
categories. We resize all images to 256x256 and use ResNet-101 as ensemble members. It
was mainly developed for multi-source UDA task for which our proposed label refinement
takes 100 epochs for Infogragh and Quickdraw domain, while 40 epoch were enough for the

rest. For training the final target model, 100 epochs were sufficient in all the cases.
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4.4.1 Ablation study
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Figure 4.6: Ablation study considering SVHN—MNIST UDA task to determine optimal
parameters of our proposed NEL method. (a): Single model is trained with 1 residual-label
(RL) to choose the best o required to compute adaptive noise filtering threshold . (b):
Searching for the right number of RL i.e., Nry. (c): Searching for the optimal number of
members in the ensemble network (Nrr = 4 is used for N, = 1). (d): Investigating the
effect of same/disjoint RL (SRL and/or DRL) and same/different data augmentation (SAUG
and/or DAUG) in all four possible scenarios.

We ablate the design choices described in Sec. 4.3 on the SVHN—MNIST adaptation
task. It is important to note that the parameters estimated here are then used in all subsequent

experiments, demonstrating the little sensitivity of the proposed method to such coefficients.

We consider N, = 1 (i.e., no ensemble) to ablate the different values of . Fig. 4.6a shows
that o = 0.90 results in the highest noise reduction, whereas o = 0.50 is the least effective.
These findings make sense, since with o = 0.50, the reassignment would start too early (i.e.,
as soon as some example has confidence greater than 0.5, since +y is always zero beforehand),

when the network is not yet "ready" for it. Instead, with o« = 0.90, reassignment will start
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only when some samples have very high confidence. From that moment on, +y starts adapting,
so that the more the samples with high confidence, the more permissive the threshold + will
be. The reason oo = 0.95 results slightly less effective is because a relatively higher number
of noisy samples overfits before they are reassigned. Keeping N, = 1 and o = 0.9, we ablate
on the different values of parameter Ny, (Fig. 4.6b). Results show that Npr, = 3,4, or 5
can be considered as the legitimate choice. Further, the results shown in Fig. 4.6c exhibit the
improvement achieved by the RL approach in comparison to N, = 1 (with Ngp = 4, i.e,
the best choice found in Fig. 4.6b). Though faster noise reduction is achieved with higher
number of ensemble members, N, = 3 can be regarded as the optimal choice considering

performance vs. computational cost trade-off.

Also, as shown in Fig. 4.6d, just one type of augmentation for all the ensemble members
(ref. SAUG in the figure) is not enough. Also, the results validate the ineffectiveness of using
same residual labels (SRL in the figure) for all. The best noise reduction is achieved using
Disjoint Residual Labels along with different stochastic augmentations, DRL and DAUG,

respectively.

4.4.2 Performances

The reported results in Tab. 4.1-4.4 present the average accuracy of 3 runs. In Tab. 4.1 (left),
we compare our method (NEL) with the existing methods which address the challenging
MNIST—SVHN and MNIST—MNIST-M tasks in a multi-target UDA framework. In both
cases, the source contains gray-scale images, and the target holds colored (RGB) images,
carrying a massive distribution gap across domains for which our method achieves third
and second-best performance, respectively. Nevertheless, by outperforming in 3 out of 5
cases, our method achieves state-of-the-art average accuracy. For multi-source UDA task
in Tab. 4.1 (right), the performance of proposed method is slightly affected while adapting
to Synthetic-Digits benchmark. In the remaining 4 out of 5 cases, our method outperforms
existing methods and achieves state-of-the-art average accuracy. Especially, the difference is
substantial in the case of MNIST-M.

In Tab. 4.2 (left), we compare NEL with the existing methods addressing multi-target
UDA on PACS. As can be noticed, despite the sub-optimal performance in 2 cases, our
method achieves superior average accuracy. For multi-source UDA, we compare recent
works in Tab. 4.2 (right). Also in this framework, our method consistently outperforms ex-
isting methods, with only in one case getting lower, yet comparable, accuracy. To the best of
our knowledge, we are the first to report single-source UDA results on PACS. So, in Tab. 4.5,
we consider similar pairs as of Tab. 4.2 (left) to evaluate the performance difference. As ex-

pected, single-source UDA brings comparatively better performance because of the pairwise
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Table 4.1: Classification accuracy on Digit5S with a naive 3-layer CNN. Legend: T: MNIST, S: SVHN, U: USPS,
M: MNIST-M, and D: Synthetic-Digits.

Single-Source UDA Multi-Source UDA
MS, TS, TM, TM, TM,
Source rr 1 5 U\, DU DU DU SU SD | Avs
Target U S M T T T M S D U
ATT[177] 528 040 858 - | — |[DCIN[I38]| = 709 775 =

SBA [139] 97.1 509 984 742 875 | 81.6 || MM[I11] 984 728 813 895 96.1 | 87.6
MALT [140] | 97.0 787 714 98.7 20.7 | 73.3 || OML [141] 98.7 717 848 91.1 97.8 | 88.8
MTDA [6] 942 520 855 84.6 915 | 81.5 || CMSS[142] | 99.0 753 884 93.7 97.7 | 90.8
GPLR [5] 893 634 943 973 91.8 | 875
NEL 974 61.6 954 992 99.2 | 90.6 991 955 89.6 90.0 97.8 | 944

Table 4.2: Classification accuracy on PACS with ResNet18. * results are taken from [0]. Legend: A: Art-Painting,
C: Cartoon, P: Photo, and S: Sketch.

Multi-Target UDA Multi-Source UDA
Source P A ~ CPS_ABS ACS ACP] .
Target A ¢ S | P C S & A C P S &
[.NN* | 152 18.1 256 227 197 227 | 207 || DD[143] 8§75 870 966  71.6 | 85.7
ADDA* | 243 20.1 224 325 17.6 189 | 22.6 | SIB[144] 880 89.0 983 822 | 89.6
DSN* 284 21.1 256 295 258 24.6 | 258 || OML[I41] | 874 861 97.1 782 | 872
ITA* 314 230 282 357 27.0 289 | 290 || RABN[I45] | 868 865 980 715 | 857
KD[146] | 246 322 338 356 466 575 | 466 || JiGen[147] | 848 810 979 79.0 | 857
CMSS[142] | 88.6 904 969 820 | 89.5
NEL 80.1 761 259 960 828 498 | 68.4 90.8 895 988 852 | 9Ll
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Table 4.3: Classification accuracy on Visda-C with ResNet101.

Methods plane bcycl bus car horse knife mcycl person plant skate train truck | Avg.
MCD [148] 87.0 609 837 640 889 796 847 76.9 88.6 403 830 258 | 719
GPDA [149] | 83.0 743 804 660 87.6 753 838 73.1 90.1 573 802 379 | 733
SAFN[150] | 93.6 613 84.1 70.6 941 79.0 918 79.6 899 556 89.0 244 | 76.1
DSBN[113] | 947 867 760 720 952 751 879 81.3 91.1 689 883 455 | 802
DADA[115] | 929 742 825 650 909 938 872 74.2 899 715 865 48.7 | 79.8
NEL 945 60.8 923 873 873 932 87.6 91.1 569 834 937 86.6 | 84.2
Table 4.4: Classification accuracy on DomainNet with

ResNet101. For each target, the rest of the domains are con-
sidered as source (multi-source UDA). Legend: C: Clipart, I:
Infograph, P: Painting, Q: Quickdraw, R: Real, and S: Sketch.

Target C 1 P 0 R S Avg.
MM [111] 586 260 523 63 627 495 | 426
OML [141] | 62.8 213 505 154 645 504 | 44.1
CMSS [142] | 64.2 28.0 53.6 160 634 53.8 | 46.5
NEL 68.3 221 547 228 673 57.1 | 48.7




Table 4.5: Classification accuracy on PACS with ResNet18.

Single-Source UDA

Source P P P A A A
Target A C S P C S
NEL 82.6 80.5 323 984 843 56.1 | 724

Avg.

In Tab. 4.3, along with 2 comparable results for Visda-C, the proposed method achieves
superior performance in 6 out of 12 categories that give rise to state-of-the-art average accu-
racy on such a challenging benchmark. Also In Tab. 4.4, except one case, NEL consistently
outperforms existing methods despite the large number of classes and discrepancy across

domains.

4.4.3 Discussion.

In the pseudo-label refinery framework, the single-source and multi-target UDA scenarios
can be considered as the most challenging tasks since the pre-trained source model is op-
timized for one particular data distribution only. Consequently, inferred pseudo-labels are
affected by a relatively higher amount of shift-noise with respect to the multi-source UDA
scenario. Thus, in such cases, NEL requires a bit larger amount of epochs for filtering noise
and, thus, refining pseudo-labels. On the other hand, starting from a better pre-trained source
model in a multi-source UDA scenario, NEL performs better and faster. Moreover, there is no
existing method in the literature that targets all three frameworks (i.e., single-source, multi-
target, and multi-source UDA) at a time. To sum up, NEL outperforms existing methods in
all scenarios, even without using source data, which highlights the general applicability of

the proposed method to cope with challenging tasks of different levels of complexity.

4.5 Summary

In this work, we cast UDA as a pseudo-label refinery problem in the challenging source-
free scenario. We propose Negative Ensemble Learning technique, which takes advantage
of different data augmentation and feedback using Disjoint Residual Labels to diversify the
learning of the ensemble members. Thanks to this new training procedure, we were able to
obtain an extraordinary cleaning of the target data labels. It requires a minimal tuning of
parameters (estimated once and fixed for all the experiments), and can work in single-source,
multi-target, and multi-source scenarios indifferently, unlike the existing methods in the lit-
erature. Results demonstrate the actual goodness of the proposed approach, outperforming

the state-of-the-art average performances in all the challenging public benchmarks.
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Chapter 5

Continual Source-Free Unsupervised Domain
Adaptation

This study is mainly an extension of our previous work that we described in Chapter 4. Pre-
cisely, stage 1 of the newly proposed method (see Fig. 5.2) does not introduce anything dif-
ferent. Thus, reported results related to stage 1 in this chapter (i.e., Pseudo-Label Refinement
(PLR) in reported tables) are similar as well. However, the target sample selection technique
(after stage 1) and the entire stage 2 are the novel contributions of this study. Therefore, in
the following, we briefly recap what we have already discussed in Chapter 4, followed by a

detailed description of newly proposed approaches.

5.1 Introduction

Convolutional Neural Networks (CNNs) trained on a labeled source domain often fail to
generalize well on a related but different target domain due to the well-known domain-shift
problem [108, 5]. Since annotating data from a new domain is expensive and sometimes
even impossible, Unsupervised Domain Adaptation (UDA) methods have been developed to

address the drop in performance exploiting unlabelled target data.

Starting from earliest works, most conventional UDA methods address the adaptation task
by somehow bridging source and target distributions by either enforcing discriminative fea-
tures alignment between domains [109], matching moments [ 1 1], applying domain-specific
batch normalization [113], or adopting domain adversarial learning strategies [115]. How-
ever, these methods require joint access to both labeled source and unlabeled target domains
during adaptation, making them unsuitable for most real-world scenarios, where source data
is inaccessible (e.g., due to data privacy or proprietary reasons). Nevertheless, the perfor-
mance on source often degrades after adaptation to target, even despite the use of source data

during training [151].

Recently, UDA methods started addressing the problem under a more realistic source-
free assumption, i.e., by using the pre-trained source model and unlabeled data from the
target domain only [122, 5, ]. However, due to absolutely no exposure to source data

distribution by any means, these methods naturally undergo catastrophic forgetting, i.e., the

70



Unsupervised Domain
Adaptation (UDA)

Continual
UDA

Figure 5.1: Our proposed CSF-UDA method addresses unsupervised domain adaptation in a
challenging continual learning framework in source-free settings, i.e., it aims at mitigating
catastrophic forgetting without accessing source data.

model optimized for the target experiences a substantial drop in performance if tested back
on the source domain. This is certainly unacceptable in many real-world applications (e.g.,
autonomous driving/navigation). Moreover, in either case, many UDA methods either focus
on the single-source or single-target scenario, regardless of the fact that data may belong to
multiple sources or target distributions, e.g., images obtained in different environments or

from the web, such as sketches, paintings, or photos for instance.

This brings up an interesting question: can we adapt a source model to a target domain
while preserving good performance on the source, yet assuming no access to source data? To
address this challenge, we propose a Continual Source-Free Unsupervised Domain Adapta-

tion (CSF-UDA) pipeline comprising two main stages (See Fig. 5.2).

Stage 1 performs Source-Free UDA, assuming the availability of a model pre-trained on
the source domain to infer pseudo-labels for unlabeled target samples. This results in a signif-
icant amount of incorrect pseudo-labels, which is a consequence of the domain-shift [108, 5].
So, in absence of source data, it appears natural to adapt to the target domain by refining the
inferred pseudo-labels. To this end, we propose an Ensemble Learning method that progres-
sively disentangles samples having noisy pseudo-labesl from the clean ones, by assigning
them higher and lower probability, respectively. Low-probability samples iteratively undergo

a pseudo-label refinement process via reassignment.

Stage 2 consists in an image synthesis process aimed at promoting continual learning,
by preserving performance on source data. We leverage the fact that CNNs are capable of
automatically discovering the rich underlying patterns hidden in the data, such as running

average statistics stored in the Batch-Norm (BN) layers. The idea here is to exploit such
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Figure 5.2: Overview of proposed CSF-UDA pipeline. We assume a pre-trained source
model to infer pseudo-labels for the target set. Stage I refines wrong pseud-labels attaining
source-free UDA, while Stage 2 synthesizes source-style images to avoid catastrophic for-
getting, thus accomplishing continual adaptation. A single final model is trained on refined
target plus synthetic-source images.

rich information to generate class-conditioned source-style images, employing feature dis-
tribution regularizers, and forcing images to produce sharp classification predictions on the
source model. Specifically, we use target images as prior and optimize their statistics and
style such that the transformed version of the generated images resembles source domain
distribution. Eventually, we mix synthetic source and real target images for training a final

model that ensures good performance on both real source and target domains.

With extensive experiments on various benchmarks yielding a wide range of label noise
(e.g., PACS: 4% — DomainNet: 82.4%), we show that a model trained with refined pseudo-
labels outperforms state-of-the-art UDA methods by a considerable margin. Additionally, we
show that the second stage of our proposed pipeline helps alleviating catastrophic forgetting
when the model is tested back on the source domain(s). To summarise, the contributions of

our work can be stated as follows:

* In order to attain source-free UDA, we propose a new, fully-adaptive method that dy-
namically filters out label noise and assigns cleaner pseudo-labels to noisy target sam-
ples. To do so, we introduce a novel ensemble learning method that employs disjoint
feedback.

72



* In order to fulfil continual UDA, we propose a new method that optimizes target im-
ages into high-fidelity class-conditional source images given just a pre-trained source
model. Such synthetic images help preserving good performance on source domain(s)

without the need of actual source samples.

* We validate our method on four well-known benchmarks, demonstrating its superiority
over state-of-the-art UDA methods with a significant margin in single-source, multi-

source and multi-target scenarios, most notably, up to 21.8% better accuracy on PACS.

5.2 Related Work

As mentioned in the introduction, our work lies at the intersection of Source-Free UDA and
Continual Learning (CL), whose related literature is discussed below. Also, we briefly review
existing literature related to Learning with Noisy Labels, which matches our learning scenario
and to Image Synthesis, as synthesized source images constitute a core stage of the proposed

pipeline.

Source-Free UDA. Recent years have seen growing interest in addressing the UDA prob-
lem in realistic source-free settings. A common approach is to leverage a pre-trained source
model for either transferring the fixed source classifier to the target data employing informa-
tion maximization and pseudo-labeling [152], adaptive adversarial network with contrastive
category-wise matching module [153], or updating the target model progressively by gen-
erating target-style samples through conditional generative adversarial networks [5], also
by combining clustering-based regularization [122]. Similarly, to improve performance in
domain-adaptive person re-identification tasks, [123] proposes a pseudo-label cleaning pro-
cess with online refined soft pseudo-labels. Our proposed approach lies in this category
of works, but we differ from previous methods by not requiring: i) a customized network,
i1) generating target-style data using e.g., GAN-based models that require careful hyper-
parameter tuning to reach stability, and iii) specific approaches to tackle single-source, multi-
source, and multi-target UDA differently.

Continual Learning. CL refers to learning by using many diverse data distributions
(tasks) sequentially, while avoiding catastrophic forgetting [154, ]. Some recent works
tackled the continual UDA problem such as, e.g., [156], which introduces a network with
domain-specific alignment layers supporting domain relation graphs, or [157], which pro-
poses domain adversarial learning with sample replay. More recently, [158] uses gradient
regularized contrastive learning with domain memorization constraint, and [159] employs
a meta-learning strategy and domain randomization using heavy image manipulations. De-

spite the fact that these strategies are effective, they all require the access to source data. Also
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related, [160] performs source-free adaptation in different settings, focusing on class incre-
mental single target domain adaptation, assuming one-shot labeled target data per class. [161]
performs continual adaptation but needs two auxiliary binary embedding layers to be specif-
ically trained on source. These are stored and used during adaptation in order to overcome
catastrophic forgetting, and this questions the source-free nature claimed by the method. On
the contrary, we only assume any standard CNN networks pre-trained on the source to be

available.

Learning with Noisy Labels. Deep models are capable of memorizing the full training
data even when labels are noisy [3]. To overcome such overfitting issue, existing methods
try to select a subset of possibly clean labels for training, e.g., using two networks subject to
a co-teaching strategy [128], adopting meta-learning for exemplar weight estimation [129],
applying one-out filtering approach based on local and global consistency [130], or using
Negative Learning (NL) as an indirect learning method [3]. These methods typically address
ideal artificial noise characterized by uniform distributions (Symmetric-Noise), or by mim-
icking certain structure (Asymmetric-Noise) [4]. This is completely different from shift-noise,
as defined in [5], which is caused by the domain shift in UDA (see Sec. 5.3) and represents
a realistic scenario. Our method takes partial inspiration from [3], which indeed fails when
noise is not ideal, also being affected by threshold sensitivity that limits its generalization
capability across benchmarks. In contrast, our proposed method features a fully adaptive
procedure to progressively filter out the challenging shift-noise affecting target pseudo-labels

and refine it through a reassignment process.

Image Synthesis. In the deep learning era, this area refers to the generation of syn-
thetic images, possibly indistinguishable from real ones, and generative adversarial networks
(GAN) are the most popular class of approaches adopted. GAN-inversion is an interesting
research direction, in which an anchor image is used to guide a GAN to generate realistic
images by inverting a pre-trained model [162, ]. Other works focus on network inversion
that enables noise-to-image transformation by back-propagating gradients to the learnable
input images like in, e.g., [164], which introduces “dreaming” new visual features onto im-
ages, while [165] takes this approach a step further to generate more realistic images. Re-
cently, [166] improved synthesis quality by using a regularizer based on feature matching,
and demonstrated its utility for data-free knowledge distillation. In the context of Domain
Generalization, [167] optimizes images in the pixels space to produce augmentations, ex-
tending the working domain of the classifier to unseen data distributions. On the contrary,
we optimize target images in order to produce sharp activation in the source model’s pre-
diction, i.e., we alter them (via back-propagation in the pixel space), until they trigger good

predictions in the original source model.
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5.3 Method

Our method comprises two main stages (refer to Fig. 5.2). After inferring pseudo-labels
for the target samples using the source model, Stage 1 is devoted to refine the so called shift-
noise [5] (affecting target samples) resulting in cleaner pseudo-labels. The proposed strategy,
detailed in section 5.3.1, is sufficient to obtain state-of-the-art performance on the target set
in the source-free setting, yet nothing prevents catastrophic forgetting. For this reason, the
target set with refined pseudo-labels is exploited in Stage 2 as a prior to synthesize source-
style images which can “anchor” the model to its original performance on the source set, as

detailed in section 5.3.2.

Preliminaries. The goal of UDA is to adapt a model pre-trained on a labelled source do-
N,

j=1
which share the same label set, i.e., Vs = )V;. We assume D is never available in a realistic

main D, = {(z%,y!)}*, on a different, yet related, unlabeled target domain D; = {]}

source-free scenario, while of course a pre-trained source model fs(-) is at our disposal. This

can be used to infer pseudo-labels P = {3’ }jV:tl for the target domain:
7/ = argmax fg(a:g), j=1.N; (5.1)

Clearly, a severe noise affects P: a significant amount of pseudo-labels is wrong due to
domain shift. The following section discusses how our method progressively filters such
noise and subsequently obtains a cleaner set P, which in turn translates into better accuracy

on the target set.

5.3.1 Pseudo-label refinement for Source-Free UDA

Naively training a target model with cross-entropy given P as supervisory signal (ground-
truth) eventually results in the overfitting noisy samples. In our settings, in case of wrong
pseudo-labels ¢/ # yg (yg are inaccessible target labels), the model would undeniably try
to maximize the probability of a sample belonging to the wrong class. Methods based on
negative feedback, such as Negative Learning (NL) [3], try to alleviate such overfitting by
reducing the probability of providing wrong information from noisy labels. Specifically, for
a given sample scg instead of using its given pseudo-label §/, NL employs a complementary
label 4’ (randomly selected from {1,...,C}\{#}) as a supervisory signal and trains the

model to minimize the probability of cci belonging to 4. The loss function is defined as:

C
Lni(Dy) = —Egyop, Z 1(e—y log(1 — p°) (5.2)

c=1
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where 1 is an indicator function, p = {p',... ,pc} = o(fi(x)), and fi(-) is the target
model being trained. Since in the case §/ # y], the chances of selecting exactly y; as
a complementary label are only m, the loss of Eq. 5.2 reduces the risk of providing
incorrect feedback to f;(-). Consequently, samples carrying clean ¢ attains higher confidence
as complementary labels are pushed towards zero. On the contrary, samples carrying noisy y
struggles with scarcely confident, providing a criterion for distinguishing them, as shown in
Fig. 4.2a.

Nevertheless, naively applying Eq. 5.2 cannot tackle UDA, as we show in Fig. 4.2b: while
noisy samples are clearly assigned a low confidence in case of symmetric-noise, they are
over-fitted in the case of shift-noise. Note that overfitting is not to be ascribed to the amount
of noise, which was carefully balanced, but rather to its extremely biased distribution (more

details in supp. mat.).

The first strategy we put forward to mitigate such limitations leverages Ensemble Learn-
ing, which denotes the technique of concurrently training multiple networks and averaging
their output. We discovered that the loss defined in Eq. 5.2 delivers its best when we further
distribute the probability of providing wrong feedback across the ensemble members. This is
done by training them independently, with disjoint subsets of complementary labels. In case
of wrong pseudo-label g, the correct label y; is wrongly provided as one of the complemen-
tary labels to only one member, while the others always learn from clean information. More

in detail, we introduce the novel idea of Disjoint Residual Labels (DRL) and the loss:

Lprr(Dy) = —Egpup, NDRL Z Liceprrjlog(l — p°) (5.3)

which is used to train each member independently. The predictions of the members are then

late-fused via

P = N Z Z o (5.4)

k=11=1

where f* are the N, members and we use a moving average of N, previous outputs (N, = 10

for all the experiments).

Online Adaptive Pseudo-Labelling. The Ensemble learning strategy using DRL aims
at obtaining the ideal situation depicted in Fig. 4.2a, where noisy pseudo-labels can be ef-
ficiently separated and re-assigned. We found that if the pseudo-label assignment is not
progressively executed during training, many noisy samples attain high confidence, which
leads to a sub-optimal performance on target (more details in supp. mat.). This drove us

towards devising a more sophisticated procedure.
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Let us define p as the confidence of the pseudo-label y (namely the entry of the proba-
bility vector p, corresponding to ). We define the target samples carrying p > « as High
Confidence Samples (HCS) which enable us to define the ratio of HCS over the total number

of samples as:

_ Nucs
N,

(5.5)

Note that once « is fixed, v depends on the current generalization capability of the en-
semble network providing us with an adaptive filtering criterion. The pseudo-label of each

sample ac{ is then updated according to the following rule:

{argmax(pg), if 7 < vj (5.6)

Un—_1 otherwise

where n denotes the epoch. As shown in Fig. 4.3a and 4.3b, with the growing number of
epochs, noisy samples remain towards low confidence regime and clean samples obtain high
confidence progressively. In Fig. 4.3b, the ratio of HCS (with o = 0.9) gives v ~ 0.15 that
corresponds to a confidence region [0, y] = [0, 0.15] in which the noisy samples are prevalent,
hence they are the best candidates to be subjected to label reassignment. Consequently,
pseudo-label refinement is achieved progressively during training in an adaptive manner (see
Fig. 4.3c and 4.3d, where the total noise is progressively reduced). Correlation between
the adaptiveness of  threshold and progressive noise reduction achieved during training for

various amount of noise is discussed in Appendix.

5.3.2 Image Synthesis for Continual Adaptation

As aresult of Stage 1, a refined pseudo-label is associated to each target sample. Note that, at
this point, some noise still remains in pseudo-labels, i.e., some of them still do not correspond
to the correct ground-truth target label. Since we need to generate class-conditioned source-
style images, by leveraging the source model together with (m{ , g{ ) as a prior, we feed Stage
2 with only a subset of the target set which most likely guarantees less noise. More in detail,

we compute prediction uncertainty of the target samples quantified by self-entropy [168] as:

H(zy) = =) plar)log(p(x)), (5.7

where smaller entropy indicates more confident prediction (more details in supp. mat.).
Based on this, we sort the target samples in ascending order and select only the first Ny,

samples from each class. These selected target samples are then optimized by minimizing
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(Generated Images Using Noise) (Real Images)

Figure 5.3: Image Synthesis (PACS dataset): Source style images (right) are optimized from
target images with refined pseudo-labels (center). we also provide an example of images
synthesized from random noise (left). CPS exemplifies a multi-source case. Legend: A: Art-
Painting, C: Cartoon, P: Photo, and S: Sketch.

the cross-entropy loss for the original source model and two feature distribution regulariza-
tion terms. Note that here the source model (the only available information we have about
the source domain) is kept frozen while we optimize pseudo-labeled target samples (ccg , gj{ )
in the pixel space:

€ —x— Vo L(fs(x),]), 0= (5.8)

ﬁ(fs(m)v Zj) :BCE((fs(m))v ﬂ)“‘
ArvRrv(x) + ApnRpn(x),

RTV(SL') = z((mu,v—H - $uv)2 + (wu—i-l,v - wuv)Q) )

U,

Ry = > || (@) = || + || o (@) = 67) |2,
l?.j

(5.9

N|=

Here ¢cg(+) is the cross-entropy loss, f; is the frozen source model, Ay and Apy are scalar

weights.

‘Rrv is a regularizer that penalizes the Total Variation norm approximated as finite pixel
difference (u, v are pixel indexes)[169]: it provides more stable convergence and encourages

a to consist of piece-wise uniform patches.
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‘R pn enforces batch-wise (j is the batch index) feature statistics similarities at all layers
[, exploiting the BatchNorm running average parameters (1, o) stored in the source models,

which implicitly capture the channel-wise means and variances of the original source images

[166].

In principle, images can be generated by optimizing random noise [166]. But we verified
that starting from the actual target images guarantees higher fidelity, realism, and most of
all diversity in generated synthetic images (see Fig. 5.3). We also found that just a hand-
ful of synthetic source-style samples generated by our proposed method effectively helps in

preserving source performance.

Final Model. We initialize the weights of the final trainable model with the source model.
Subsequently, the weights of fully-connected (FC) layers are frozen while feature-extractor
(FE) remains trainable. We train the final model with standard cross-entropy loss using both
real target and synthetic source-style images together with corresponding refined pseudo-
labels. Freezing FC layers not only help FE to learn the representation of synthetic source
images most likely to be identical to the real source domain but also forces the target domain

to get aligned with the source.

5.4 Experiments

For the image classification task, we evaluate performance of our method via extensive ex-
periments on major UDA benchmarks including, Digit5 (MNIST [131], SVHN [132], USPS
[133], MNIST-M [134], and Synthetic-Digits [134]), PACS [135], VisDA-C [136], and Do-

mainNet [111].

For single-source and multi-target UDA, we consider one pre-trained source model to
adapt on every target domain. For multi-source UDA, one domain is selected as the target
domain while the source model is assumed to be pre-trained on rest of the (aggregated) source
domains. As there are two stages in the proposed pipeline, we discuss adopted settings for

each stage separately in the following sections.

5.4.1 Source-Free UDA

For stage 1, we use an ensemble network comprising 3 members, o = 0.9, batch-size = 32,
Adam as an optimizer with a weight-decay = 5e~*, and learning rate of le~* and 1le~®
for fully-connected layers and feature extractor, respectively. After ablating such parameters
for the SVHN—MNIST case, we kept them fixed for all the other benchmarks. The detailed

ablation is available in the Appendix.
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We accomplish Source-Free UDA with Stage 1 alone: the outcome is called pseudo-
label refinement (PLR).The obtained percentage of pseudo-labels correctly refined in Stage
1, in fact corresponds to the accuracy of our method on target domain. However, for a fair
comparison with other methods, we use output of the Stage 2 (refined pseudo-labels) to train
a single model for 200 epochs; the outcome is called SF-UDA. For all datasets, backbones
are the standard ones employed in previous UDA literature.

Digit5 refers to a set of five digit benchmarks. Following [111], we sample a subset of
25000 images from the training and 9000 images from the testing set for MNIST, MINST-
M, SVHN, and Synthetic-Digits. USPS contains a total of 9298 images, so we use standard
train-test splits. We resize images to 32 X 32 and a naive 3-layer CNN is used as ensemble
member. For single-source & multi-source UDA, label refinement takes 750 and 300 epochs,

respectively.

PACS contains 4 domains, namely (Art-Painting, Cartoon, Photo, and Sketch). There
are only 9991 images of 227 x 227 resolution from 7 object categories that accommodates a
large domain shift due to the different image style depictions. We use ResNet-18 as ensemble
members For single-source, multi-target and multi-source UDA, label refinement takes 200,

200 and 100 epochs, respectively.

Visda-C is a challenging large-scale benchmark attempting to bridge the significant synthetic-
to-real domain gap across 12 object categories. We follow standard protocol in which the
source domain contains 152K synthetic images. We use images of 256 x 256 resolution and

use ResNet-101 as ensemble members. Label refinement takes 150 epochs.

DomainNet is by far the largest UDA benchmark with 6 domains, 600K images and 345
categories. We use images of 256 x 256 resolution and use ResNet-101 as ensemble members.
It was mainly developed for multi-source UDA task for which our proposed label refinement
takes 100 epochs for Infogragh and Quickdraw domain, while 40 epoch were enough for the

rest.

5.4.2 CSF-UDA with Synthetic Source-Style Images

We now examine the effectiveness of stage 2 i.e., the usefulness of synthesized images in
preserving good performance on the real source domain. Note that in stage 2, we have access
to the pre-trained source model and the target images with associated refined pseudo-labels
(output of stage 1) only. For single-source and multi-source continual source-free UDA, we
synthesis a relevant source for each target. For multi-target case, one synthesized source is

enough for all related targets.

80



Table 5.1: Classification accuracy on PACS with ResNetl8.
Legends: Sc: Source (Real), Tg: Target (Real), SynSc: Syn-
thetic Source (Generated), SF-UDA: Output of Stage 1 (Source-
Free UDA), CSF-UDA: Output of Stage 2 (Continual Source-Free
UDA), A: Art-Painting, C: Cartoon, P: Photo, and S: Sketch.

Single-Source CSF-UDA (PACS dataset)
Train Sc Tg Tg+SynSc Tg+Sc
Test Tg Tg Sc Tg Sc Tg Sc
Sc | Tg SF-UDA CSF-UDA Baseline
C | 581|843 630|845 810 |98.6 981
A | P |96.0]|984 0625|980 759|995 987
S | 439 | 562 179|557 655|964 986
A | 673 |8.0 619|885 785|980 982
C| P |856|972 212|964 704 |989 989
S | 606 | 77.6 469|773 712 |96.6 988
A | 609|826 879|831 920|981 99.1
P | C|248 805 682|806 908 |99.1 995
S | 265|323 134|332 909|962 982
A | 181|676 426|672 747|978 96.7
S| C|326 838 528|839 723|990 951
P | 243|771 179 | 770 72.6 | 99.6 96.7
Avg 499 | 772 46.3 | 77.1 780 | 98.1 98.0

In all experiments related to image synthesis, we synthesize 32 images per class—all
together as one batch. The batch is initialized with real target samples carrying lowest self-
entropy according to Eq. 5.7. We use Adam with a learning rate of 1le — 1 (with cosine
annealing schedule) for images optimization. We set A7y = le — 4, Apy = le — 2, and
batch receives 10K updates. Sample images are provided in Fig. 5.3. The detailed ablation
study is available in the Appendix.

5.4.3 Results

The reported results in Tab. 5.1-5.5 present average accuracy of 3 runs. To the best of our
knowledge, we are the first to report single-source UDA results on PACS. So, in Tab. 5.1,
we report results for all the possible pairs. Also, we report upper-bound performance (Base-
line), however, we skip this information in rest of the tables as the numbers are often in
saturation. In Tab. 5.2-5.5, the Sc—Tg row reports the amount of correct target pseudo-labels
acquired using the frozen source model. The PLR row indicates the amount of correctly re-
fined pseudo-labels (output of stage 1). We also report the performance loss on source due
to source-free UDA (SF-UDA (Sc)) as well as the effectiveness of our method (CSF-UDA

(Sc)) in retrieving the performance on source.
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Table 5.2: Classification accuracy on DomainNet with ResNetl101.
Legend: C: Clipart, I: Infograph, P: Painting, Q: Quickdraw, R: Real,

and S: Sketch.

Multi-Source UDA
Tg C 1 P 0 R S Avg.
MM [111] 586 260 523 63 627 495 | 426
OML [141] 62.8 213 505 154 645 504 | 44.1
CMSS [142] 642 280 536 160 634 538 | 465
Sc—Tg 685 236 535 176 659 552 | 474
PLR (Tg) 71.1 281 595 21.6 704 613 | 52.0
SF-UDA (Tg) 708 272 581 241 69.5 60.1 | 51.6
SF-UDA (Sc) 29.6 30.7 353 79 351 367 | 292
CSF-UDA (Tg) | 714 265 571 242 679 59.0 | 51.0
CSF-UDA (Sc) | 64.5 67.0 633 558 59.9 652 | 62.6

Table 5.3: Classification accuracy on Visda-C with ResNet101.

Methods plane bcycl bus car horse knife mcycl person plant skate train truck | Avg.
Inferred 64.2 63 752 21.7 559 957 228 1.4 79.8 0.7 828 19.8 | 463
GPDA [149] 83.0 743 804 660 87.6 753 83.8 73.1 90.1 573 802 379 | 733
DADA [115] 929 742 825 650 909 938 872 74.2 89.9 71.5 865 48.7 | 79.8
SHOT [152] 943 88,5 80.1 573 931 949  80.7 80.3 915 89.1 863 582 | 829
A2Net [153] 94.0 87.8 856 668 937 951 85.8 81.2 91.6 882 865 56.0 | 843
c—Tg 64.2 63 752 217 559 957 228 1.4 79.8 0.7 828 19.8 | 463
PLR (Tg) 95.2 648 908 89.7 874 937 915 88.5 564 829 971 938 | 85.1
SF-UDA (Tg) 948 68.1 895 881 865 904 874 89.0 532 815 969 93.0 | 84.8
SF-UDA (Sc) 45.2 185 559 527 548 443 125 41.4 24.6 351 402 51.2 | 39.7
CSF-UDA (Tg) | 949 673 892 878 861 900 86.6 88.7 53.1 809 965 94.6 | 84.6
CSF-UDA (Sc) | 47.6 214 582 543 611 49.5 279 41.9 44.8 36.2 431 554 | 45.1




€8

Table 5.4: Classification accuracy on Digit5 with a naive 3-layer CNN. Legend: T: MNIST, S: SVHN, U: USPS, M: MNIST-M, and
D: Synthetic-Digits.

Single-Source UDA Multi-Source UDA
MS, TS, TM, TM, TM,

S¢ rr 1t 5 Ul DU DU DU SU SD | Avg
Tg U S M T T T M S D U

SBA [139] 97.1 509 984 742 87.5 | 81.6 || DCTN [138] - 709 71.5 - - -
MALT [140] | 97.0 787 714 987 20.7 | 73.3 || MM [I111] 984 728 813 89.5 96.1 | 87.6
MTDA [6] 942 520 855 846 915 | 81.5 || OML[14]] 98.7 717 848 91.1 97.8 | 88.8
GPLR [5] 893 634 943 973 91.8 | 87.5 || CMSS [142] 99.0 753 884 93.7 97.7 | 90.8
Sc—Tg 863 347 638 67.0 70.2 | 644 || Sc—>Tg 98.6 69.1 520 403 887 | 69.8
PLR (Tg) 99.1 62.0 97.5 992 99.2 | 914 || PLR (Tg) 98.8 942 84.6 87.8 98.6 | 92.8
SF-UDA (Tg) | 974 61.6 954 992 99.2 | 90.6 || SF-UDA (Tg) | 99.1 955 89.6 900 97.8 | 944

Table 5.5: Classification accuracy on PACS with ResNetl8. * results are taken from [6]. Legend: A: Art-Painting, C: Cartoon, P:
Photo, and S: Sketch.

Multi-Target UDA Multi-Source UDA

Sc P A Ave. Sc CPS APFS ACS ACP Ave.
Tg A C S P C S Tg A C P S

ADDA* 243 20.1 224 325 17.6 189 | 22.6 || SIB[144] 889 89.0 983 822 | 89.6
DSN* 284 21.1 256 295 258 24.6 | 258 || OML [141] 874  86.1 97.1 782 | 87.2
ITA* 314 23.0 282 357 27.0 289 | 29.0 || RABN [145] 86.8 86.5 98.0 71.5 | 85.7
KD [146] 246 322 338 356 46.6 57.5 | 46.6 || JiGen [147] 84.8 81.0 979 79.0 | 85.7
Sc—Tg 37.7 57.9 47.8 || Sc—Tg 784 779 953 64.5 | 79.0
PLR (Tg) 57.3 73.8 65.6 || PLR (Tg) 893 872 98.1 83.2 | 895
SF-UDA (Tg) 80.1 76.1 259 96.0 82.8 49.8 | 68.4 || SF-UDA (Tg) 90.8 89.5 98.8 85.2 | 91.1
SF-UDA (Sc) 56.5 47.8 52.2 || SF-UDA (Sc) 69.1 622 341 35.5 | 50.2
CSF-UDA (Tg) | 799 771 251 956 832 476 | 68.1 || CSF-UDA (Tg) | 89.5 884 97.6 84.6 | 90.0
CSF-UDA (Sc) 91.2 74.1 82.7 || CSF-UDA (Sc) | 81.9 785  68.9 66.1 | 73.8




In Tab. 5.2, with comparable performance in one case, CSF-UDA consistently outper-
forms existing methods despite the large number of classes and discrepancy across domains.
Also in Tab. 5.3, the proposed method achieves state-of-the-art average accuracy on such a
challenging benchmark. In Tab. 5.4 (left), we compare our method with the existing methods
which address the challenging MNIST—SVHN and MNIST—MNIST-M tasks in a single-
source UDA framework. In both cases, the source contains gray-scale images, and the target
holds colored (RGB) images, carrying a massive distribution gap across domains for which
our method achieves third and second-best performance, respectively. Nevertheless, by out-
performing in 3 out of 5 cases, our method achieves state-of-the-art average accuracy. For
multi-source UDA task in Tab. 5.4 (right), the performance of proposed method is slightly
affected while adapting to Synthetic-Digits benchmark. In the remaining 4 out of 5 cases, our
method outperforms existing methods and achieves state-of-the-art average accuracy. Espe-
cially, the difference is substantial in the case of MNIST-M.

In Tab. 5.5 (left), we compare our method with the existing approaches addressing multi-
target UDA on PACS. As can be noticed, with comparable performance in 2 cases, our
method achieves superior average accuracy. For multi-source UDA, we compare recent
works in Tab. 5.5 (right). Also in this framework, our method consistently outperforms

existing methods, with only in one case getting lower, yet comparable, accuracy.

5.4.4 Discussion of Limitations

The proposed method is unquestionably limited for what concerns Stage 2 for small networks
where BatchNorm (BN) layers are not prevalent. More in detail, we could not generate good
source style images using standard source backbones (i.e., a naive 3-layer CNN) for Digits5,
while we verified that a deeper architecture with more BN layers (e.g., ResNet18) could
easily accomplish the task. However, we kept to the standard backbone CNN in order to be

fair to previous methods. More details to be followed in Appendix.

5.5 Summary

This work proposes Continual Source-Free Unsupervised Domain Adaptation as a realistic
adaptation scenario where source samples are not available, but the performance is to be
preserved on the source domain. Our method is composed of two stages, a Source-Free UDA
technique based on pseudo-label refinement, and a procedure for synthesizing source-style
images to avoid catastrophic forgetting. The proposed pipeline effectively solves the task by
only assuming a pre-trained source model. We empirically demonstrate that our proposed

method achieves state-of-the-art performance on major UDA benchmarks.
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5.6 Appendix

5.6.1 Performance Analysis of Negative Learning Against Different Noise Dis-
tributions

As discussed in the main text, Negative Learning (NL) is an indirect learning method in which
a model is optimized to produce low confidence to a randomly chosen complementary label
for the given input image. Such a method offers better performance in the case of a noisy
label set. Nevertheless, the applicability of a naively applied NL method [3] is mostly limited
to noise showing uniform distribution (Symmetric-Noise). To better highlight such limitation,
figure 5.4 shows the confusion matrix for the initial noise along with the histograms of the

noisy and clean sample’s confidence distribution obtained after training.

As shown in Fig. 5.4a, when labels are initially affected by Symmetric-Noise, noisy sam-
ples are classified with low confidence whereas the clean samples are leaned to high con-
fidence. Consequently, effective noise separation is achieved by NL. For the Asymmetric-
Noise, mimicking some of the structures of real errors [4] i.e., for MNIST, mapping 2—7,
3—8, 7—1, and 5++6, existing NL method’s effectiveness degrades considerably. As can be
seen in Fig. 5.4b, noisy samples are overfitted with quite high confidence (even higher than
50%). Yet, sub-optimal separation still exists if we consider samples carrying confidence
higher than 90% only (though this is not generalizable for other benchmarks where all clean

samples do not carry such high confidence).

Nevertheless, noisy samples are overfitted with very high confidence when shift-noise
associated with inferred pseudo-labels [5] is considered (Fig. 5.4c). This happens because,
in the shift-noise, inferred labels are affected by a noise skewed towards some of the classes
e.g., class 3 and 4 in Fig. 5.4c). So, instead of struggling with low confidence (the central
idea of NL), noisy samples obtain higher confidence in relation to skewed (noisy) classes.
Consequently, subsequent Positive Learning achieves sub-optimal performance with such

noise distribution in the UDA framework.

Please note that in all cases, the amount of noise is same i.e., 32.97%, similar to the
amount of shift-noise observed in the case of SVHN — MNIST UDA task.

5.6.2 Online Adaptive Pseudo-Label Refinement

The proposed noise filtering approach based on Ensemble Learning using Disjoint Resid-
ual Labels is capable of disentangling noisy samples (affected by shift-noise) from the clean
ones. However, a naive two-step approach i.e., filtering noise followed by pseudo-label re-

finement (using a model trained on only high confidence samples) results in sub-optimal
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Figure 5.4: Noise filtering capability of the existing Negative Learning method [3] over var-
ious noise distributions. Column (a) Symmetric Noise, column (b) Asymmetric artificial
noise [4], column (c) Shift noise [5]. First row: the confusion matrix shows how the noise is
distributed in the beginning. Second row: confidence prediction for the noisy samples after
training with NL. Third row: confidence prediction for the clean samples after training with
NL. The amount of initial noise is same in magnitude (i,e., 32.97%) for all the cases.

performance as some noisy samples unavoidably attain higher confidence if they remain a
part of training. On the contrary, superior performance is achieved when adaptively filtered
noisy samples are progressively refined using the proposed online pseudo-label refinement
approach (see Fig. 5.5).

In Fig. 4.4, the profiles related to the right y-axis (dashed lines) show the capability of the
proposed threshold v to adapt to different single-source UDA cases, while the profiles related
to the left y-axis show the corresponding noise reduction achieved by Stage 1—our proposed
Pseudo-Label Refinement (PLR) method. In particular, it is worth noting that no pseudo-
label refinement is applied during the first few epochs until the ensemble gets a mature state
of generalization capability. As the ensemble members get more and more confident in the
clean examples, label reassignment becomes more rigorous preventing the network to overfit

to noisy samples.
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Figure 5.5: Performance comparison between Tio-Step and Online pseudo-label refinement consid-
ering SVHN — MNIST UDA task.

5.6.3 Ablation Study for Source-Free UDA

We ablate the design choices on the SVHN—MNIST adaptation task. It is important to note
that the parameters estimated here are then used in all subsequent experiments, demonstrating

the little sensitivity of the proposed method to such coefficients.

The adaptive property of the proposed is a function of . We consider N, = 1 (i.e., no
ensemble) to ablate the different values of a.. Fig. 4.6a shows that o = 0.90 results in the
highest noise reduction, whereas = 0.50 is the least effective. These findings make sense,
since with o = 0.50, the reassignment would start too early (i.e., as soon as some example
has confidence greater than 0.5, since -y is always zero beforehand), when the network is not
yet "ready"” for it. Instead, with o = 0.90, reassignment will start only when some samples
have very high confidence. From that moment on, -y starts adapting, so that the more the
samples with high confidence, the more permissive the threshold v will be. The why reason
a = 0.95 slightly under-performs is to be ascribed to the fact that a relatively higher number

of noisy samples are overfitted by the model before they could be reassigned.

Fixing a = 0.9, we then ablate on the different number of members N, in ensemble
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Figure 5.6: Self-Entropy of target samples corresponding to their clean/noisy refined pseudo-labels.
As can be noticed, samples with low self entropy usually carry clean pseudo labels.

network. The results shown in Fig. 4.6¢ exhibit that a faster noise reduction is achieved with
higher number of ensemble members; N, = 3 can be regarded as the optimal choice con-
sidering performance vs. computational cost trade-off. Such improvement is a consequence
of the strong consensus obtained from the ensemble network since N, — 1 members al-
ways receive noiseless feedback, while only one member may be partially affected by wrong
pseudo-labels. Further, results in Fig. 4.6d shows the ineffectiveness of using same comple-
mentary labels for all members (tough still randomly chosen). We show that using Disjoint

Residual labels gives its best when combined with different data augmentations.

5.6.4 Target Samples Selection and Ablation Study For Image Synthesis

As shown in Fig. 5.3 (left), optimizing random noise into synthetic images lead to a distri-
bution far different from natural (or original training) images. We empirically observe that a
model trained on such synthetic images leads to unsatisfactory classification performance on

the real source domain and thus do not help in preserving performance on the source.

On the contrary, we discovered that optimizing the target-images into synthetic images
leads to a distribution identical to the real source domain. However, to preserve essential
semantic information, chosen target-images should carry correct labels, i.e., correctly refined
pseudo labels form stage 1 of our pipeline. For this reason we compute prediction uncer-
tainty of the target samples quantified by self-entropy where smaller entropy indicates more
confident prediction (see Fig. 5.6). We sort the target samples in ascending order and select
only the first NV}, samples from each class to generate class-conditioned source-style images.
Fig. 5.3 (right) shows the higher fidelity, realism, and most of all diversity in synthesized

images obtained using our approach.

88



Generated Images Input Generated Images
(Source Model: 3-Layer CNN) (Target Images) (Source Model: ResNet18)

Figure 5.7: Generated synthetic source-style (MNIST) images using source-model as naive 3-layer
CNN (left) and ResNet18 (right) starting from target images (SVHN).

Based on qualitative analysis of synthesized images for source domain photo, starting
with target images from domain sketch, we found that Ary > le — 4 introduces unreal-
istic patches while A7y < le — 4 results insufficient contrast in synthesized images. The
optimization gets unstable as we increase Apy > le — 2 while decreasing Apy < le — 2
prolongs the optimization process more than 10K updates are required. Therefore, for all
the experiments, we set Ay = le — 4 and Agy = le — 2 which require each batch to be

optimized for 10K iterations.

5.6.5 Limitation of Image Synthesis with Small-Scale Models

While synthesizing source-style images, we leverage the fact that CNNSs store rich data statis-
tics in Batch-Norm (BN) layers. This is exploited by means of a feature distribution regular-
izer which is heavily dependent on the information stored in the pre-trained source model’s
BN layers and helps in generating realistic class-conditioned source-style images. However,
if a model is too simple or holds few BN layers (e.g only 3 BN layers in the naive CNN used
for digit5 benchmarks), our method struggles in generating good quality source-style images
(see Fig. 5.7 (left)). Nevertheless, it is to be noted that such images do minimize the classifi-

cation loss for the target model i.e., they are well classified despite their bad appearance.

To verify this, we train ResNet18 on MNIST (using similar image resolution of 32 x 32)
as the source model and use it to optimize target images (SVHN). As can be noticed in
Fig. 5.7 (right), synthesized images contain vital semantic information that we found handy
in preserving good performance on source. Especially, it is worth noticing that despite the
input target images carry varying colours and clutter, the synthesized output images contain
crisp semantic details in black and white style. However, in order to be fair to previous
methods, we kept our evaluation to the standard backbone CNN (3-layer) and reported it
as limitation i.e., our method does not synthesize good quality images employing a naive

small-scale model.
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Chapter 6

Conclusions

In this dissertation, we investigated the applicability of collaborative learning toward ad-
dressing heterogeneous computer vision problems such as model compression, action recog-
nition, source-free unsupervised domain adaptation, and catastrophic forgetting associated
with domain adaptation. From another perspective, our study is framed around the concept
of machines-teaching machines. In proposed methods, either we employ privileged informa-
tion, i.e., having access to more knowledge from the teacher network for training than for
testing, or we employ ensemble learning where models help each other to collaboratively

attain better generalization.

Understanding the relationship between modalities and leveraging the complementarity
of information is critical to address challenging real-world problems. With the proposed
methods, we have shown that collaborative learning is a promising framework for devel-
oping better models. However, this dissertation focused on fully-supervised methods for
model compression and action recognition. The future of feature learning is now moving
towards a self-supervised framework, so there is an exciting opportunity to employ collabo-
rative learning in such a realistic framework. Nevertheless, our later two studies already lie
in the challenging unsupervised learning framework for the image classification task, which

can be extended to video classification as well.

We hope this dissertation is a step forward in the direction of collaborative learning, and

we would like to encourage the development of more methods in this field.
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