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Abstract

This thesis studies, through the prism of image classification, the in-

fluence of the input data on learning deep representations. Indeed, data

is abundant but also multifaceted: samples might come from a single or

multiple domains, or they can also be more or less labelled. We show in

this thesis that methods to learn deep network representations should be

designed according to the type of input data at hand.

Our work covers different training data configurations. We start with

the multiple visual domains setting. We tackle this challenge by modifying

the network architecture with residual adapters, domain specific modules

which lead to a high degree of parameter sharing across domains with

better transfer learning performance than standard fine-tuning.

Second, we consider the settings where a part of the data is unlabelled.

This thesis spans different levels of supervision but, in all cases, we pro-

mote the systematic use of self-supervision pre-training. First, we consider

the semi-supervised setting with few labels per class for which we propose

an alternating optimisation scheme to avoid overfitting the scarse labelled

data. We then learn to discover new classes given some known classes

by proposing a two-headed network which jointly learns to cluster the

unlabelled data and to classify both the labelled and unlabelled samples.

To this end, we propose a clustering loss which learns to connect pairs of

samples based on their similarity at the feature level. We show that this

loss, proposed for novel class discovery, can also be used to perform deep

clustering by choosing a nearest neighbours based similarity.

From another perspective, we look at the influence of the data on the

deep representations through the lens of saliency. To interpret which

parts of the image contribute the most to the data representation, we

introduce a unifying saliency framework based on the learning mechanism

of convolutional neural networks. This framework can then be used to

derive new or existing backpropagation based saliency methods.
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Chapter 1

Introduction

1.1 Motivation

Since the advent of the deep learning era in computer vision [26, 83], representation

learning moved from handcrafted approaches like SIFT [93] to using Convolutional

Neural Networks (CNNs) [87] which provide representations optimised in an end-to-

end manner for a target loss. After their initial success on image classification, deep

neural networks have been successfully applied to a wide range of visual tasks such

as semantic segmentation [90] or object detection [58] but also to other fields like

audio [33] and text [144]. However, even for the standard image classification task,

a CNN performance on the target test set will heavily depend on the input training

data. Indeed, the test accuracy will depend on the number of labelled samples [9] as

well as the quantity of extra unlabelled data [111]. Furthermore, a CNN will perform

well only on the visual domain it has been trained on [15]. How does this variety of

input data impact the design of deep representation methods?

In this thesis we propose to study this question through the prism of image clas-

sification in four data settings: (1) fully labelled data coming from diverse visual

domains, (2) one visual domain but few labels per class, (3) novel class discovery

given some known classes and (4) deep clustering with no training labels at all. These

diverse input data configurations illustrated in Figure 1.1 correspond to real-life ap-

plications. In fact, data is abundant but might come from multiple sources and its

annotation is a tedious and costly process, which might require labelling millions of

images like for ImageNet [122] or expert knowledge like for medical datasets [77].

Next, to analyse the influence of the training data on the CNN representation from

a different perspective, we also explore which spatial parts of the images contribute

the most to the network representation. For this purpose, we introduce a principled
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(b) Semi-supervised

Unknown classesKnown classes

Known Dogs ?

(c) Class discovery

Unlabelled samples
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Figure 1.1: Input data configurations used in this thesis. We cover diverse
settings such as (a) multiple visual domains (chapters 3-4) or (b)(c)(d) different levels
of supervision with the red frames indicating unlabelled data. We tackle: (b) semi-
supervised learning with few labels per class (chapter 5), (c) novel class discovery
given some known classes (chapter 6) and (d) deep clustering with no training labels
(chapter 7).

framework based on the gradients of the weights to derive existing and new backprop-

agation saliency methods. The common objective of this thesis is to provide tools

and techniques to both design representation learning methods according to the type

of input data at hand and understand in which way the input data contributes to the

network representation.

In this thesis we restrict ourselves to the image classification task but some of our

proposed methods could also be transposed to other tasks like detection, or other

modalities like text and speech. We organise this manuscript as follows. First, we

introduce in Chapters 3 and 4 adaptive modules termed residual adapters which lead

to a high degree of parameter sharing between visual domains. We then explore

different levels of supervision: semi-supervised learning with few labels per class in

Chapter 5, novel class discovery given some known classes in Chapter 6 and deep

clustering with no training labels in Chapter 7. Finally, by reformulating saliency

as the spatial contribution to the gradient of the network weights, we provide in

Chapter 8 an interpretability tool to analyse which parts of the input image contribute

the most to the data representation at the different stages of the network.
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1.2 Thesis outline and contributions

In this section we present the contributions introduced in this thesis as well as the

motivations behind them and the chapters to which they correspond.

1.2.1 Visual Decathlon Challenge

We start this thesis by studying the problem of image classification on multiple visual

domains. To evaluate methods in this setting, we introduce in Chapter 3 a benchmark

termed Visual Decathlon. The desired benchmark evaluation should indicate whether

the tested model performs well on all of the considered visual domains. Thus, inspired

by the scoring system of decathlon, we propose, on each dataset, to both normalise

the score and enforce a minimum accuracy threshold to avoid domain sacrificing. To

cover a wide range of visual domains, we select 10 classification datasets which vary in

size (one large, five medium, four small) and in style (natural images, textures, digits,

characters or videos encoded as dynamic images). Examples of the ten datasets can

be seen in Figure 1.2.

Figure 1.2: Visual Decathlon. We evaluate the classification performance of a sin-
gle model on ten visual domains. We use the following datasets: (a) Aircraft [97], (b)
CIFAR-100 [82], (c) Daimler Pedestrians [104], (d) Describable Textures [25], (e) Ger-
man Traffic Signs [139], (f) ILSVRC (ImageNet) 2012 [122], (g) VGG-Flowers [108],
(h) OmniGlot [85], (i) SVHN [105], (j) UCF101 Dynamic Images [136].

1.2.2 Introducing the residual adapters

In addition to the proposed benchmark for multi-domain image classification, our goal

is to design a method achieving competitive classification performance with a high

degree of parameter sharing across domains. Bilen et al. [15] proposed a shared single

network with domain-specific classifiers and normalisation layers. However, we show

using the Visual Decathlon evaluation metric that this approach performs worse than

training a different model on each dataset. Inspired by this idea of domain-specific

parametrisation of a shared backbone network, we introduce in Chapter 3 the residual
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adapters, parameter efficient modules appended all along the backbone network to

modulate its output.

What we refer to as the backbone network is the 3 × 3 convolution layers of the

network. In fact, after adding a first set of adapters to the randomly initialised

network, the whole network (including the adapters) is pre-trained on the biggest

dataset (ImageNet [122] in our case) and then we freeze all the 3 × 3 convolution

layers in the network. When a new dataset needs to be trained, we replace the

adapters and train the new adapters on the target dataset. To sum up, the frozen

3× 3 filters are shared among domains and each dataset leverages these frozen filters

by training its own set of adapters.

To design the adapters, we follow two main criteria: (1) few extra parameters

compared to the size of the backbone network and (2) ability to control the model

capacity depending on the size of the target dataset. To achieve the first criterion

of small memory footprint, our adapters only contain 1 × 1 convolutions and batch

normalisation layers. Thus, we make the assumption that the different domains do

not need any other spatial filters than the pre-trained 3 × 3 convolution layers. To

fulfill the second criterion, we control the capacity of the adapters through param-

eter shrinkage. More specifically, we choose a residual architecture for the adapters

as shown in Figure 1.3. Indeed, thanks to the residual architecture increasing the

shrinkage causes the adapters to tend towards the identity layer, thus reducing the

model expressiveness. We empirically show that a higher shrinkage of the adapting

parameters improves the classification performance on smaller datasets.

We evaluate our proposed adapters on the Visual Decathlon and show that they

lead to similar or better results than independently fine-tuning a pre-trained model

on each dataset. Beside parameter efficient transfer learning, our approach also allows

to learn new domains sequentially without forgetting the old ones. In fact, adding

a new dataset boils down to training a new set of domain-specific adapters without

changing the shared filters.

1.2.3 Improving the residual adapters

The main downside of the adapters introduced in Chapter 3 is that they require

to be included in the network before the pre-training step on ImageNet. Indeed,

adding these adapters to a pre-trained off-the-shelf network leads to significantly lower

transfer learning results. We address this issue in Chapter 4 where we propose plug-

and-play parallel adapters which can be directly used with any pre-trained network.

As shown in Figure 1.3, the parallel design differs from the series adapters of Chapter 3
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Figure 1.3: Residual adapters designs. We illustrate how the adapters are inte-
grated into the residual block of a ResNet. The adapters (in blue) are domain-specific
while the shared parameters (in gray) are pre-trained on ImageNet and then frozen.
The series design (a) is introduced in Chapter 3. The parallel design (b) proposed in
Chapter 4 can directly be used with off-the-shelf networks.

by the position of the adapter, in series or in parallel, with respect to the shared 3×3

convolution. This small change increases the convergence speed when training on a

target dataset and allows us to use publicly available pre-trained networks. Similarly

to the series adapter, we can also control the capacity of the parallel adapter through

parameter shrinkage thanks to its residual architecture. Another way to regularise the

adapters consists in inserting channel dropout [149] just before the 1×1 convolution in

the adapters, thus providing a significant performance gain when using wider networks

such as WideResNet [164]. Finally, we empirically show that, contrary to the standard

transfer learning practice [162] of freezing the early layers and fine-tuning only the

last layers, it is beneficial to train adapters all along the network.

There are as many adapters as the number of domains so there is still some

redundancy in the adapter parameters, which can be exploited for further adapter

compression. To this end, we propose to stack together the 1×1 convolution filters of

the different domains and then perform a truncated SVD on the resulting matrices. In

this way, each 1×1 adapter convolution is decomposed into a domain-agnostic encoder

followed by a domain-specific decoder. Finally, the joint encoders are frozen and the

task-specific decoders are fined-tuned on each domain. On the Visual Decathlon the

compressed adapters achieve better overall results than the parallel adapters with

twice as less parameters. Interestingly, while they achieve similar performance on the

medium-sized datasets, the compressed adapters obtain better results on the small

datasets thanks to the cross-domain knowledge of the shared encoders.
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1.2.4 Boosting low-supervision with self-supervision
pre-training

In Chapters 3 and 4, we propose the residual adapters to harness the filters learned

on another dataset. However, some settings such as clustering do not allow to use

any external data. An alternative way to initialise the model without using any

external data is to leverage the intrinsic knowledge contained in the dataset. Hence,

similarly to what is commonly done in natural language processing, we propose the

systematic use of self-supervision to pre-train the model. This is a common thread

in Chapters 5 to 7 where we show that self-supervision pre-training can boost diverse

low-supervision tasks such as semi-supervised classification in Chapter 5, novel class

discovery in Chapter 6 and deep clustering in Chapter 7.

In these three chapters we adopt the same process: we first pre-train the network

with self-supervision on the whole dataset and then we freeze the early layers of the

pre-trained network. This pre-training and partial freezing are beneficial for low-

supervision settings in two ways: (1) the self-supervision literature [57, 112] shows

that such pre-training provides a better initialisation for fine-tuning on few samples

than random initialisation and (2) freezing the early layers constrains the network rep-

resentation by reducing the number of trainable parameters and prevents the network

from exploiting low-level visual cues. In Chapter 5 we empirically show that applying

self-supervision pre-training to existing semi-supervised methods consistently boost

their performance. This performance increase is particularly significant in the extreme

case with very few labels, where the existing semi-supervised methods fail without

such pre-training. We make a similar observation in Chapter 7 as our deep cluster-

ing method also requires self-supervision pre-training. Finally, we show in Chapter 6

that the impact of self-supervision pre-training on our method for novel class discov-

ery depends on the dataset at hand with, for example, more impact on SVHN than

on CIFAR-10.

1.2.5 Semi-supervised image classification with scarce
annotations

Another possible type of input data is the semi-supervised classification setting where

samples come from a single dataset but with few labels per class. While our proposed

domain-specific parametrisations suited the multiple visual datasets case, it is desir-

able to share the whole network across data for the semi-supervised setting. Hence,
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an optimisation approach is more adapted here than an architecture approach. In-

deed, standard semi-supervised techniques typically rely on the balance between a

loss on the labelled data and another loss on the unlabelled samples. However, when

optimising the two losses jointly, there is a risk of overfitting the labelled data as

the labelled samples are much rarer than the unlabelled ones. Therefore, the balance

between the two losses is particularly fragile in extreme cases with scarse annotations.

Based on this observation, we propose in Chapter 5 a semi-supervised method

which is specifically designed to leverage self-supervised pre-training. Previous state-

of-the-art methods jointly optimise the losses on the labelled and unlabelled data.

This requires a careful choice of hyperparameter to balance these losses. Instead

of this, we propose a two-phase training cycle which alternates between training on

the labelled and unlabelled data. In the first phase, the classification layer of the

network is trained on the labelled set and then we use this classifier to assign pseudo-

labels to the unlabelled set. In the second phase, we re-initialise the network with

the self-supervision weights and we train the network on the unlabelled set using the

pseudo-labels assigned in the first phase. In this way, we disentangle the two losses by

learning the classifier on the labelled data and the representation on the unlabelled

data. Inspired by cross-validation, we further propose to sample at each training

cycle a held-out set among the unlabelled data to avoid overfitting the pseudo-labels

assigned in the first phase. Finally, we show in the experiments that our method also

performs particularly well in semi-supervised transfer learning compared to existing

techniques.

1.2.6 Discovering new classes given some known labelled
classes

The setting in the previous subsection supposes that there are at least a few labels

per class. In another low-supervision case called transfer clustering, the dataset is

composed of two disjoint parts: a group of unknown classes whose samples are all

unlabelled and another group of known labelled classes which should be used to

improve the clustering performance on the unknown classes. After the architecture

parametrisations for the multi-domain setting in Chapter 3-4 and the alternating

optimisation for semi-supervised classification in Chapter 5, we propose in Chapter 6

a method which combines both architecture and optimisation designs by respectively

using a two-headed network and a clustering loss based on the comparison of top rank

statistics between pairs of samples. As this clustering loss is also a key component of

Chapter 7, we will discuss it in the next subsection.
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Unlabelled
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Linear 1
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Figure 1.4: Discovering new classes given some known labelled classes. Each
minibatch contains labelled and unlabelled images. The clustering of the unlabelled
samples is learned in the top head by using a binary cross-entropy (BCE) based loss.
The classification head is jointly trained on the labelled and unlabelled data with the
cross-entropy (CE) loss. As indicated by the curved purple arrow, the classification
pseudo-labels of the unlabelled samples are generated on-the-fly by using the cluster
assignments from the clustering head .

While existing transfer clustering methods either do not use the unlabelled data for

training like MCL [69] or use the labelled data just for the network initialisation like

DTC [62], we propose to jointly train the network on the unlabelled and labelled data.

In our method, the joint representation of the two-headed network is optimised to

(1) cluster the unlabelled data in the first head and (2) perform image classification

on both the unlabelled and labelled data in the second head. The pipeline of our

method can be seen in Figure 1.4.

Another contribution is how we integrate the two-headed network into our algo-

rithm. Indeed, our goal is to produce a positive interaction between the clustering

and classification heads. We do so by using the class assignments from the clustering

head as pseudo-labels for the the unlabelled samples in the classification head. In this

way the classification head is trained jointly on the unknown and known classes, thus

improving the feature representation. As the clustering pseudo-labels are extracted

at the joint representation level, the improved representation might be beneficial for

clustering. The other way around, a better clustering results in better pseudo-labels

for the unlabelled samples in the classification head. We empirically show in an

ablation study that this design improves the clustering of the unlabelled samples.

Furthermore, it allows us to incrementally learn new classes without forgetting the
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known classes contrary to methods like DTC which do not preserve the representation

learned on the known classes.

1.2.7 Deep clustering by pairwise cluster predictions

Chapters 6 and 7 both rely on clustering as the deep clustering setting of Chapter 7

is the extreme case of Chapter 6, when there is no known labelled classes. We first

propose in Chapter 6 a clustering loss based on pairwise cluster predictions, which

we discuss and analyze more deeply in Chapter 7.

Our proposed clustering loss is a binary cross-entropy loss on the prediction

whether or not a pair of samples belong to the same cluster. The pseudo-label for

this loss is the minibatch adjacency matrix which is generated based on the compar-

isons between pairs of samples. Contrary to existing pseudo-labeling methods such as

DEC [155] or DAC [21], we choose to compare pairs of samples at the data represen-

tation level rather than at the cluster prediction level. In Chapter 7 we empirically

show that the choice of space where the pairwise pseudo-labels are extracted has a

significant impact on the clustering performance.

Another key component of our method is how the pairwise pseudo-labels are

generated. We propose to establish a connection between a pair of samples if their

pairwise similarity is above a certain threshold. Hence, the choice of similarity is

critical for good performance. Inspired by the observation made in representation

analysis papers [96] that channels in the feature space encode for concepts, we devise in

Chapter 6 a new similarity based on the feature channels learned on the labelled data.

Our similarity compares which are the most activated channels for a pair of unlabelled

samples. If both considered samples share the same top rank statistics, then the

pseudo-label for this pair is positive. Thus, another role of the classification head

in Chapter 6 is to transfer knowledge from the labelled data to the clustering head

by learning a feature representation whose channels are used to compare unlabelled

samples. Moreover, we compare in Chapter 7 different similarities such as cosine or

symmetric SNE and we also introduce a similarity based on k-nearest neighbours.

Finally, as our clustering loss is based on a standard classification loss, we can com-

bine it with efficient data composition techniques such as RICAP [145] or Mixup [167],

which feed composite images to the network and use linear combinations of labels as

targets. We show that such augmentation methods are essential to get good perfor-

mance with our method, thus confirming the paramount importance of data augmen-

tation in the low-supervision setting.
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Figure 1.5: Image captioning saliency. We show saliency maps produced by our
NormGrad method at different layers of a ResNet101. In the last image, combining
saliency maps allows to highlight the most important parts of the image.

1.2.8 A framework for backpropagation saliency methods

Hitherto, we have seen how different types of input data such as multiple visual

domains or low-supervision settings influence the design of representation learning

techniques. From another perspective, we also consider saliency, that is, the prob-

lem of examining which parts of the input samples contribute the most to the data

representation.

Staying consistent with the previous chapters, we approach saliency from a rep-

resentation learning angle. In Chapter 8 we propose a unifying framework for back-

propagation saliency methods by reframing saliency as the contribution of the spatial

locations to the gradient of the model weights. Our framework exploits the fact that

the gradient of spatially shared weights is the result of a summation over spatial loca-

tions. Therefore, the resulting saliency maps quantify the contribution of each pixel

to the change in model weights. We extend this framework to second order gradients

by introducing meta-saliency, namely adding an inner optimisation step within the

loss used to produce the saliency map. In this way meta-saliency measures which

pixels contribute the most to this inner training step.

This framework can be used to derive existing saliency methods such as gradient

backpropagation [133] or linear approximation [110] but also to create new meth-

ods such as NormGrad which we introduce in Chapter 8. Finally, as the saliency

methods derived from our framework can be applied at any layer of the model, we

propose to combine saliency maps across layers as illustrated in Figure 1.5 to obtain

a trade-off between the high resolution of saliency maps at early layers and the class

discriminability at late layers. We show that the combination of saliency maps across

layers results in a performance boost for quantitative benchmarks such as the Point-

ing Game [168].
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Chapter 2

Literature Review

Our contributions described in Chapters 3 to 8 can be linked to different subfields

of computer vision. First, related to the residual adapters of Chapters 3-4 and the

incremental learning component of our method in Chapter 6, we point out the different

settings where tasks are trained in parallel or in sequence. Then we delve into the

literature corresponding to the low-supervision settings covered from Chapter 5 to 7.

Finally, we refer to saliency papers which are related to the framework we propose in

Chapter 8.

2.1 Learning tasks sequentially or in parallel

Chapters 3 and 4 respectively introduce and improve residual adapters for multi-

domain learning. The considered setup intersects with other subfields of computer

vision like multi-task learning, life-long learning or domain adaption. In this section

we will stress the differences and similarities between these settings that learn tasks

in parallel or in sequence.

2.1.1 Learning tasks in parallel: multi-task learning

The goal of multi-task learning (MTL) is to propose models which learn different re-

lated tasks while sharing parameters and computation among them. MTL approaches

resulted in performance gains on various problems such as landmark detection [172],

object detection [14] or tracking [171]. Beyond computer vision, MTL has also been

successfully applied to a wide variety of fields such as speech recognition [35], natural

language processing [27] or drug discovery [117].

MTL approaches are based on diverse assumptions. A first line of research with

non neural models assumes close relationships between the tasks. Based on this
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assumption, Argyriou et al. [5] enforce a group-sparsity constraint through a mixed

norm such that only a few features are used across all tasks. The assumption that all

tasks are closely related can be relaxed by regrouping tasks into clusters through an

implicit [43] or explicit [74] clustering constraint.

One of the first neural network approach in this area is the seminal paper by

Caruana [20] that proposes a neural network architecture whose early layers are shared

among tasks. This work empirically shows that parameter sharing acts as a regulariser

and leads to better overall performance. Recently, more elaborate architectures [39,

118, 81] have been designed for MTL in computer vision. For example, we refer

to UberNet [81] which trains five different tasks on Pascal VOC [42] thanks to its

architecture design with skip and fusion layers as well as task-specific deviations.

This idea of combining the ouputs of different stages of the network can also be found

in HyperFace [118] and in the work of Doersch and Zisserman [39]. To avoid explicit

network architecture search, Yang et al. [160] propose to learn how to share the

network filters among tasks in an end-to-end manner by using a tensor factorization

technique.

Kokkinos [81] experimentally shows that parameter sharing can also result in

negative interference between tasks. Instead of designing architectures to address

this problem, another line of work focuses on loss balancing to mitigate these negative

tasks interference. For example, Kendall et al. [78] weight the segmentation, instance

segmentation and depth prediction losses by including the task uncertainties in the

likelihood. Similarly, GradNorm [24] achieves better performance on the same tasks

by choosing the loss weights such that the norms of the gradients are balanced among

tasks.

Finally, we stress the difference with multi-domain learning by pointing out that

the tasks in standard MTL belong to a same input domain whereas multi-domain

learning deals simultaneously with different visual domains like natural images, tex-

tures [25] or even more abstract visual inputs like the dynamic images obtained using

the method described in [13].

2.1.2 Life-long learning

Life-long learning differs from standard MTL as the tasks are learned sequentially

rather than in parallel. This sequential training leads to catastrophic forgetting, a

problem identified in the connectionist networks community in the late 1980s by

McCloskey et al. [101]. Catastrophic forgetting happens when a neural network is
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trained on new incoming data which causes the network to overwrite the represen-

tation learned on previous data. This phenomenon was deeply studied in the 1990s

neural network literature [4, 49] and a summary of these approaches can be found in

Thrun’s review [148]. With the advent of deep-learning this topic regained interest

and the newly proposed methods can be grouped in two branches that already existed

in the connectionist work.

One line of work proposes to first freeze the network trained on the old tasks and

then to grow the network to train it on the new incoming tasks without modifying any

prior knowledge. For example, in reinforcement learning, Rusu et al. [123] propose

to horizontally grow the network by adding a new column of trainable layers for

each new incoming task. More efficiently, Xiao et al. [154] devise a tree based model

that can be incrementally increased when new classes arrive. Our residual adapters

in Chapters 3-4 are related to this type of approach which avoids the catastrophic

forgetting phenomenon by construction. One of the downside of these methods is

that they require increasing resources as the number of tasks increase. We take this

problem into account as our adapter parameters only represent a small fraction of

the overall network parameters.

Besides this freezing and growing strategy, another way to avoid catastrophic

forgetting consists in constraining representation learning on the new tasks with the

knowledge from the previous tasks. EWC [80] proposes a regularisation term based

on a weighted distance to the parameters learned on the previous tasks. By using

the elements of the Fisher information matrix as weights, the authors avoid over-

constraining parameters which matter less for the previous tasks. Instead of acting

directly on the network parameters, Li and Hoiem [89] preserve the output of the

previously trained network by distillation of the old model.

Class incremental learning is a subfield of life-long learning, where new classes

arrive over time and are added to the same classification task. Furthermore, the

setup described in iCaRL [120] allows a small memory of annotated samples from the

previous classes. The methods proposed for this setting differ from one another in the

way they use this small memory. For example, iCaRL proposes to use a nearest class

mean classifier to prevent the classifier from being biased towards the new classes.

Alternatively, GEM [92] projects the gradients of the new samples such that they

do not increase the loss on the stored samples. In Chapter 6, our class incremental

learning setup for novel class discovery differs from this setting as we allow the full

storage of the old classes but we do not have access to the labels of the new classes.
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2.1.3 Domain adaptation

When our residual adapters in Chapters 3-4 are trained sequentially, our work can

be related to domain adaptation (DA). DA, introduced in [34], aims at transferring

a model trained on a labelled source domain to an unlabelled target domain. This

definition corresponds to the most common setting but some approaches also study

the semi-supervised case with some labels available in the target domain. Csurka [29]

did a review of the different DA settings and methods in computer vision.

There are two popular approaches in deep DA: (1) minimising a divergence cri-

terion between the statistics of the source and target distributions and (2) using ad-

versarial training with a domain confusion loss. The common objective of these two

lines of work is to align the domain distributions, thus leading to a domain invariant

representation.

Tzeng et al. [150] propose a regularisation term based on Maximum Mean Discrep-

ancy (MMD), which penalises the difference between the means of the distributions

in the feature space. Closer in spirit to our residual adapters, Long et al. [91] add

a residual function to the classifier to account for changes in the target domain. To

strengthen the distribution alignment constraint, Sun et al. [141] add second order

statistics to the MMD regularisation term and DeepJDOT [12] chooses instead to

match the source and target distributions by optimal transport with the Wasserstein

metric.

DANN by Ganin et al. [51, 52] goes beyond matching distributions using metrics:

this method adversarially trains a domain confusion loss by means of a gradient

reversal layer to enforce that the source and target domains are indistinguishable.

Several articles [16, 65] then extend this idea with generative adversarial networks to

generate images from the source domain in the target domain.

DA differs from the multi-domain setting of Chapters 3-4 in two major aspects.

First, in multi-domain learning the classes at hand can be different from one domain to

another whereas in the DA setting the classes stay the same across domains. Second,

the goal of DA is to maximise the performance in the target domain without explicitly

trying to preserve the performance in the source domain while our Visual Decathlon

metric in Chapter 3 is based on the classification performance on all of the domains.

2.1.4 Multi-domain learning

Compared to the previous settings, multi-domain learning can be done either in se-

quence or in parallel. Its goal is to learn a model that can achieve competitive
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classification performance on diverse visual domains with a high degree of parameter

sharing across domains.

In the first work on the topic Bilen et al. [15] take the differences between visual

domains into account by using domain-specific batch and instance normalisation lay-

ers. With this approach, the model lacks capacity on some datasets so we introduce

the residual adapters which allow to control the degree of adaptation based on the

size of the target dataset. Similar adapters were concurrently proposed by Rosen-

feld and Tsotsos in [121] but with a different non residual architecture. Another line

of work focuses on reducing the memory usage of the adaptation parameters rather

than the overall number of parameters. To this end, Mancini et al. [99] and Mallya

et al. [98] modulate the network output by training binary masks on the network

weights, thus achieving good adaptation performance on the Visual Decathlon with

a small memory footprint.

More recently, adapters have been transposed to other subfields of computer vi-

sion. For example, for counting elements in different visual domains with papers from

Lu et al. [94] and Marsden et al. [100]. They have also been used in natural language

processing for parameter efficient transfer learning in the work of Houlsby et al. [66]

and Artetxe et al. [6].

2.2 Self-supervised representation learning

Chapters 5 to 7 span diverse low-supervision settings such as semi-supervised clas-

sification, novel class discovery and deep clustering. In such cases, we propose the

systematic use of self-supervision pre-training as we empirically show that it leads

to a significant performance boost in various low-supervision settings. Hence, in

this section we present the motivations behind self-supervision as well as the main

approaches in the literature.

2.2.1 Motivation

Self-supervised learning is a form of unsupervised learning, where the supervisory

signal is directly extracted from the data. In practice, self-supervision methods cre-

ate and solve a pretext task whose labels can be extracted from the data. The

intuition behind self-supervision is that solving the pretext task will require the net-

work to learn a semantic representation which can be exploited for pre-training or

regularising the model for a downstream task like classification or object detection.

Self-supervised learning is motivated by the fact that annotating images is a tedious
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and costly process while vast collections of unlabelled images are available. Until

recently, self-supervision pre-training was not as commonly used in computer vision

as it is in natural language processing like in GPT [116] or BERT [36]. A possible

explanation is the success of ImageNet pre-training which is either used as a feature

extractor or for fine-tuning on a target dataset. However, since 2018 there has been

an increased interest about self-supervision in computer vision, which caused self-

supervision representations to progressively close the gap with ImageNet pre-training

and even surpass it on some datasets like in the BYOL paper [60].

2.2.2 Self-supervision methods

One of the first work about self-supervised convolutional neural networks is Exemplar-

CNN [41]. This method proposes to create surrogate classes containing the augmented

versions of a same image, called exemplars, obtained by applying diverse random

transformations. In this case, the pretext task is to classify these exemplars and as-

sign them to the correct surrogate class. Instead of using data augmentation to create

a class from an image, RotNet [57] takes the opposite approach of considering the pos-

sible data augmentations as the target classes. As shown in Figure 2.1, RotNet [57]

trains the network on the pretext task of predicting the rotation applied to the input

image among four possible rotations: 0, 90, 180 and 270 degrees. In practice, RotNet

is fast to train and easy to implement as it solves a 4-class classification problem.

Furthermore, this method provides robust low-level filters as the authors show that

fine-tuning only the last part of the network almost reaches the classification per-

formance obtained by training the whole network with full supervision. For these

reasons, we systematically choose RotNet when we use self-supervision pre-training

in our work.

Another family of pretext tasks consists in predicting the relationships between

patches of an image. This idea is first introduced in Doersch et al. [38] where a network

is trained to predict the relative position between two random patches. A downside

of this approach is that it requires strong data augmentations to avoid learning visual

shortcut signals such as texture continuation or chromatic aberration. Noroozi and

Favaro [109] extend this idea by solving a jigsaw puzzle with 9 patches: the network

is trained to put the shuffled patches in their original order.

Before the work on CNNs, one of the first approaches on self-supervision for deep

networks is the denoising autoencoder (dAE) of Vincent et al. [151], which learns to

reconstruct the original image from a noisy version of it. Instead of corrupting the

input data with noise, other publications propose to withhold some parts of the input
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Figure 2.1: RotNet [57] solves the pretext task of predicting which rotation was
applied to the input image among four possibilities: 0, 90, 180 and 270 degrees. To
solve this task, the network has to learn semantic features from the dataset. This
image is taken from Gidaris et al. [57].

signal and train the network to recover the missing content. For example, Pathak et

al. [113] propose inpainting as pretext task and Zhang et al. [170] learn to predict a

subset of hidden colour channels. In a similar spirit, several papers [169, 86] convert

the input images to a grayscale representation and task the network to colour them

using a classifier over colour bins. It should be noted that this colourisation technique

requires loss balancing as some colour bins are more frequent than others. Finally,

rather than manually perturbing the input images, an alternative solution would

be to use adversarial training. Generative adversarial networks (GANs) [59] deeply

improved image generation but they map latent variables to images whereas self-

supervision requires the inverse mapping. Bidirectional GANs [40] adapt GANs to

feature learning by considering the joint space of image and feature in the generation-

discrimination mechanism.

More recently, compelling results have been obtained by using contrastive losses

based on Noise Contrastive Estimation (NCE) [61]. The associated pretext task

consists in identifying the target representation among a set of negative samples. For

example, Contrastive Predictive Coding [112] considers a target patch against other

negative patches coming from the same image or from other images of the minibatch.

18



Other variants of this approach, for example MoCo [63] or SimCLR [23], also optimise

the same InfoNCE contrastive loss but they discriminate between representations of

images rather than patches. While the core idea of MoCo and SimCLR is similar,

it is interesting to note some of their practical specificities. For instance, MoCo

compares the target representation with representations coming from the exponential

moving average of the network. Also, SimCLR replaces the dot product between

representations by a cosine similarity for the input of the contrastive loss.

MoCo and SimCLR learn to match augmented versions of a same image while the

other images of the minibatch act as negative samples. Instead of considering images

individually, it is possible to group them in clusters and use clustering as a pretext

task to learn an unsupervised representation. This idea is studied in DeepCluster [19]

and is then refined in the work of Asano et al. [7], which constrains the clusters

to be non-empty by performing the cluster assignment step with optimal transport.

Rather than assigning an image to a single cluster, Gidaris et al. [56] go even further

by extracting a visual bag of words for each image and tasking the network to predict

this bag of words.

Finally, some of these self-supervision methods are complementary. In fact, Doer-

sch et al. [39] successfully combine pretext tasks such as relative position, colourisation

and exemplar networks.

2.2.3 Using self-supervision for pre-training or
regularisation

The most common use of self-supervision is to pre-train the network before fine-tuning

it on a target task. Indeed, most of the papers mentioned in the previous subsection

evaluate their methods on how their ImageNet self-supervised representations transfer

to Pascal VOC classification, detection and segmentation [42].

Second, the pretext task and the target task can be learned simultaneously, in

which case the self-supervision loss acts as a regulariser for the loss of the target task.

This approach has contributed to improve performance in low-supervision settings

such as few-shot learning with the work of Gidaris et al. [55], semi-supervised learning

with S4L [166], or domain adaptation [142].

2.3 Semi-supervised image classification

In the standard definition of semi-supervised learning from the reference book by

Chapelle et al. [22], the training dataset is composed of a small amount of labelled
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data and a large amount of unlabelled data. Semi-supervised learning is related to

many fields like speech [163], text [161, 102] or bioinformatics [130] but also to several

subfields of computer vision such as tracking [147], domain adaptation [174] or active

learning [132]. Here, we restrict the scope of this review to semi-supervised learning

for image classification, which corresponds to the setting of Chapter 5. In most of

the semi-supervised algorithms, the overall loss Ltot can be written as the sum of a

cross-entropy loss on the labelled data Llab and another loss on the unlabelled samples

Lunlab such that Ltot = Llab + λLunlab with λ being a hyperparameter which balances

the two losses. Depending on the chosen loss Lunlab, semi-supervised learning methods

can be divided in two main categories, which we present in the next subsections. The

first line of work, called self-labeling, assigns pseudo-labels to the unlabelled samples

before using them in the cross-entropy loss Lunlab. The other main type of approach,

called consistency methods, proposes unsupervised losses for Lunlab, which encourage

related input images to produce similar output predictions. In our work we use self-

labeling and a consistency loss in Chapter 5 for semi-supervised learning but we also

add a consistency regularisation in our methods for novel class discovery in Chapter 6

and deep clustering in Chapter 7.

2.3.1 Self-labeling methods

Self-labeling is probably the earliest approach in semi-supervised learning and dates

back to the 1960s with the work of Scudder [127], Fralick [48] and Agrawal [2]. Self-

labeling methods assign pseudo-labels to the unlabelled samples based on the model

predictions. This allows the model to be trained for classification on both the un-

labelled and labelled data. These methods usually have a two-phase training: first

the model is trained only on the labelled data, then the training set is progressively

extended to the unlabelled samples.

With the advent of deep learning, this idea reappeared with the work of Lee [88].

This method extracts one-hot pseudo-labels by taking the class with the highest

prediction score. Furthermore, the two-phase training is implemented by using a

ramp-up function for the coefficient which balances the losses on the labelled and

unlabelled samples. The ramp-up function is small in the beginning such that the

training occurs mainly on the labelled set. Then, the ramp-up coefficient linearly

increases up to its final value. In this way, the loss on the unlabelled samples is

progressively added to the total loss to avoid erasing the representation learned on the

labelled data. Instead of extracting one-hot pseudo-labels, MixMatch [11] generates

soft targets on the unlabelled samples. More precisely, for each unlabelled sample this
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method computes the average prediction over several augmented views of the sample

before sharpening this average prediction to obtain the soft target. This approach

is inspired by the distillation idea [64] that soft targets are more informative for

training than one-hot labels. FixMatch [135] proposes an alternative to the linear

ramp-up function by optimising the cross-entropy loss on an unlabelled sample only

if the network prediction score for this sample is above a fixed threshold. Hence,

this filtering approach causes the unlabelled samples to be progressively added to the

training.

The previous loss-balancing methods require a careful hyperparameter search to

avoid overfitting the labelled set. Indeed, the learning curriculum depends on the

choice of the confidence threshold for FixMatch and on the ramp-up function for the

other methods. This motivates the design of our alternating optimisation method in

Chapter 5, which does not require such hyperparameters. In a similar spirit, Iscen et

al. [72] also propose an algorithm which alternates between two training phases: one

on the labelled data and the other one on the unlabelled samples with assigned pseudo-

labels. Compared to our method, they assign pseudo-labels to the unlabelled samples

by label propagation on a nearest neighbour graph rather than directly extracting the

labels from the network predictions. Finally, Jackson and Schulman [73] propose an

alternative method for pseudo-label generation by reformulating it as the optimisation

problem of aligning gradients on the labelled and unlabelled sets.

2.3.2 Consistency methods

Self-labeling methods aim at solving the classification problem on the labelled set

and, by means of pseudo-labels, on the unlabelled data. Consistency methods take

a different approach as they regularise the classification loss on the labelled data

by encouraging the network outputs to be ”consistent” on the unlabelled samples.

The term ”consistent” means that two related images should produce similar outputs

when being fed to the same network or two related networks. In the first instances

of this approach, Rasmus et al. [119] and Sajjadi et al. [124] propose as consistency

loss the squared L2 distance between the network outputs of perturbed copies of the

same image. Instead of using the standard augmentation techniques to obtain the

augmented views of the sample, VAT [103] applies adversarial perturbations which

maximise the Kullback–Leibler divergence with the current model prediction. Exam-

ples of images produced by VAT [103] on CIFAR-10 [82] and SVHN [105] can be seen

in Figure 2.2.
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Figure 2.2: Virtual adversarial training [103] perturbs the input image to max-
imise the change in the model prediction. The consistency loss is then applied to the
network outputs of the original image and its perturbed counterpart. These images
are taken from Miyato et al. [103].

Consistency can also be applied to the outputs of related networks. In their

Temporal Ensembling model Laine and Aila [84] encourage the consistency between

current and past predictions of the network by optimising the squared distance be-

tween the output of the network and the average of the outputs at earlier epochs. In

a variant of this approach, Mean Teacher [146] replaces the average of the outputs at

earlier epochs by the output of an exponential moving average of the network over

training iterations.

2.3.3 Importance of data augmentation in low-supervision
settings

In Chapter 7, we empirically show that combining our proposed clustering loss with

data composition techniques such as Mixup [167] or RICAP [145] provides a major

boost in clustering performance. This observation concurs with the growing predom-

inance of data augmentation in methods for low-supervision settings. The boosts

obtained in such settings are typically much more substantial than in fully supervised

problems. For example, MixMatch [11], a self-labeling method for semi-supervised

learning, decreases its classification error on CIFAR-10 [82] from 39% to 12% when

using Mixup [167] during training. In a follow-up method called ReMixMatch [10]

the authors propose a strong augmentation technique termed CTAugment to further

improve the results of their original MixMatch method. Similarly, UDA [156] im-

proves the performance of consistency based methods by using RandAugment [31] to

generate the augmented views of the images. Finally, FixMatch [135], the current
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(a) Mixup [167] (b) RICAP [145] (c) Cutout [37]

Figure 2.3: Illustration of data composition techniques. (a) Mixup linearly
interpolates between two images, (b) RICAP assembles random crops of four images
and (c) Cutout randomly inserts grey squared patches. The images (a) and (b) are
taken from [145] while (c) is taken from [37].

state-of-the-art method for semi-supervised classification, is very similar to the first

self-labeling method in deep learning proposed by Lee [88] in 2013. As described

above, one difference consists in replacing the loss-balancing ramp-up function by

a filtering mechanism based on the prediction score. However, the most influential

difference is the use of the strong augmentation techniques CTAugment [10] and

RandAugment [31] when training on the pseudo-labels. Hence, competitive perfor-

mance in semi-supervised learning highly depends on the use of strong data aug-

mentation and how this augmentation is integrated into the algorithm. We describe

below the augmentation techniques commonly used to improve the performance of

low-supervision methods.

A first type of data augmentation artificially increases the number of training

images by combining images. For example, Mixup [167] feeds convex combinations of

pairs of images and their labels to the network. Instead of doing a linear interpolation

between two images, RICAP [145] patches together random crops of four images.

The label of the resulting image is the linear combination of the labels of the four

images, weighted by the areas of their crops. Related to these techniques, Cutout [37]

randomly applies grey squared patches to the training images. Its goal is to force the

network to use the whole image during training rather than focusing on a part of the

image. Examples of images augmented using these three techniques can be seen in

Figure 2.3.

Another line of work is based on combining the image transformations available in

the Python Imaging Library (PIL) which includes, among others, rotations, colour dis-

tortions or contrast changes. One of the reference method is AutoAugment [30] which

uses reinforcement learning to learn how to compose these transformations. Note that

this approach requires many labelled samples to provide the feedback needed for rein-

forcement learning. RandAugment [31], which randomly samples the transformation
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magnitudes and thus does not require any labelled data, is more adapted to the

semi-supervised learning setting. CTAugment [10], which is specifically developed for

semi-supervised learning, is the middle point between the two previous approaches

as it sets the magnitude ranges for the various transformations such that the model

predictions on the few labelled samples are close to the true labels.

2.4 Deep clustering

In the previous section on semi-supervised learning, each class is partially labelled.

In Chapter 6 we consider another low-supervision setting where a few classes are

fully labelled and unlabelled data from new unknown classes is added to the problem.

The goal in this setting is, given a group of known labelled classes, to cluster the

unlabelled samples into groups corresponding to the new unknown classes. This is a

special case of deep clustering with prior knowledge. In Chapter 7, we consider the

general case of deep clustering where there are no labelled samples. In this section,

we first describe the approaches for the general case of deep clustering followed by a

review on the special case with prior known classes.

2.4.1 Clustering on extracted deep features

A first type of deep clustering approach applies classic clustering methods on top of

features extracted by a deep network. These approaches, which cluster frozen deep

features, usually correspond to the baselines in deep clustering papers. To obtain the

deep embeddings, an autoencoder is first trained with a reconstruction loss and then

the deep features are extracted at the end of the encoder.

The most commonly used clustering method on top of frozen deep embeddings is

K-means [95] which alternates between assigning each sample to the closest centroid

and updating each centroid with the mean of its assigned samples. Instead of K-

means, Jiang et al. [76] compare their method VaDE with the combination of a

Gaussian Mixture Model (GMM) [114] and a variational autoencoder. Moreover,

Foget et al. [44] use deep embeddings with Affinity Propagation [50] or Hierarchical-

DBSCAN [17] as baselines. Finally, Steinbach et al. [140] show that GMMs and

K-means do not perform well on highly non-convex cluster structures and in high

dimensional spaces. To address these problems, Nie et al. [107] and Yang et al. [159]

combine embeddings with Spectral Clustering [106, 153, 129], which performs a low-

dimension projection in the truncated eigenspace of the affinity matrix before applying

K-means.
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There are also some recent methods which are developed for extracted deep fea-

tures. For example, FINCH [125] proposes to iteratively merge clusters by using the

first nearest neighbour graph. However, most of the recent approaches jointly learn

clustering and the network representation.

2.4.2 Jointly clustering and deep representation learning

The seminal method DEC [155] has set the trend for methods which combine clus-

tering and deep representation learning. As there is no labelled data in the deep

clustering setting, the network initialisation plays a major role in avoiding trivial

clusters. Hence, DEC carefully initialises both the network by pre-training a stacked

denoising autoencoder [152] and the classification layer with K-means centroids. Next,

DEC fine-tunes the encoder by optimising the Kullback-Leibler divergence between

the cluster prediction and a sharper version of it. We note that this fine-tuning step

can be seen as a self-labeling method like the ones we reviewed for semi-supervised

learning. Contrary to the two-step approach of DEC, methods such as DEPICT [54],

DCN [157] and VaDE [76] propose to jointly train the clustering loss and the autoen-

coder reconstruction loss. The goal of this multi-task approach is to regularise the

clustering loss with the reconstruction loss.

A key aspect in deep clustering methods is the design of the clustering loss. In-

deed, the proposed loss should not only regroup samples into clusters but it also needs

to be compatible with gradient backpropagation. Moreover, while DEC combines

the Kullback-Leibler divergence with soft centroid assignments following a Student’s

t-distribution, other self-labeling methods choose to keep the standard image classi-

fication design with a cross-entropy loss and a linear classifier followed by a softmax

layer. In such a case, these methods differ from one another in the way self-labeling

is performed. For example, DEPICT uses a sharpened version of the prediction as

pseudo-label whereas DeepCluster [19] alternates between a K-means clustering phase

to assign pseudo-labels and a training phase using these assigned labels. The methods

of Asano et al. [7], Genevay et al. [53] and Huang et al. [71] extend this two-phase

alternating approach by using optimal transport to enforce uniform cluster sizes.

Also based on self-labeling, DAC [21] however differs from the previous methods as

it performs clustering by comparing pairs of images rather than treating each sample

independently. Instead of doing self-labeling on the network predictions, DAC does

it on the cosine similarity between the predictions of the pairs of samples. Instead of

comparing pairs of different samples, IMSAT [70] and IIC [75] perform clustering by

maximising the mutual information between two augmented copies of the same image.
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Cover et al. [28] underline that the mutual information can be written as the difference

between the marginal entropy and the conditional entropy. Thus, increasing the

mutual information corresponds to encouraging uniform cluster sizes and confident

cluster assignments to respectively increase the marginal entropy and decrease the

conditional entropy.

Like many of the deep clustering approaches, our proposed method relies on the

principle of self-labeling. Some methods such as DEC or DEPICT treat samples

independently while others consider pairs of samples like DAC, triplets like JULE [158]

or augmented pairs of a same image such as IIC and IMSAT. Our approach is related

to DAC as we also consider pairs of samples but with a different clustering loss.

2.4.3 Discovering new classes given some known labelled
classes

Deep image clustering is an ill-posed problem. Indeed, the clustering losses defined

above are less constraining than a fully supervised loss or a semi-supervised loss, so

there can be many valid partitions of the dataset. One way to constrain the problem is

to use prior knowledge like a set of labelled classes (see Chapter 6) to guide clustering

by having some examples of what constitutes a class.

Throughout the rest of this subsection we consider the setting where the dataset

is split into two distinct groups, one composed of labelled samples from known classes

and the other one consisting of unlabelled samples from unknown classes. The goal

in this setup called transfer clustering is, given the few labelled classes, to cluster

the unlabelled data into new classes. A related but different setting is Open Set

Recognition described by Scheirer et al. [126], which aims at separating the known

classes from the unknown classes. The work of Fontanel et al. [47] mixes both transfer

clustering and Open Set Recognition as it proposes to learn to separate known from

unknown classes before clustering the data identified as coming from unknown classes.

In a first approach for transfer clustering, Hsu et al. [67, 68, 69] propose to learn on

the labelled classes how to regroup pairs of samples into clusters. First, the authors

use the ground truth labels to generate binary pairwise labels: a pair of samples

has a positive label if both samples come from the same class. Then, using these

binary pairwise labels, the model is trained to predict if pairs of samples belong to

the same class. Finally, this pair prediction network is applied to the dataset split

containing the unknown classes and the clusters are extracted from the network latent

prediction space. A downside of this first approach is that the model is trained only

on the labelled classes and does not use the unknown classes at training time. In
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another line of work, Han et al. [62] modify the deep clustering method DEC [155]

to adapt it to the transfer clustering setting. Their first main change is to initialise

the network by pre-training it on the labelled classes instead of using an autoencoder.

After initialising the centroid classifier with K-means on the unlabelled classes, the

authors apply DEC on the unlabelled data and propose to update the pseudo-labels

only after each epoch instead of generating them on-the-fly. The motivation behind

this change compared to DEC is to avoid forgetting the knowledge learned on the

labelled classes in the initialisation step.

We note that, contrary to our work, both of these approaches do not jointly use the

labelled and unlabelled classes at training time. Furthermore, we introduce further

goals for this setting such as not forgetting the known classes when discovering the

new classes, or also integrating both groups of classes into a single classifier.

2.5 Saliency methods

The goal of saliency methods is to produce importance maps which highlight the parts

of the input image contributing the most to the network representation at a target

layer. In Chapter 8 we propose a unifying framework for backpropagation saliency

methods based on the spatial contributions to the gradient of the weights. In this

section we also present the other types of saliency methods to stress the differences

between the existing approaches. Visualisations for some of the methods presented

in this section can be seen in Figure 2.4. Finally, in the last subsection we present

qualitative and quantitative evaluations for saliency methods.

2.5.1 Backpropagation based saliency methods

Backpropagation saliency methods regroup the approaches that rely on the backprop-

agation process that trains the network. These methods go through the following

steps. In the forward pass, the input image is fed to the network and the activation

map at the target layer is stored. Then, at the end of the network, the gradient of

the loss (usually the logit of the target class or the cross-entropy loss) is backprop-

agated through the network and the gradient of the activation at the target layer is

extracted. Finally, the saliency map is obtained by combining the previously stored

activation and gradient maps.

One of the early work on the topic is the gradient method of Simonyan et al. [133],

which visualises the gradient of the target logit with respect to the pixels of the in-

put image. They obtain a saliency map from this gradient by taking the maximum
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Figure 2.4: Illustrations of some saliency methods. The columns from left to
right correspond to: the original image with its ground truth bounding box, pertur-
bation masking from Fong et al. [46], the gradient method of Simonyan et al. [133],
Guided Backpropagation [137], Excitation Backprop [168] and Grad-CAM [128].
These images are taken from Fong et al. [46].

across colour channels. The intuition behind this method is that the most salient

pixel should be the one leading to the biggest change in the target class score. As

the resulting saliency maps are noisy, some work combines this method with noise

reduction techniques. We refer to SmoothGrad [134] which aggregates saliency maps

computed on augmented views of the input image using a pixel-wise Gaussian noise.

Similarly, Integrated Gradients [143] combines the saliency maps of linear interpola-

tions between the input image and a black reference image.

Rather than considering the gradients with respect to the input image, CAM [173]

exploits the activation maps at the end of the network. Indeed, the saliency map of

CAM is the weighted sum of the activation at the target layer. The weights in this

sum correspond to the weights of a linear classification layer trained on the spatial

average of the activation. Hence, this method works well only at the last layers of the

network, where the spatially averaged activation are class-discriminative enough. To

avoid training a classification layer, Grad-CAM [128] replaces the classifier weights

in the weighted sum by the spatial average of the gradient of the activation at the

target layer. However, Grad-CAM still fails at earlier layers. To provide saliency

maps at the different stages of the network, Kindermans et al. [79], Olah et al. [110]

and Srinivas et al. [138] base their method on a linear approximation of the network.

The resulting saliency map is the dot product between the activation and the gradient

of the activation at the target layer.
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In another line of work, some papers propose saliency methods which require to

modify the backpropagation rules. As our proposed framework is based on the for-

mula of the gradient of the weights, these methods do not fit in our framework. For

example, based on the gradient method of [133], DeconvNet [165] and Guided Back-

propagation [137] propose to reduce the noise in the saliency map by backpropagating

only the positive gradients in the ReLU layers throughout the network. Excitation

Backprop [168] goes even further and deeply modifies the backpropagation rules to

compute in a top-down manner the winning probability of each neuron for their

Winner-Take-All formulation. Moreover, other papers propose heuristic formulas to

backpropagate saliency scores from the network output to the input pixels. For ex-

ample, Bach et al. [8] backpropagate a quantity called layer-wise relevance which was

proven in Ancona et al. [3] to be equivalent to the product of the gradient map and

the activation map. We also refer to DeepLIFT [131] which proposes a saliency score

based on the difference between activations.

2.5.2 Mask based saliency methods

Another family of saliency methods applies masks to the input of the model and

derives saliency maps from the impact of these masks on the network output. The

intuition behind these methods is that a spatial location is considered salient: (1) if

preserving this region keeps the target class prediction unchanged or (2) if perturbing

this region alters the target class prediction.

RISE [115] considers the preservation definition of saliency and applies random

preserving masks (i.e. the image is perturbed except where the mask is applied) to

several copies of the input image before feeding them to the network. The resulting

saliency map is a weighted sum of these masks, where the weights correspond to the

output scores of the target class. In the other case, using the perturbation definition of

saliency, Fong et al. [46] apply perturbation masks (i.e. the image is preserved except

where the mask is applied) to the input image and formulate the masking task as an

optimisation problem where the mask is optimised to degrade the classification loss.

The mask is also regularised using the total variation to enforce connected shapes and

the L1 norm to encourage smaller masks. Fong et al. [45] add a further regularisation

term which constrains the mask area to a fixed size.

Moreover, masking methods are more computationally expensive than backpropa-

gation saliency methods as the latter only require a few forward and backward passes

whereas the former require hundreds of passes through the network for a single in-

put image. Dabkowski et al. [32] address this problem by learning a network which
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generates the masks rather than having to optimise them on each image. After an

initial training phase, the network can then generate a saliency map with a single

forward pass. Compared to backpropagation saliency methods, both the optimisa-

tion and network-generated masking approaches share the same downside of requiring

carefully tuned hyperparameters to avoid producing trivial masks.

2.5.3 Evaluating saliency methods

Saliency methods produce nice visual interpretations of the network predictions. How-

ever, it would be misleading to evaluate these approaches with a human aesthetic

judgement. Indeed, Adebayo et al. [1] show that some methods such as Guided Back-

propagation [137] or DeconvNet [165], which were designed to improve the visual

quality of saliency maps, fail a sanity check based on parameter randomisation. In

fact, the failing methods keep producing the same saliency maps even when the net-

work parameters are progressively re-initialised in a top-down manner. In such cases

the saliency maps are invariant to the model and thus these approaches cannot be

used to interpret or debug a trained model. In Chapter 8, we qualitatively assess the

methods of our proposed framework and show that they pass this sanity check.

We also quantitatively evaluate our approach on the Pointing Game [168]. The

goal of this benchmark is to assess the selectiveness of the saliency maps when local-

ising a target object in a crowded environment. The evaluation consists in comparing

the positions of the target object and the maximum point of the saliency map. If

the positions are close enough, a hit is counted and the overall accuracy is obtained

by dividing the number of hits by the number of pointing tests. An alternative to

the Pointing Game is the task described in Cao et al. [18], whose goal is to predict

bounding boxes for weakly-supervised localisation. The bounding boxes are obtained

by first thresholding the saliency map and then fitting the tightest box which contains

the remaining salient locations. Finally, the localisation is considered successful if the

Intersection Over Union (IOU) between the predicted and the ground truth bound-

ing boxes is above 0.5. However, weakly-supervised localisation has some downsides

compared to the Pointing Game as the former requires to tweak the bounding box

threshold for each method and this evaluation task does not suit saliency methods

which aim at finding the smallest salient region such as the masking method of Fong

et al. [46].
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Chapter 3

Learning multiple visual domains
with residual adapters

This work was presented as a Spotlight Presentation at the Conference on Neural

Information Processing Systems (NeurIPS), 2017.

This paper tackles the problem of model sharing for multiple visual domains clas-

sification. It proposes residual adapters, parameter efficient modules which adapt

a pre-trained deep network to the target domains. We also introduce a benchmark

called Visual Decathlon Challenge which evaluates on ten different visual datasets the

ability of parameter sharing methods to perform well across domains. On this bench-

mark we show that our proposed adapters perform similarly or better than standard

fine-tuning with much fewer added weights.
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Abstract

There is a growing interest in learning data representations that work well for many
different types of problems and data. In this paper, we look in particular at the
task of learning a single visual representation that can be successfully utilized in
the analysis of very different types of images, from dog breeds to stop signs and
digits. Inspired by recent work on learning networks that predict the parameters of
another, we develop a tunable deep network architecture that, by means of adapter
residual modules, can be steered on the fly to diverse visual domains. Our method
achieves a high degree of parameter sharing while maintaining or even improving
the accuracy of domain-specific representations. We also introduce the Visual
Decathlon Challenge, a benchmark that evaluates the ability of representations to
capture simultaneously ten very different visual domains and measures their ability
to perform well uniformly.

1 Introduction

While research in machine learning is often directed at improving the performance of algorithms on
specific tasks, there is a growing interest in developing methods that can tackle a large variety of
different problems within a single model. In the case of perception, there are two distinct aspects of
this challenge. The first one is to extract from a given image diverse information, such as image-level
labels, semantic segments, object bounding boxes, object contours, occluding boundaries, vanishing
points, etc. The second aspect is to model simultaneously many different visual domains, such as
Internet images, characters, glyph, animal breeds, sketches, galaxies, planktons, etc (fig. 1).

In this work we explore the second challenge and look at how deep learning techniques can be used
to learn universal representations [5], i.e. feature extractors that can work well in several different
image domains. We refer to this problem as multiple-domain learning to distinguish it from the more
generic multiple-task learning.

Multiple-domain learning contains in turn two sub-challenges. The first one is to develop algorithms
that can learn well from many domains. If domains are learned sequentially, but this is not a
requirement, this is reminiscent of domain adaptation. However, there are two important differences.
First, in standard domain adaptation (e.g. [9]) the content of the images (e.g. “telephone”) remains
the same, and it is only the style of the images that changes (e.g. real life vs gallery image). Instead
in our case a domain shift changes both style and content. Secondly, the difficulty is not just to adapt
the model from one domain to another, but to do so while making sure that it still performs well on
the original domain, i.e. to learn without forgetting [21].

The second challenge of multiple-domain learning, and our main concern in this paper, is to construct
models that can represent compactly all the domains. Intuitively, even though images in different
domains may look quite different (e.g. glyph vs. cats), low and mid-level visual primitives may still
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Figure 1: Visual Decathlon. We explore deep architectures that can learn simultaneously different
tasks from very different visual domains. We experiment with ten representative ones: (a) Aircraft, (b)
CIFAR-100, (c) Daimler Pedestrians, (d) Describable Textures, (e) German Traffic Signs, (f) ILSVRC
(ImageNet) 2012, (g) VGG-Flowers, (h) OmniGlot, (i) SVHN, (j) UCF101 Dynamic Images.

be largely shareable. Sharing knowledge between domains should allow to learn compact multivalent
representations. Provided that sufficient synergies between domains exist, multivalent representations
may even work better than models trained individually on each domain (for a given amount of training
data).

The primary contribution of this paper (section 3) is to introduce a design for multivalent neural
network architectures for multiple-domain learning (section 3 fig. 2). The key idea is reconfigure
a deep neural network on the fly to work on different domains as needed. Our construction is based on
recent learning-to-learn methods that showed how the parameters of a deep network can be predicted
from another [2, 16]. We show that these formulations are equivalent to packing the adaptation
parameters in convolutional layers added to the network (section 3). The layers in the resulting
parametric network are either domain-agnostic, hence shared between domains, or domain-specific,
hence parametric. The domain-specific layers are changed based on the ground-truth domain of the
input image, or based on an estimate of the latter obtained from an auxiliary network. In the latter
configuration, our architecture is analogous to the learnet of [2].

Based on such general observations, we introduce in particular a residual adapter module and
use it to parameterize the standard residual network architecture of [13]. The adapters contain a
small fraction of the model parameters (less than 10%) enabling a high-degree of parameter sharing
between domains. A similar architecture was concurrently proposed in [31], which also results in
the possibility of learning new domains sequentially without forgetting. However, we also show a
specific advantage of the residual adapter modules: the ability to modulate adaptation based on the
size of the target dataset.

Our proposed architectures are thoroughly evaluated empirically (section 5). To this end, our second
contribution is to introduce the visual decathlon challenge (fig. 1 and section 4), a new benchmark
for multiple-domain learning in image recognition. The challenge consists in performing well
simultaneously on ten very different visual classification problems, from ImageNet and SVHN to
action classification and describable texture recognition. The evaluation metric, also inspired by the
decathlon discipline, rewards models that perform better than strong baselines on all the domains
simultaneously. A summary of our finding is contained in section 6.

2 Related Work

Our work touches on multi-task learning, learning without forgetting, domain adaptation, and other
areas. However, our multiple-domain setup differs in ways that make most of the existing approaches
not directly applicable to our problem.

Multi-task learning (MTL) looks at developing models that can address different tasks, such as
detecting objects and segmenting images, while sharing information and computation among them.
Earlier examples of this paradigm have focused on kernel methods [10, 1] and deep neural network
(DNN) models [6]. In DNNs, a standard approach [6] is to share earlier layers of the network, training
the tasks jointly by means of back-propagation. Caruana [6] shows that sharing network parameters
between tasks is beneficial also as a form of regularization, putting additional constraints on the
learned representation and thus improving it.

MTL in DNNs has been applied to various problems ranging from natural language processing [8, 22],
speech recognition [14] to computer vision [41, 42, 4]. Collobert et al. [8] show that semi-supervised
learning and multi-task learning can be combined in a DNN model to solve several language
processing prediction tasks such as part-of-speech tags, chunks, named entity tags and semantic
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roles. Huang et al. [14] propose a shared multilingual DNN which shares hidden layers across
many languages. Liu et al. [22] combine multiple-domain classification and information retrieval for
ranking web search with a DNN. Multi-task DNN models are also reported to achieve performance
gains in computer vision problems such as object tracking [41], facial-landmark detection [42], object
and part detection [4], a collection of low-level and high-level vision tasks [18]. The main focus of
these works is learning a diverse set of tasks in the same visual domain. In contrast, our paper focuses
on learning a representation from a diverse set of domains.

Our investigation is related to the recent paper of [5], which studied the “size” of the union of different
visual domains measured in terms of the capacity of the model required to learn it. The authors
propose to absorb different domain in a single neural network by tuning certain parameters in batch
and instance normalization layers throughout the architecture; we show that our residual adapter
modules, which include the latter as a special case, lead to far superior results.

Life-long learning. A particularly important aspect of MTL is the ability of learning multiple tasks
sequentially, as in Never Ending Learning [25] and Life-long Learning [38]. Sequential learning
typically suffers in fact from forgetting the older tasks, a phenomenon aptly referred to as “catastrophic
forgetting” in [11]. Recent work in life-long learning try to address forgetting in two ways. The first
one [37, 33] is to freeze the network parameters for the old tasks and learn a new task by adding
extra parameters. The second one aims at preserving knowledge of the old tasks by retaining the
response of the original network on the new task [21, 30], or by keeping the network parameters of
the new task close to the original ones [17]. Our method can be considered as a hybrid of these two
approaches, as it can be used to retain the knowledge of previous tasks exactly, while adding a small
number of extra parameters for the new tasks.

Transfer learning. Sometimes one is interested in maximizing the performance of a model on a
target domain. In this case, sequential learning can be used as a form of initialization[29]. This is
very common in visual recognition, where most DNN are initialize on the ImageNet dataset and then
fine-tuned on a target domain and task. Note, however, that this typically results in forgetting the
original domain, a fact that we confirm in the experiments.

Domain adaptation. When domains are learned sequentially, our work can be related to domain
adaptation. There is a vast literature in domain adaptation, including recent contributions in deep
learning such as [12, 39] based on the idea of minimizing domain discrepancy. Long et al. [23]
propose a deep network architecture for domain adaptation that can jointly learn adaptive classifiers
and transferable features from labeled data in the source domain and unlabeled data in the target
domain. There are two important differences with our work: First, in these cases different domains
contain the same objects and is only the visual style that changes (e.g. webcam vs. DSLR), whereas
in our case the object themselves change. Secondly, domain adaptation is a form of transfer learning,
and, as the latter, is concerned with maximizing the performance on the target domain reagardless of
potential forgetting.

3 Method

Our primary goal is to develop neural network architectures that can work well in a multiple-domain
setting. Modern neural networks such as residual networks (ResNet [13]) are known to have very high
capacity, and are therefore good candidates to learn from diverse data sources. Furthermore, even
when domains look fairly different, they may still share a significant amount of low and mid-level
visual patterns. Nevertheless, we show in the experiments (section 5) that learning a ResNet (or a
similar model) directly from multiple domains may still not perform well.

In order to address this problem, we consider a compact parametric family of neural networks
φα : X → V indexed by parameters α. Concretely, X ⊂ RH×W×3 can be a space of RGB images
and V = RHv×Wv×Cv a space of feature tensors. φα can then be obtained by taking all but the last
classification layer of a standard ResNet model. The parametric feature extractors φα is then used to
construct predictors for each domain d as Φd = ψd ◦ φαd

, where αd are domain-specific parameters
and ψd(v) = softmax(Wdv) is a domain-specific linear classifier V → Yd mapping features to
image labels.

If α comprises all the parameters of the feature extractor φα, this approach reduces to learning
independent models for each domain. On the contrary, our goal is to maximize parameter sharing,
which we do below by introducing certain network parametrizations.
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Figure 2: Residual adapter modules. The figure shows a standard residual module with the inclusion
of adapter modules (in blue). The filter coefficients (w1, w2) are domain-agnostic and contains the
vast majority of the model parameters; (α1, α2) contain instead a small number of domain-specific
parameters.

3.1 Learning to learn and filter prediction

The problem of adapting a neural network dynamically to variations of the input data is similar to the
one found in recent approaches to learning to learn. A few authors [34, 16, 2], in particular, have
proposed to learn neural networks that predict, in a data-dependent manner, the parameters of another.
Formally, we can write αd = Aedx where edx is the indicator vector of the domain dx of image x
and A is a matrix whose columns are the parameter vectors αd. As shown later, it is often easy to
construct an auxiliary network that can predict d from x, so that the parameter α = ψ(x) can also be
expressed as the output of a neural network. If d is known, then ψ(x, d) = αd as before, and if not ψ
can be constructed as suggested above or from scratch as done in [2].

The result of this construction is a network φψ(x)(x) whose parameters are predicted by a second
network ψ(x). As noted in [2], while this construction is conceptually simple, its implementation is
more subtle. Recall that the parameters w of a deep convolutional neural network consist primarily of
the coefficients of the linear filters in the convolutional layers. If w = α, then α = ψ(x) would need
to predict millions of parameters (or to learn independent models when d is observed). The solution
of [2] is to use a low-rank decomposition of the filters, where w = π(w0, α) is a function of a filter
basis w0 and α is a small set of tunable parameters.

Here we build on the same idea, with some important extensions. First, we note that linearly
parametrizing a filter bank is the same as introducing a new, intermediate convolutional layer in the
network. Specifically, let Fk ∈ RHf×Wf×Cf be a basis of K filters of size Hf ×Wf operating on
Cf input feature channels. Given parameters [αtk] ∈ RT×K , we can express a bank of T filters as
linear combinations Gt =

∑K
k=1 αtkFk. Applying the bank to a tensor x and using associativity and

linearity of convolution results in G ∗ x =
∑K
k=1 α:k(Fk ∗ x) = α ∗F ∗ x where we interpreted α as

a 1× 1× T ×K filter bank. While [2] used a slightly different low-rank filter decomposition, their
parametrization can also be seen as introducing additional filtering layers in the network.

An advantage of this parametrization is that it results in a useful decomposition, where part of the
convolutional layers contain the domain-agnostic parameters F and the others contain the domain-
specific ones αd. As discussed in section 5, this is particularly useful to address the forgetting
problem. In the next section we refine these ideas to obtain an effective parametrization of residual
networks.

3.2 Residual adapter modules

As an example of parametric network, we propose to modify a standard residual network. Recall that
a ResNet is a chain gm ◦ · · · ◦ g1 of residual modules gt. In the simplest variant of the model, each
residual module g takes as input a tensor RH×W×C and produces as output a tensor of the same size
using g(x;w) = x+ ((w2 ∗ ·) ◦ [·]+ ◦ (w1 ∗ ·))(x). Here w1 and w2 are the coefficients of banks of
small linear filters, [z]+ = max{0, z} is the ReLU operator, w ∗ z is the convolution of z by the filter
bank w, and ◦ denotes function composition. Note that, for the addition to make sense, filters must
be configured such that the dimensions of the output of the last bank are the same as x.

Our goal is to parametrize the ResNet module. As suggested in the previous section, rather than
changing the filter coefficients directly, we introduce additional parametric convolutional layers. In
fact, we go one step beyond and make them small residual modules in their own right and call them
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residual adapter modules (blue blocks in fig. 2). These modules have the form:

g(x;α) = x+ α ∗ x.
In order to limit the number of domain-specific parameters, α is selected to be a bank of 1× 1 filters.

A major advantage of adopting a residual architecture for the adapter modules is that the adapters
reduce to the identity function when their coefficients are zero. When learning the adapters on small
domains, this provides a simple way of controlling over-fitting, resulting in substantially improved
performance in some cases.

Batch normalization and scaling. Batch Normalization (BN) [15] is an important part of very deep
neural networks. This module is usually inserted after convolutional layers in order to normalize
their outputs and facilitate learning (fig. 2). The normalization operation is followed by rescaling and
shift operations s� x+ b, where (s, b) are learnable parameters. In our architecture, we incorporate
the BN layers into the adapter modules (fig. 2). Furthermore, we add a BN module right before the
adapter convolution layer.1 Note that the BN scale and bias parameters are also dataset-dependent –
as noted in the experiments, this alone provides a certain degree of model adaptation.

Domain-agnostic vs domain-specific parameters. If the residual module of fig. 2 is configured to
process an input tensor with C feature channels, and if the domain-agnostic filters w1, w2 are of size
h× h× C, then the model has 2(h2C2 + hC) domain-agnostic parameters (including biases in the
convolutional layers) and 2(C2 + 5C) domain-specific parameters.2 Hence, there are approximately
h2 more domain-agnostic parameters than domain specific ones (usually h2 = 9).

3.3 Sequential learning and avoiding forgetting

While in this paper we are not concerned with sequential learning, we have found it to be a good
strategy to bootstrap a model when a large number of domains have to be learned. However, the most
popular approach to sequential learning, fine-tuning (section 2), is often a poor choice for learning
shared representations as it tends to quickly forget the original tasks.

The challenge in learning without forgetting is to maintain information about older tasks as new
ones are learned (section 2). With respect to forgetting, our adapter modules are similar to the
tower model [33] as they preserve the original model exactly: one can pre-train the domain-agnostic
parameters w on a large domain such as ImageNet, and then fine-tune only the domain-specific
parameters αd for each new domain. Like the tower method, this preserves the original task exactly,
but it is far less expensive as it does not require to introduce new feature channels for each new
domain (a quadratic cost). Furthermore, the residual modules naturally reduce to the identity function
when sufficient shrinking regularization is applied to the adapter weights αw. This allows the adapter
to be tuned depending on the availability of data for a target domain, sometimes significantly reducing
overfitting.

4 Visual decathlon

In this section we introduce a new benchmark, called visual decathlon, to evaluate the performance
of algorithms in multiple-domain learning. The goal of the benchmark is to assess whether a method
can successfully learn to perform well in several different domains at the same time. We do so by
choosing ten representative visual domains, from Internet images to characters, as well as by selecting
an evaluation metric that rewards performing well on all tasks.

Datasets. The decathlon challenge combines ten well-known datasets from multiple visual domains:
FGVC-Aircraft Benchmark [24] contains 10,000 images of aircraft, with 100 images for each of
100 different aircraft model variants such as Boeing 737-400, Airbus A310. CIFAR100 [19] contains
60,000 32× 32 colour images for 100 object categories. Daimler Mono Pedestrian Classification
Benchmark (DPed) [26] consists of 50,000 grayscale pedestrian and non-pedestrian images, cropped
and resized to 18× 36 pixels. Describable Texture Dataset (DTD) [7] is a texture database, con-
sisting of 5640 images, organized according to a list of 47 terms (categories) such as bubbly, cracked,

1While the bias and scale parameters of the latter can be incorporated in the following filter bank, we found
it easier to leave them separated from the latter

2Including all bias and scaling vectors; 2(C2 + 3C) if these are absorbed in the filter banks when possible.
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marbled. The German Traffic Sign Recognition (GTSR) Benchmark [36] contains cropped im-
ages for 43 common traffic sign categories in different image resolutions. Flowers102 [28] is a
fine-grained classification task which contains 102 flower categories from the UK, each consisting of
between 40 and 258 images. ILSVRC12 (ImNet) [32] is the largest dataset in our benchmark con-
tains 1000 categories and 1.2 million images. Omniglot [20] consists of 1623 different handwritten
characters from 50 different alphabets. Although the dataset is designed for one-shot learning, we use
the dataset for standard multi-class classification task and include all the character categories in train
and test splits. The Street View House Numbers (SVHN) [27] is a real-world digit recognition
dataset with around 70,000 32× 32 images. UCF101 [35] is an action recognition dataset of realistic
human action videos, collected from YouTube. It contains 13,320 videos for 101 action categories.
In order to make this dataset compatible with our benchmark, we convert the videos into images by
using the Dynamic Image encoding of [3] which summarizes each video into an image based on a
ranking principle.

Challenge and evaluation. Each dataset Dd, d = 1, . . . , 10 is formed of pairs (x, y) ∈ Dd where x
is an image and y ∈ {1, . . . , Cd} = Yd is a label. For each dataset, we specify a training, validation
and test subsets. The goal is to train the best possible model to address all ten classification tasks
using only the provided training and validation data (no external data is allowed). A model Φ is
evaluated on the test data, where, given an image x and its ground-truth domain dx label, it has to
predict the corresponding label y = Φ(x, dx) ∈ Yd.

Performance is measured in terms of a single scalar score S determined as in the decathlon discipline.
Performing well at this metric requires algorithms to perform well in all tasks, compared to a
minimum level of baseline performance for each. In detail, S is computed as follows:

S =
10∑

d=1

αd max{0, Emax
d − Ed}γd , Ed =

1

|Dtest
d |

∑

(x,y)∈Dtest
d

1{y 6=Φ(x,d)}. (1)

where Ed is the average test error for each domain. Emax
d the baseline error (section 5), above which

no points are scored. The exponent γd ≥ 1 rewards more reductions of the classification error
as this becomes close to zero and is set to γd = 2 for all domains. The coefficient αd is set to
1, 000 (Emax

d )−γd so that a perfect result receives a score of 1,000 (10,000 in total).

Data preprocessing. Different domains contain a different set of image classes as well as a different
number of images. In order to reduce the computational burden, all images have been resized
isotropically to have a shorter side of 72 pixels. For some datasets such as ImageNet, this is a
substantial reduction in resolution which makes training models much faster (but still sufficient to
obtain excellent classification results with baseline models). For the datasets for which there exists
training, validation, and test subsets, we keep the original splits. For the rest, we use 60%, 20% and
20% of the data for training, validation, and test respectively. For the ILSVRC12, since the test labels
are not available, we use the original validation subset as the test subset and randomly sample a new
validation set from their training split. We are planning to make the data and an evaluation server
public soon.

5 Experiments

In this section we evaluate our method quantitatively against several baselines (section 5.1), investigate
the ability of the proposed techniques to learn models for ten very diverse visual domains.

Implementation details. In all experiments we choose to use the powerful ResNets [13] as base
architectures due to their remarkable performance. In particular, as a compromise of accuracy and
speed, we chose the ResNet28 model [40] which consists of three blocks of four residual units. Each
residual unit contains 3 × 3 convolutional, BN and ReLU modules (fig. 2). The network accepts
64× 64 images as input, downscales the spatial dimensions by two at each block and ends with a
global average pooling and a classifier layer followed by a softmax. We set the number of filters to
64, 128, 256 for these blocks respectively. Each network is optimized to minimize its cross-entropy
loss with stochastic gradient descent. The network is run for 80 epochs and the initial learning rate of
0.1 is lowered to 0.01 and then 0.001 gradually.

6



Model #par. ImNet Airc. C100 DPed DTD GTSR Flwr OGlt SVHN UCF mean S

# images 1.3m 7k 50k 30k 4k 40k 2k 26k 70k 9k

Scratch 10× 59.87 57.10 75.73 91.20 37.77 96.55 56.30 88.74 96.63 43.27 70.32 1625
Scratch+ 11× 59.67 59.59 76.08 92.45 39.63 96.90 56.66 88.74 96.78 44.17 71.07 1826

Feature extractor 1× 59.67 23.31 63.11 80.33 45.37 68.16 73.69 58.79 43.54 26.80 54.28 544
Finetune 10× 59.87 60.34 82.12 92.82 55.53 97.53 81.41 87.69 96.55 51.20 76.51 2500
LwF [21] 10× 59.87 61.15 82.23 92.34 58.83 97.57 83.05 88.08 96.10 50.04 76.93 2515

BN adapt. [5] ∼ 1× 59.87 43.05 78.62 92.07 51.60 95.82 74.14 84.83 94.10 43.51 71.76 1363
Res. adapt. 2× 59.67 56.68 81.20 93.88 50.85 97.05 66.24 89.62 96.13 47.45 73.88 2118
Res. adapt. decay 2× 59.67 61.87 81.20 93.88 57.13 97.57 81.67 89.62 96.13 50.12 76.89 2621
Res. adapt. finetune all 2× 59.23 63.73 81.31 93.30 57.02 97.47 83.43 89.82 96.17 50.28 77.17 2643

Res. adapt. dom-pred 2.5× 59.18 63.52 81.12 93.29 54.93 97.20 82.29 89.82 95.99 50.10 76.74 2503

Res. adapt. (large) ∼ 12× 67.00 67.69 84.69 94.28 59.41 97.43 84.86 89.92 96.59 52.39 79.43 3131

Table 1: Multiple-domain networks. The figure reports the (top-1) classification accuracy (%) of
different models on the decathlon tasks and final decathlon score (S). ImageNet is used to prime the
network in every case, except for the networks trained from scratch. The model size is the number of
parameters w.r.t. the baseline ResNet. The fully-finetuned model, written blue, is used as a baseline
to compute the decathlon score.

Model Airc. C100 DPed DTD GTSR Flwr OGlt SVHN UCF

Finetune 1.1 60.3 3.6 63.1 0.6 80.3 0.7 45.3 1.4 68.1 27.2 73.6 13.4 87.7 0.2 96.6 5.4 51.2
LwF [21] high lr 4.1 61.1 21.0 82.2 23.8 92.3 36.7 58.8 11.5 97.6 34.2 83.1 3.0 88.1 0.2 96.1 18.6 50.0
LwF [21] low lr 38.0 50.6 33.0 80.7 53.3 92.2 47.0 57.2 23.7 96.6 45.7 75.7 21.0 86.0 13.3 94.8 29.0 44.6
Res. adapt. finetune all 59.2 63.7 59.2 81.3 59.2 93.3 59.2 57.0 59.2 97.5 59.2 83.4 59.2 89.8 59.2 96.1 59.2 50.3

Table 2: Pairwise forgetting. Each pair of numbers report the top-1 accuracy (%) on the old task
(ImageNet) and a new target task after the network is fully finetuned on the latter. We also show
the performance of LwF when it is finetuned on the new task with a high and low learning rate,
trading-off forgetting ImageNet and improving the results on the target domain. By comparison, we
show the performance of tuning only the residual adapters, which by construction does not result in
any performance loss in ImageNet while still achieving very good performance on each target task.

5.1 Results

There are two possible extremes. The first one is to learn ten independent models, one for each
dataset, and the second one is to learn a single model where all feature extractor parameters are
shared between the ten domains. We evaluate next different approaches to learn such models.

Pairwise learning. In the first experiment (table 1), we start by learning a ResNet model on ImageNet,
and then use different techniques to extend it to the remaining nine tasks, one at a time. Depending
on the method, this may produce an overall model comprising ten ResNet architectures, or just one
ResNet with a few domain-specific parameters; thus we also report the total number of parameters
used, where 1× is the size of a single ResNet (excluding the last classification layer, which can never
be shared).

As baselines, we evaluate four cases: i) learning an individual ResNet model from scratch for each
task, ii) freezing all the parameters of the pre-trained network, using the network as feature extractor
and only learn a linear classifier, iii) standard finetuning and iv) applying a reimplementation of the
LwF technique of [21] that encourages the fine-tuned network to retain the responses of the original
ImageNet model while learning the new task.

In terms of accuracy, learning from scratch performs poorly on small target datasets and, by learning
10 independent models, requires 10× parameters in total. Freezing the ImageNet feature extraction is
very efficient in terms of parameter sharing (1× parameters in total), preserves the original domain
exactly, but generally performs very poorly on the target domain. Full fine-tuning leads to accurate
results both for large and small datasets; however, it also forgets the ImageNet domain substantially
(table 2), so it still requires learning 10 complete ResNet models for good overall performance.

When LwF is run as intended by the original authors [21], is still leads to a noticeable performance
drop on the original task, even when learning just two domains (table 2), particularly if the target
domain is very different from ImageNet (e.g. Omniglot and SVHN). Still, if one chooses a different
trade-off point and allows the method to forget ImageNet more, it can function as a good regularizer
that slightly outperforms vanilla fine-tuning overall (but still resulting in a 10× model).
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Next, we evaluate the effect of sharing the majority of parameters between tasks, whereas still
allowing a small number of domain-specific parameters to change. First, we consider specializing
only the BN layer scaling and bias parameters, which is equivalent to the approach of [5]. In this
case, less than the 0.1% of the model parameters are domain-specific (for the ten domains, this results
in a model with 1.01× parameters overall). Hence the model is very similar to the one with the
frozen feature extractor; nevertheless, the performances increase very substantially in most cases (e.g.
23.31%→ 43.05% accuracy on Aircraft).

As the next step, we introduce the residual adapter modules, which increase by 11% the number
of parameters per domain, resulting in a 2× model. In the pre-training phase, we first pretrain on
ImageNet the network with the added modules. Then, we freeze the task agnostic parameters and
train the task specific parameters on the different datasets. Differently from vanilla fine-tuning, there
is no forgetting in this setting. While most of the parameters are shared, our method is either close or
better than full fine-tuning. As a further control, we also train 10 models from scratch with the added
parameters (denoted as Scratch+), but do not observe any noticeable performance gain in average,
demonstrating that parameters sharing is highly beneficial. We also contrast learning the adapter
modules with two values of weight decay (0.002 and 0.005) higher than the default 0.0005. These
parameters are obtained after a coarse grid search using cross-validation for each dataset. Using
higher decay significantly improves the performance on smaller datasets such as Flowers, whereas
the smaller decay is best for larger datasets. This shows both the importance and utility of controlling
overfitting in the adaptation process. In practice, there is an almost direct correspondence between
the size of the data and which one of these values to use. The optimal decay can be selected via
validation, but a rough choice can be performed by simply looking at the dataset size.

We also compare to another baseline where we only finetune the last two convolutional layers and
freeze the others, which may be thought to be generic. This amounts to having a network with twice
the number of total parameters in a vanilla ResNet which is equal to our proposed architecture. This
model obtains 64.7% mean accuracy over ten datasets, which is significantly lower than our 73.9%,
likely due to overfitting (controlling overfitting is one of the advantages of our technique).

Furthermore, we also assess the quality of our adapter without residual connections, which corre-
sponds to the low rank filter parametrization of section 3.1; this approach achieves an accuracy of
70.3%, which is worse than our 73.9%. We also observe that this configuration requires notably more
iterations to converge. Hence, the residual architecture for the adapters results in better performances,
better control of overfitting, and a faster convergence.

End-to-end learning. So far, we have shown that our method, by learning only the adapter modules
for each new domain, does not suffer from forgetting. However, for us sequential learning is just a
scalable learning strategy. Here, we also show (table 1) that we can further improve the results by
fine-tuning all the parameters of the network end-to-end on the ten tasks. We do so by sampling a
batch from each dataset in a round robin fashion, allowing each domain to contribute to the shared
parameters. A final pass is done on the adapter modules to take into account the change in the shared
parameters.

Domain prediction. Up to now we assume that the domain of each image is given during test
time for all the methods. If this is unavailable, it can be predicted on the fly by means of a small
neural-network predictor. We train a light ResNet, which is composed three stacks of two residual
networks, half deep as the original net, obtaining 99.8% accuracy in domain prediction, resulting in a
barely noticeable drop in the overall multiple-domain challenge (see Res. adapt dom-pred in table 1).
Note that similar performance drop would be observed for the other baselines.

Decathlon evaluation: overall performance. While so far we have looked at results on individual
domain, the Decathlon score eq. (1) can be used to compare performance overall. As baseline error
rates in eq. (1), we double the error rates of the fully finetuned networks on each task. In this manner,
this 10× model achieves a score of 2,500 points (over 10,000 possible ones, see eq. (1)). The last
column of table 1 reports the scores achieved by the other architectures. As intended, the decathlon
score favors the methods that perform well overall, emphasizes their consistency rather than just their
average accuracy. For instance, although the Res. adapt. model (trained with single decay coefficient
for all domains) performs well in terms of average accuracy (73.88%), its decathlon score (2118) is
relatively low because the model performs poorly in DTD and Flowers. This also shows that, once
the weight decays are configured properly, our model achieves superior performance (2643 points) to
all the baselines using only 2× the capacity of a single ResNet.
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Finally we show that using a higher capacity ResNet28 (12×, ResNet adapt. (large) in table 1), which
is comparable to 10 independent networks, significantly improves our results and outperforms the
finetuning baseline by 600 point in decathlon score. As a matter of fact, this model outperforms the
state-of-the-art [40] (81.2%) by 3.5 points in CIFAR100. In other cases, our performances are in
general in line to current state-of-the-art methods. When this is not the case, this is due to reduced
image resolution (ImageNet, Flower) or due to the choice of a specific video representation in UCF
(dynamic image).

6 Conclusions

As machine learning applications become more advanced and pervasive, building data representations
that work well for multiple problems will become increasingly important. In this paper, we have
introduced a simple architectural element, the residual adapter module, that allows compressing many
visual domains in relatively small residual networks, with substantial parameter sharing between
them. We have also shown that they allow addressing the forgetting problem, as well as adapting to
target domain for which different amounts of training data are available. Finally, we have introduced
a new multi-domain learning challenge, the Visual Decathlon, to allow a systematic comparison of
algorithms for multiple-domain learning.

Acknowledgments: This work acknowledges the support of Mathworks/DTA DFR02620 and ERC 677195-
IDIU.
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Chapter 4

Efficient parametrization of
multi-domain deep neural networks

This work was presented as a Poster Presentation at the IEEE Conference on Com-

puter Vision and Pattern Recognition (CVPR), 2018.

This paper is a follow-up work of Chapter 3 where we further study the concept

of residual adapters. We propose an improvement of these adapters by adopting a

parallel design rather than adding the adapters in series. Compared to the series

adapters, we show that the parallel adapters are plug-and-play and can be directly

used with any off-the-shelf pre-trained network. We also introduce a cross-domain

adapter compression which improves the classification performance while reducing the

memory footprint of the adapters. Finally, we present some good practice guidelines,

for example how to regularise the adapters depending on the dataset and network

sizes, or that it is beneficial to add adapters all along the network instead of the

transfer learning practice of freezing the early layers.
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Abstract

A practical limitation of deep neural networks is their
high degree of specialization to a single task and visual do-
main. Recently, inspired by the successes of transfer learn-
ing, several authors have proposed to learn instead univer-
sal feature extractors that, used as the first stage of any
deep network, work well for several tasks and domains si-
multaneously. Nevertheless, such universal features are still
somewhat inferior to specialized networks.

To overcome this limitation, in this paper we propose
to consider instead universal parametric families of neural
networks, which still contain specialized problem-specific
models, but differing only by a small number of parameters.
We study different designs for such parametrizations, in-
cluding series and parallel residual adapters, joint adapter
compression, and parameter allocations, and empirically
identify the ones that yield the highest compression. We
show that, in order to maximize performance, it is necessary
to adapt both shallow and deep layers of a deep network,
but the required changes are very small. We also show that
these universal parametrization are very effective for trans-
fer learning, where they outperform traditional fine-tuning
techniques.

1. Introduction

As deep neural networks continue to dramatically im-
prove results in almost all traditional problems in computer
vision, the interest of the community has started to shift
towards more ambitious goals. One of them is to super-
sede the common paradigm of addressing different image
understanding problems independently, using ad-hoc solu-
tions and learning different and largely incompatible mod-
els for each of them. Just like the human brain is capable
of addressing a very large number of different image anal-
ysis tasks, so it should be possible to develop models that
address well and efficiently a variety of different computer
vision problems, with better efficiency and generalization

︸ ︷︷ ︸
(a) universal parametric family

︸ ︷︷ ︸
(b) universal feature extractor

Figure 1: Universal parametric network families. We de-
velop compact parametric families of neural networks (a)
that can target very different visual domains, from Ima-
geNet to stop signs and characters, while sharing the vast
majority of their parameters w. Domain-specific parame-
ters αt are isolated in small modular adapters that can be at-
tached to an existing network to steer it non-disruptively to
different domains and enable efficient model storage, trans-
fer, and exchange, as well as transfer learning. Parametric
families are shown empirically to be much more powerful
than sharing a fixed universal feature extractor as in (b).

than individual networks.
There are at least three aspects to this challenge. The

first is to construct a multi-task model that can extract
multiple types of information from an image, performing
class/object detection and segmentation, boundary extrac-
tion, motion estimation, etc. [14]. The second is to develop
a multi-domain model that can work well for many different
visual domains, such as Internet images, scene text, medi-
cal images, satellite images, driving images, etc [3, 23]. The
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third is to develop an extensible model that can evolve over
time, reusing previously acquired knowledge to learn to
process new tasks and domains efficiently, while at the same
time avoiding to forget previously-acquired abilities [18].

Concerned with the second and third problem, several
authors before us have framed this as the problem of learn-
ing a single universal first-stage to be shared among differ-
ent deep networks (fig. 1.b). The idea is that early layers
should process low-level and hence widely-applicable vi-
sual information. However, such universal feature extrac-
tors do not work quite as well as learning problem-specific
networks, either from scratch or using transfer learning.

In this paper, we propose an alternative perspective. In-
stead of seeking a single, fixed first stage, we want to de-
velop compact parametrizations for multi-domain networks
(fig. 1.a). Consider a deep network Φ(x;w, α) applied to an
image x, for example for image classification. We partition
the network parameters in a universal vector w, which is
fixed and shared among all domains, and a parameter vector
α, which is instead domain specific. We then seek architec-
tures that: 1) can share the vast majority of their parameters,
so that the size of α is a small fraction of the size of w, and
2) can learn a new α for a new domain from a very small
number of training examples. In other words, we would like
to compress a family of domain-specific neural networks so
that they can be exchanged and learned more efficiently.

While our method does not result in a single, univer-
sal neural network, as the parameters α are still domain-
specific, finding architectures that afford a great degree of
parameter sharing is an important step in this direction.
There are also concrete practical benefits. First, universal
families work better than the standard transfer learning ap-
proach of fine-tuning off-the-shelf models; hence, they may
replace the latter strategy in numerous applications. Sec-
ond, there are applications such as mobile devices that re-
quire running several different neural networks, which may
incur a significant computational and energy overhead due
simply to the need of swapping their parameters on a ded-
icated integrated circuit. One may face similar overheads
when transmitting model parameters over a network, or
storing them locally. Our approach makes storing, exchang-
ing, and updating models much more efficient.

Related to our work, a few papers [23, 25] have proposed
low-dimensional parametrizations of the filters in a neural
network with good compression results. The paper of [23],
in particular, proposed the idea of residual adapters to build
networks with a high-degree of parameter sharing. In this
work, we propose some important improvements over this
basic module. First, we show that a simple change, where
the topology of the adapter is parallel rather than series, re-
sults in major improvements across the board, in terms of
overall accuracy, applicability to existing off-the-shelf net-
work, and transfer learning. Second, we investigate which

parts of typical networks require adaptation, and we show
that often both early and late layers need to be adapted to
obtain the best performance. Third, we experiment with
different regularization strategies for the adapters such as
dropout which proves highly beneficial when using a bigger
pretrained network. Fourth, we introduce a cross-domain
compression procedure for the adapters which allows to re-
duce significantly the numbers of adapter parameters. Most
importantly, this compression contributes to multi-domain
regularization resulting in improved overall performance
thanks to information sharing among target datasets.

The rest of the paper is organized as follows. Section 2
discusses related work. Section 3 describes our neural net-
work parametrization and how it applies to state-of-the-art
neural network architectures. Section 4 demonstrates em-
pirically the power of our approach on standard datasets,
setting in particular the new state of the art on the Visual
Decathlon benchmark, as well as demonstrating excellent
transfer learning capabilities. Finally, section 5 summarizes
our findings.

2. Related Work
Our work intersects with various lines of research in

multi-task learning, learning without forgetting, domain
adaptation, and other areas.

Multi-task learning (MTL) aims at learning multiple
related tasks simultaneously by sharing information and
computation among them. Early work [5] in this area fo-
cuses on deep neural network (DNN) models which share
weights in the earlier layers and use specialized ones in
the later layers. It is shown in [5] that sharing param-
eters during training helps exploiting regularities present
across tasks and improving the performance by constraining
the learned representation. However this setting requires
to manually design the network and decide which layers
should be shared across multiple tasks. This paradigm is
applied to various learning problems from natural language
processing [6] and automated drug discovery [7] to speech
recognition [12]. In computer vision, deep MTL models
are applied to object tracking [34], facial-landmark detec-
tion [35], object and part detection [2], object detection and
instance segmentation [10], a collection of low-level and
high-level vision tasks [14]. Differently from our work, this
line of research focuses on learning a diverse set of tasks in
the same visual domain.

Multi-domain learning. Our method is most related to
recent works [3, 23, 25] which aim at learning a single net-
work to perform image classification tasks in a diverse set
of domains. The main focus is to learn a single network
that can represent compactly all the domains with minimal
number of task specific parameters. To do so, Bilen and
Vedaldi [3] propose to model different domains in a sin-
gle neural network by sharing all core model parameters
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except parameters in batch and instance normalization lay-
ers. Rebuffi et al. [23] extend [3] and propose a new pa-
rameterization of the standard residual network architecture
that enables a high degree of parameter sharing between
domains with a small increase (< 10%) in the model pa-
rameters. The authors of [25] propose a parameter-efficient
architecture that enables learning new domains sequentially
without forgetting. We build our method on [23, 25] and
significantly improve over them in terms of accuracy and
compression ratio by introducing a novel and more compact
adapter module, and a better regularization strategy.

Parameterized MTL. Another MTL approach [1, 32,
20] focuses on dynamically generating DNN weights given
the task identity. Bertinetto et al. [1] propose a method to
learn the parameters of a deep model from a single exem-
plar for one-shot classification. As a naive predicting of
high dimensional weights is not feasible, the authors first
obtain a low rank decomposition of filters and define the
new network as a linear combination of the low-rank fil-
ters. Similarly, the authors of [32] propose a tensor factor-
ization method that can realize automatic learning of end-
to-end knowledge sharing in deep networks. Meyerson and
Miikkulainen [20] propose a soft ordering approach, which
dynamically computes to what extent each filter contributes
to each tasks and thus how much is shared across different
tasks. As a matter of fact, we also use a similar low rank
decomposition technique to the one in [1]. However, the
decomposition is used to design a more compact sharing
across tasks.

Domain adaptation. There is a rich body of work in
domain adaptation including the ones in deep learning such
as [9, 31] that minimizes the domain discrepancy. The au-
thors of [19] propose a deep network architecture that can
jointly learn adaptive classifiers and transferable features
from the source to target domain by modeling source clas-
sifier as sum of target classifier and a residual function.
Bousmalis et al. [4] consider an explicit parameterization
of domain-generic and domain-specific that learns to ex-
tract image representations from the partitioned subspaces.
Li et al. [17] propose a meta-learning method that trains
any given model to be more robust to domain shift. Our
method differs to this group of work in two important as-
pects: First, in addition to domain change (e.g. DSLR vs.
webcam), each domain contains a unique set of outputs (i.e.
object categories) in our case. Second, domain adaptation
typically aims to maximise performance on the target do-
main regardless of potential forgetting.

Life-long learning. Another important research direc-
tion in MTL is sequential learning of multiple tasks [21, 30].
While the key idea is to exploit the knowledge from the pre-
vious tasks, learning sequentially typically suffers from for-
getting the previous tasks, a phenomenon referred as “catas-
trophic forgetting” in [8]. Recent work [29, 26] address

(a) series (b) parallel

Figure 2: Series vs parallel residual adapters. (a) typical
module of a residual network inclusive of batch normaliza-
tion layers and residual adapters (in blue). (b) the same con-
figuration, but with parallel adapters instead, resulting in a
simpler network.

this problem by freezing the network parameters for the
old tasks and only updating the parameters of the new task
which leads to a linear growth in the number of total param-
eters with the number of tasks. Another approach is to pre-
serve the previous knowledge by retaining the response of
the original network on the new task [18, 24]. The problem
is also addressed by keeping the network parameters [13]
and features [22] of the new task close to the original ones.
Our method can also be related to both [26, 13], as it retains
the knowledge of previous tasks perfectly, while adding a
small number of extra parameters for the new tasks.

3. Method

This section describes different ways of constructing a
parametric family of neural networks that can tackle mul-
tiple domains while sharing the vast majority of their pa-
rameters. Section 3.1 introduces a number of adapter mod-
ules. These modules attach to a standard deep neural net-
work architecture such as ResNet [11] to steer it to different
problems by means of a small number of adaptation param-
eters. Section 3.2 discusses different ways in which residual
adapters can be injected in a standard neural network, sec-
tion 3.3 how they can be regularized, and section 3.4 how
the parameters can be further compressed.
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3.1. Adapter modules

We begin by reviewing the recent adapter modules
of [23] (section 3.1.1). We then discuss a number of al-
ternative designs that, as shown empirically in section 4,
perform significantly better (3.1.2). These modules are il-
lustrated in fig. 2.

3.1.1 Series residual adapters

The residual adapter modules introduced by [23] consist of
a 1×1 filter bank in parallel with a skip connection (fig. 2.a):

y = ρ(x;α) = x+ diag1(α) ∗ x.

If the input tensor has shape x ∈ RH×W×C , then α ∈
RC×C has O(C2) parameters. Here we use the operator
diagL(A) ∈ RL×L×C×D to reshape a matrix A ∈ RC×D

in a bank of “diagonal” filters:

[diagL(A)]vucd =

{
Adc, v = u = (L− 1)/2 + 1,

0, otherwise.

This operator transforms the matrix A into a 1×1 filter bank
embedded as the central element of a larger L×L filter bank
by appending zeros around it (L is assumed to be odd).

An advantage of this relatively cumbersome notation is
that we can rewrite the module as a single filter:

ρ(x;α) = diag1(I + α) ∗ x

The rationale for the additive parameterization is that the
identity function is recovered if α = 0. This is the case
when a strong regularizer is applied on α during learning,
shrinking the weights towards zero. In turn, this allow to
easily control the adaptation strength, and thus generaliza-
tion.

Residual adapters are installed in series with standard fil-
ter banks f ∈ RL×L×C×C in the neural network. So for
example a typical sequence is

z = ρ(f ∗ x;α) = (diag1(I + α) ∗ f) ∗ x.

This can also be interpreted as a low-rank decomposition of
a filter bank g, using f as a basis:

ρ(f ∗ x;α) = g ∗ x, [g]vucd =
∑

d

(1 + αdc)[f ]vucd.

This also means that the adapters can be “fused” with the
convolutional layer f by computing g explicitly, with no
added evaluation cost at test time. However, this operation
is difficult to undo, preventing from retargeting the network
to another problem, which may be inappropriate in certain
applications.

Size of the adapters. In this configuration, the adapter pa-
rameters are a fraction C2/L2C2 = 1/L2 of the filter bank
parameters. For example, for a 3× 3 filter bank, L = 3 and
the adapters are 9 times smaller.
Relationship to batch normalization. For learning, it
is customary to inject batch normalization (BN) layers in
architectures, especially of the very deep variety such as
ResNet. Figure 2.(a) illustrates a complete residual module,
inclusive of BN, ReLU, convolution, and adapter layers for
the series configuration.

3.1.2 Parallel residual adapters

While in the previous section adapters are installed in series
with existing filter banks f , we propose here an alternative
configuration in which adapters are connected in parallel
instead (fig. 2.b):

y = f ∗ x+ diag1(α) ∗ x = (f + diagL(α)) ∗ x.
Parallel adapters can also be interpreted as a low-
dimensional parametrization of a filter bank g:

ρ(f ∗ x;α) = g ∗ x,

[g]vucd = [f ]vucd +

{
αdc, v = u = (L− 1)/2 + 1,

0, otherwise.

However, differently from series ones, in this case the de-
composition is affine. The parameters f can be thought as a
universal filter bank which is adjusted additively by modi-
fying the “diagonal” elements of the filters based on α.

Like for the series residual adapters, at test time it is pos-
sible to “fuse” the adapters α and filters f by computing g
explicitly. Differently from that case, however, this additive
change can be easily undone to allow to retarget the network
to a new task.
Size of the adapters. If f ∈ RL×L×C×C , then α ∈ RC×C

has the same dimensions as before, so parallel and series
adapters have the same number of parameters. It also bene-
fits from the same shrinking to identity property, as setting
α = 0 recovers f .
Relationship to batch normalization. Just as for series
adapters, injection in a neural network such as ResNet [11]
requires to clarify the relationship between the adapters and
other layers such as BN. This is illustrated in fig. 2.(b). Note
that the parallel configuration is significantly simpler. For
example, compared to the parallel adapters, it saves one BN
layer per application.
Further discussion. For both residual and parallel
adapters, the filters g are points in a certain low-dimensional
affine subspace parameterized by α. However, for residual
adapters the affine subspace is linear (passes through the
origin) and its orientation is variable. For parallel adapters
the subspace is affine and the orientation is fixed (given by
coordinate axis along the “diagonal”).
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3.2. Network architecture

Having chosen a type of adapter modules, the next ques-
tion is how they can be best applied to a deep neural net-
work. Adapters may be applied throughout its depth, or
more adaptation may be required at the shallower, interme-
diate, or deeper layers.

To explore these design strategies, we consider as base-
line model ResNet [11] in the 26-layer configuration (suit-
able for medium-sized images). This network (section 3.2)
is formed of 3 macro-blocks of convolutional layers, each
outputting 64, 128 and 256 feature channels. Each macro-
block contains 4 residual blocks each, each of which con-
sists of two convolutional layers using 3 × 3 filters and a
skip connection. The resolution of the data is halved from
a macro-block to the next using average pooling. Note
that, compared to other architecture such as AlexNet [16]
and VGG16 [27], ResNet has a minimal fully-connected
layer, meaning that abstraction is likely to increase more
uniformly throughout the convolutional part of the network.

In order to experiment with different placements for the
adapters, ResNet is broken down into three trunks: early,
mid, and late, corresponding to the three macro blocks. Em-
pirically (section 4), we apply the adapters to each stage
individually, or to the three stages together. We also experi-
ment with distributing adapters throughout the depth of the
model, but skipping one every two, by adapting only the
second convolutional layer in each residual block.

Note that the adapter dimensionality is determined by the
number of channels in different layers of the architectures.
Adapters applied to deeper layers are therefore bigger be-
cause the number of feature channels increases with depth.
In section 3.4 we show how adapters can be further com-
pressed.

3.3. Regularization: shrinkage vs dropout

One advantage of residual adapters is that they revert to
the original neural network when α is zero. This is true
for series adapter (as noted before) as well as for parallel
adapters.

However, there are many alternative forms of regulariza-
tion that apply to deep networks. For example, BN layers
are noisy by construction, and are known to help regularize
learning. Another well known method is dropout [28]. In
the experiments, shrinkage is compared empirically against
dropout, and the latter is shown to be necessary when using
a bigger pretrained network. Note that, due to the additive
nature of the adapter, dropout in this case is akin to injecting
additive noise to the output of the network filters.

3.4. Cross-domain adapter compression

The size of a residual adapter is determined by the num-
ber of feature channels of the convolutional layer it is ap-
plied to. For deep layers in a neural network, where the

number of channels C can be quite large, the number C2 of
adapter parameters can still be non-negligible.

In order to address this issue, we propose to further com-
press the adapters. A simple approach is to consider a
low rank decomposition α = βγ⊤ of the adapter matrix
α ∈ RC×C , where β, γ ∈ RC×K and K ≪ C. Such a
decomposition can be obtained efficiently using the SVD to
minimize the reconstruction residual ‖α − βγ⊤‖F . After
replacing α with β, γ, the latter are fine-tuned again on the
target task to improve performance further. This scheme
uses a fraction 2KC/C2 = 2K/C of the parameters.

Better compression can be obtained by decomposing the
adapters jointly for all domains. In order to do so, let
α1, . . . , αT ∈ RC×C be domain-specific adapters for T
tasks. After stacking these matrices, computing the SVD
decomposition of the result, and retaining only the top K
singular values, one gets:

[
α1 . . . αT

]
= UΣV =

[
U
...

][
Σ̄

. . .

][
V̄ ⊤
1

|
V̄ ⊤
T

...
...

]

where U, V̄t ∈ RC×K , U⊤U =
∑

t V̄
⊤
t V̄t = I ∈ RK×K

and Σ̄ ∈ RK×K is diagonal. Setting β = U Σ̄ and γt = V̄ ⊤
t ,

we obtain the approximation:

∀t = 1, . . . , T : αt ≈ βγ⊤
t (1)

where β, γt ∈ RC×K . In this case, β is shared between
domains acting as a common metric and only the factors γt
are fine-tuned to simplify optimization.

The total number of parameters in (β, γ1, . . . , γT ) over
the parameters in (α1, . . . , αT ) for a large number of tasks
T is given by

TCK + CK

TC2
→ K

C
.

In practice, we show that good results can be obtained by
setting K = C/2, therefore with a 2× reduction in the
adapter parameters. Joint compression also allows target
tasks to communicate and further share parameters (β), in
contrast with [23, 25] where adapters are independent. We
show that this results in a multi-task regularizer which al-
lows each domain to further benefit from the knowledge of
the others.

Finally, note that the parallel adapters can be seen as a
parametrization of filters spanning a fixed coordinate sub-
space. Equation (1) provides a more efficient parametriza-
tion of the same subspace, resulting in a higher degree of
parameter sharing.

4. Experiments

This section thoroughly assesses the proposed designs,
including the topology and position of the residual adapters
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(a) early︷ ︸︸ ︷ (b) mid︷ ︸︸ ︷ (c) late︷ ︸︸ ︷

Figure 3: Adapter injection in ResNet-26. Following the scheme of fig. 2, adapters are added to each residual block (here
given by a pair of convolutional blocks). We experiment with focusing adaptation on different segments of the network:
early, mid, and late. adapters

and the regularization and compression strategies intro-
duced in section 3. We evaluate these decisions quanti-
tatively in multi-domain learning (section 4.1) and trans-
fer learning scenarios (section 4.2). We share our code
and models in https://github.com/srebuffi/
residual_adapters.

4.1. Learning multiple domains

We first investigate the problem of learning multiple,
visually-diverse domains using a parameterized neural net-
work family. To this end, we use the recently-introduced
Visual Decathlon benchmark [23]. This benchmark con-
sists of 10 different well known datasets, from ImageNet, to
OmniGlot (glyphs) and German Traffic Signs. In the bench-
mark, images are resized to a common resolution of roughly
72 pixels to accelerate evaluation. Furthermore, given the
different nature and difficulty of the problems, results are
reported both in terms of top-1 accuracy as well as using
a “Decathlon score” that rebalances the different problems
making them comparable [23] (see table 1).

Following [23], we first train the universal parameters
w of the model using the ImageNet data with a 26 layer
ResNet [11] via a stochastic gradient optimization with mo-
mentum and finally obtain 60.32% top-1 accuracy on 72
pixel resized validation set. As the first baseline, we fine-
tune the pre-trained network for each dataset separately, de-
note it as “Finetuning” and report its performance in table 1.
This standard procedure produces a strong baseline with
competitive results, 76.9% mean accuracy and score 3096
(higher than the finetuning score 2500 of [23] due to im-
provements in the data augmentation process). However it
requires ten times more parameter capacity than the base
network, as it needs to train one network for each domain.
Parallel vs Series. Next, we compare different topolo-
gies for the adapter modules, series and parallel (see sec-
tion 3.1). For both settings, we first freeze the weights of
the pre-trained ImageNet model and learn only the adap-
tation parameters α1,··· ,K for each domain. Compared to
fine-tuning, adding class-specific adapters lead to a modest
increase (2× vs 10×) in total number of parameters. De-
spite their compactness, both approaches outperform the

fine-tuning baseline, achieving similar or better accuracy
over all datasets. This indicates that substantial parameter
sharing is possible. We also see that the parallel config-
uration outperforms the series one (by 1 point in average
accuracy and 250 decathlon points).

The parallel configuration has the key advantage of be-
ing plug-and-play whereas the series configuration of [23]
requires the adapters to be included when ResNet is pre-
trained on ImageNet. Indeed, adding them a-posteriori de-
creases performance substantially (-1.73 point in accuracy
on average over 4 datasets). In contrast, parallel adapters
can be appended to any pre-trained network, which allows
them to be used with off-the-shelf models.
Location of residual adapters. Here we study the optimal
placement strategy for the residual adapters throughout the
network. As shown in fig. 3, the network is composed of
three macro blocks, early, mid and late. In the first experi-
ment, we apply the parallel residual adapters to each macro-
block, skip the other two and report the results in table 1
as “Parallel (early,mid,late)”. We observe that it is crucial
to use the adapters in all the macro blocks as these 3 par-
tial models perform significantly worse than the full model.
Still, the adapters are most beneficial in the last block which
suggests that, as expected, filters become more specialized
and domain specific towards the end of network. We also
investigate how the adapters should be distributed within
each residual block. In the default setting, the adapters are
applied at each of the two convolutional layers (see fig. 2).
We evaluate the performance when it is applied to only the
second convolutional layer which reduces the number of
domain specific parameters by half. We observe that this
results in a consistent drop in classification accuracy, sug-
gesting that adapting each convolutional layer is beneficial.
Regularization. One of the challenges of training a single
network for multiple tasks is to find an optimal training set-
ting that can work when tasks differ in their difficulty level
and number of training images. For instance, we observe in
the preliminary experiments that training the adapter mod-
ules on the domains with fewer images per class such as Air-
craft, DTD, Flowers datasets lead to overfitting on the train-
ing set after only a few iterations. To prevent this, we ap-
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Model #par. ImNet Airc. C100 DPed DTD GTSR Flwr OGlt SVHN UCF mean S

# images 1.3m 7k 50k 30k 4k 40k 2k 26k 70k 9k

Finetuning 10× 60.32 60.34 82.12 92.82 55.53 99.42 81.41 89.12 96.55 51.20 76.88 3096

Series Res. adapt. 2× 60.32 61.87 81.22 93.88 57.13 99.27 81.67 89.62 96.57 50.12 77.17 3159
Parallel Res. adapt. 2× 60.32 64.21 81.91 94.73 58.83 99.38 84.68 89.21 96.54 50.94 78.07 3412

Parallel (early) 2× 60.32 50.47 78.58 93.26 58.46 99.00 82.27 87.68 95.39 47.77 75.32 2610
Parallel (mid) 2× 60.32 57.88 79.25 94.24 56.65 98.85 83.43 88.47 95.96 48.98 76.40 2852
Parallel (late) 2× 60.32 61.06 80.58 94.02 57.87 99.19 84.68 89.06 96.30 50.94 77.40 3159
Parallel (half) 1.5× 60.32 61.15 81.24 94.36 58.40 98.85 84.76 88.69 96.19 49.99 77.40 3061

Parallel SVD 1.5× 60.32 66.04 81.86 94.23 57.82 99.24 85.74 89.25 96.62 52.50 78.36 3398

Rebuffi et al. [23] 2× 59.23 63.73 81.31 93.30 57.02 97.47 83.43 89.82 96.17 50.28 77.17 2643
Rosenfeld & Tsotsos [25] 2× 57.74 64.11 80.07 91.29 56.54 98.46 86.05 89.67 96.77 49.38 77.01 2851

Table 1: Reports the (top-1) classification accuracy (%) and decathlon overall score (S) of different models on the decathlon
tasks [23]. The model size (“#par”) is the number of parameters w.r.t. the vanilla network pretrained on ImageNet. Our best
models use the parallel adapters and SVD, indicated as “Parallel SVD”.

ply a stronger regularization by increasing the weight decay
during training time. In particular, we group the datasets
in terms of size of their training set as in [23] and assign
a different weight decay value for each dataset i.e. higher
weight decay for smaller datasets (0.002 for Aircraft, DTD,
Flowers, 0.0005 for Omniglot, Pedestrian and UCF101 and
0.0001 for CIFAR100, GTSRB and SVHN). This forces a
stronger regularization for smaller datasets such that the re-
sulting network has to stay close to the pretrained network.
In addition to shrinkage, we also evaluate the effect of an-
other popular regularization strategy, dropout [28]. In this
experiment, we apply dropout just before the second par-
allel adapter in each residual block as done in the standard
WideResNet [33]. Figure 4a shows classification accuracies
for parallel adapters (with and without dropout) used with
pre-trained ResNet models with varying filter widths. We
see that dropout needs a wider pretrained network (2.5×) to
be effective and that the effect is significant no matter what
the size of the training set with a state-of-the-art 85% accu-
racy using the full training set or an impressive 73% accu-
racy using only 50 images per class. Thus, dropout enables
a better use of the adapters for high capacity pretrained net-
works even when few images per class are available.

Adapter compression. The size of each residual adapter is
dictated by the number of filters in its corresponding con-
volutional layer. In most of the modern deep network ar-
chitectures such as AlexNet [15], ResNet [11], the num-
ber of convolutional filters is designed to double after each
block. This leads to significant increase in the adapter size
at the later layers. While this is found to be beneficial for
a generic network design, we speculate that the dimension-
ality of required residual modules can be reduced without
any drop in classification performance, as some filter com-
binations can be useful for more than one domain. Thus,
we assume that weights of adapter modules α for different

domains are not linearly independent. To test our reason-
ing, we first take the pre-trained ResNet model and freeze
all the weights and only learn domain specific parameters α.
As described in section 3.4, we stack these weights, apply
the SVD and only retain half of the original dimensional-
ity that yields a further 50% reduction in parameters. Fi-
nally, we freeze β weights and fine-tune γ for each domain.
We show in table 1 that this approach preserves the perfor-
mance of the default parallel residual modules while having
lower number of parameters (twice as less adapters param-
eters). As expected, the cross-domain compression acts as
a multi-task regularizer and thus prevents from overfitting
on small datasets. For example, we can point out the sig-
nificant effect on Aircraft, VGG-Flowers or UCF 101 with
respectively an improvement of 1.8, 1.1 and 1.5 accuracy
points with less trainable parameters. For bigger datasets,
the performances are preserved while reducing the number
of parameters.
Comparison to the state-of-the-art. We also compare our
method to the recent work [23, 25] that report results on the
Decathlon dataset and show in table 1 that our method sig-
nificantly outperforms both. Our approach is directly com-
parable to [23] as the same base network is used; in particu-
lar, “Series Res. adapt.” in table 1 is our re-implementation
of [23], which outperforms the original in terms of mean ac-
curacy and Decathlon score (3159 vs 2643). Our final result
(SVD) achieves a boost of 1.2% in classification accuracy
and approximately 750 Decathlon points while employing
only half of the additional parameters used in [23]. Simi-
larly, we obtain a remarkable improvement over [25] (1.4%
in classification accuracy and approximately 550 Decathlon
points) with a significantly more compact architecture.

4.2. Transfer learning results
A desired property for a multiple domain learning

method is the ability to learn a previously unseen domain
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Figure 4: (a,b) analyze on CIFAR100 the influence of pretrained network settings when combined with parallel adapters.
(c,d,e) compare the performances of the different methods on 3 datasets in the Transfer Learning setting.

especially when training data is limited. To assess this
quantitatively, we take the pretrained ResNet model on Im-
ageNet and finetune by using the residual adapters on three
datasets, UCF-101 (“small”), CIFAR-100 (“medium”) and
MIT Places 205 (“large”) with more than 2 million images,
all resized to 72 pixels. We train our method with varying
the percent of training data and report the results in Figure 4.
Both the parallel and series configurations clearly outper-
form finetuning, not only when there is fewer data available
but also for the full size of CIFAR-100 and UCF101. Fine-
tuning only outperforms our method when it is trained on
the full training set of the MIT Places and obtains 51.13%
compared to our 47.2% validation accuracy. As our method
only updates the adapter parameters, finetuning can ex-
ploit the high capacity of the network. Hence, the paral-
lel adapters compare very favorably to standard fine-tuning
except for extremely large datasets. Series adapters are sim-
ilar, but with the key difference that the parallel configura-
tion can be applied to an off-the-shelf model a-posteriori. In
short, parallel adapters are a simple strategy that can replace
and outperform standard fine-tuning in almost every way.

4.3. Influence of the pre-training network

We discussed previously that dropout allows an efficient
use of wider networks with the parallel adapters and fig. 4a
shows that increasing the pretrained network size (from
0.5× to 2.5×) helps even when amount of training data is
limited. Here we also study how the pretrained network af-

fects the performances of transfer learning when it is trained
on a training set sampled from a smaller number of cate-
gories. We observe in fig. 4b that the classification accura-
cies on the target task decrease steadily if we pretrain the
same network with less ImageNet classes. Thus a good net-
work for transfer learning with adapters should be saturated
with as many classes as possible during pretraining.

5. Conclusion
In this paper we have shown that it is possible to build

universal parametric families of networks that can share
parameters very efficiently among multiple domains. We
have proposed and evaluated several design strategies for
the design of such architectures. The best results were ob-
tained by using parallel residual adapter modules distributed
throughout a neural network architecture and further jointly
rank-compressed. The resulting network families are very
compact, resulting in substantial savings in terms of model
storage, exchange, update, and transmission. They also
significantly outperform recent alternatives in benchmarks
such as Visual Decathlon. We have also showed that par-
allel adapter can replace traditional fine-tuning techniques,
achieving far superior performance that those in almost all
cases with no additional constraint or limitation.
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Chapter 5

Semi-supervised learning with
scarce annotations

This work was presented at the IEEE/CVF Conference on Computer Vision and Pat-

tern Recognition (CVPR) Workshops, 2020. This work was previously submitted and

rejected at ICCV 2019.

This paper tackles the problem of semi-supervised classification when very few labels

per class are available. First, we propose to pre-train the network with self-supervision

and freeze the early layers to respectively initialise the network without using any

label and constrain the data representation. When using such a pre-training, existing

methods can be competitive with as few as 10 labels per class. Second, we design a

self-labeling approach that leverages the self-supervision pre-training. Our method

combines an alternating optimisation scheme and the random subsampling of the

unlabelled set to avoid overfitting the labelled data and the pseudo-labels. Finally,

we show that our algorithm is also suited for other initialisations than self-supervision

as it clearly outperforms existing methods in semi-supervised transfer learning from

a pre-trained network.
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Abstract

While semi-supervised learning (SSL) algorithms pro-
vide an efficient way to make use of both labelled and un-
labelled data, they generally struggle when the number of
annotated samples is very small. In this work, we consider
the problem of SSL multi-class classification with very few
labelled instances. We introduce two key ideas. The first is
a simple but effective one: we leverage the power of trans-
fer learning among different tasks and self-supervision to
initialize a good representation of the data without making
use of any label. The second idea is a new algorithm for
SSL that can exploit well such a pre-trained representation.
The algorithm works by alternating two phases, one fit-
ting the labelled points and one fitting the unlabelled ones,
with carefully-controlled information flow between them.
The benefits are greatly reducing overfitting of the labelled
data and avoiding issue with balancing labelled and un-
labelled losses during training. We show empirically that
this method can successfully train competitive models with
as few as 10 labelled data points per class. More in gen-
eral, we show that the idea of bootstrapping features using
self-supervised learning always improves SSL on standard
benchmarks. We show that our algorithm works increas-
ingly well compared to other methods when refining from
other tasks or datasets.

1. Introduction

The success of Deep Learning (DL) in computer vision
comes at the cost of collecting large quantities of labelled
data. In many applications, data collection is increasingly
inexpensive, but data annotation still involves manual and
thus expensive labor. Semi-supervised learning (SSL) can
significantly reduce the cost of learning new models by us-
ing large datasets of which only a small proportion comes
with manual labels.

When only some data samples are annotated, one can

∗Authors contributed equally

exploit the structure in the data to infer, implicitly or ex-
plicitly, the missing annotations. For example, the class of
an image generally does not change if the camera is slightly
shifted while maintaining the focus on the same point. The
resulting viewpoint change can be approximated by a de-
formation or warp of the image. A change in illumination,
which also generally leaves the image class unchanged, can
instead be approximated by a linear transformation of the
image range. Hence, an effective way of propagating labels
is to enforce consistency in prediction: if one of these per-
turbations is applied to the image, then the prediction should
remain the same.

A simple way to incorporate such invariance while train-
ing a deep neural network is to consider image augmen-
tations such as rotations and flips and other perturbations
such as Dropout [34], which is injected directly at the level
of the features. Such perturbations are used as a form of
regularization for supervised learning to avoid overfitting.
The idea is that a perturbed image should maintain the same
ground-truth label as the original image. In the SSL setting,
where most labels are unknown, augmentation can be used
to encourage the predictions of unlabelled data instances to
be ‘consistent’, i.e. to remain stable across small variations
of the input image, regardless of which specific label the
data point takes. If data samples are dense enough, stabil-
ity to local perturbations may be sufficient to propagate the
known labels to the rest of the dataset. Similar ideas are
used in many approaches to semi-supervised classification,
including the recent works of [16, 21, 35]. Still, perfor-
mance degrades quickly with a diminishing number of la-
belled instances per class [24].

We can explain this performance drop as follows. Per-
turbations can bridge some of the gaps between labelled
data points, but the effect is ultimately only local. The
ability to transport information across points that are farther
apart (since there are fewer of them) depends mainly on the
smoothness of the data representation. For example, the Eu-
clidean distance is essentially meaningless in image space,
so that transferring labels between images that are close as
vectors of pixels is very ineffective. On the other hand, if

1



Figure 1. Consistency loss with the ramp-up strategy. The Π-model [16] is applied to the ‘two moons’ problem of [21] and various
steps of the optimization are shown. At first, the learned network creates a hard border (first panel) based on the labelled anchor points (in
yellow). Then the border is progressively stretched as the consistency loss is enforced more strongly (second and third panels). Overall,
the Π-model works well to label connected components of the data space. (Darker regions are more confident; best viewed in color.)

images are first encoded via a representation function in a
low dimensional space whose smoothness intrinsically cap-
tures some of the relevant invariances, then augmentation
can be much more effective.

Unfortunately, simply training a representation such as
a deep neural network on a semi-supervised dataset is un-
likely to solve the problem. In fact, it is difficult to learn
effectively from a label-deficient dataset with a small num-
ber of data points with known labels and a very large num-
ber of data points with unknown labels. In general, la-
belled points would work as “anchors”: since their label
is known with certainty, the neural network is forced to fit
those points with confidence, so that the information ex-
tracted from them can be reliably propagated. However,
when the ratio of labelled vs unlabelled points is very un-
balanced, the most likely result is that the neural network
would overfit the few labelled points, which would then
cease to have an influence on the unlabelled points, thus
preventing effective propagation.

We make several contributions to address such shortcom-
ings. The first contribution is a simple but effective one:
we propose to use self-supervision to bootstrap a good rep-
resentation of the data before running our SSL algorithm.
Self-supervision defines a pretext-task where a full set of
labels can be generated. While these labels are unrelated to
the task at hand, we exploit the ability of deep network to
transfer effectively between tasks and re-use the pre-trained
feature to initialize SSL. Note that the data are the same, it
is only the task which is being transferred.

The other contribution is a new SSL algorithm that can
leverage the bootstrapped representation well. The core
idea is that, instead of fitting labelled and unlabelled data
points simultaneously, we alternate between two phases of
optimization. The information flow between the two phases
is carefully controlled to minimize the risk of overfitting.
Namely, during phase one we fit the labelled data, but only
change the final layer of the representation. Then, the re-
sulting classifier is used to generate pseudo-labels for phase
two, where the unlabelled data are fitted. At this point, the
representation is reset to initial state (from the pre-text task)

and fine-tuned using the pseudo-labels only. Finally, the
fine-tuned representation is passed back to phase one to re-
train the classifier and obtain new-pseudo labels. In this
way, the few available data points are only used to fit a
small number of model parameters (a classifier layer only),
whereas the large unlabelled dataset is used to fine-tune the
representation. We show empirically that this greatly re-
duces overfitting.

We add other technical contributions to this basic
scheme. The most significant in terms of final perfor-
mance is inspired by cross-validation, Tri-Training [41] and
weakly supervised localization [9], and amounts to split our
dataset in different subsets, considering only part of the
unlabelled data at each cycle of the alternate optimization
above.

Empirically, we show that our method achieve close
to state-of-the-art results in a large number of benchmark
cases we test. Furthermore, in addition to showing that our
method is effective as a standalone algorithm, we also show
two other potential utilities of it. First it is able to refine re-
sults obtained from others SSL methods and second it works
best among other SSL algorithm when transferring informa-
tion from one dataset to another. Finally, further studies on
architectures and self-supervised task were carried out to
assess their importance in improving SSL accuracy.

2. Related work
There exist a vast number of classic works on SSL [4]

across many disciplines [7, 31, 36]. In the classification
context, one common approach is to optimise the conven-
tional cross-entropy loss on the labelled data together with
a regularisation term that propagates information to the un-
labelled data. One popular form of ‘regularisation’ is the
consistency of predictions to perturbation [1, 29]. [26] in-
troduced a ladder network that minimises the reconstruc-
tion loss between the network outputs from a given sample
and its stochastically-perturbed counterpart. [16] simplified
the ladder network into two temporal methods: Π-Model
and Temporal Ensembling. Both encourage the output of
the network for each unlabelled instance to be as similar



as possible between different training epochs, by penalis-
ing the inconsistency between current network predictions
and past predictions. More recently, the Mean Teacher [35]
extended these methods by ensembling over the parameter
space: instead of recalling past predictions they run an ex-
ponential moving average over the weights of the network
to build a Teacher model. The Teacher network is then used
to enforce consistency in predictions with the main model,
called the Student. Mean Teacher was extended in [19] by
a certainty-driven consistency loss that focuses on the unla-
belled training samples whose labels are the most uncertain.
Similarly, [21] considered instead adversarial perturbations
that maximise the change in model prediction. [12] also
used this idea together with gradient alignment between la-
belled and unlabelled data to further improve classification
results.

SSL approaches alternative to perturbations include
GANs [30, 33]. [6] introduced a memory-assisted deep
neural network (MA-DNN) which uses an external mem-
ory module to maintain the category prototypes and pro-
vide guidance for learning with unlabelled data. Alterna-
tively, [20] uses a label graph to refine the Mean Teacher’s
model predictions. When using graphs, label propaga-
tion [13, 18, 42] is also commonly used. [17] proposed
to iteratively assign pseudo-labels for unlabelled data and
pick the high-confidence assignments as training data in
the subsequent learning steps, combined with the entropy
loss to further regularise training. The idea of pseudo la-
belling is also used alongside with interpolation in [37].
Tri-training [41] and its deep network extension Tri-Net[5]
use co-training [3] to generate three classifiers from three
different portions of the data and let them label the unla-
belled data. [24] shows that consistency is generally the
most resilient method as the number of labelled instances
decreases, but all such methods suffer significantly when
this number is decreased past a certain point.

Transfer learning is not often used in SSL. [8] and
[24] used a pre-trained network to fine-tune it on a re-
stricted part of the labelled set. Closer to our approach,
[40] also combined both SSL algorithms and transfer learn-
ing. However, their approach used a pre-trained network
from ImageNet[28] to train SSL methods on non-standard
datasets for SSL. Our work extends their study to transfer
learning from self-supervision and propose a method that
surpasses current SSL technique when transferring repre-
sentation across dataset.

In addition, we notice very recent concurrent works [2,
32] showing promising results. However, none of them fo-
cuses on SSL with scarce annotations.

3. Method
We introduce a SSL algorithm that can work effectively

when there are only very few annotated data points, in-

Algorithm 1 Proposed Alternative Optimisation Algorithm
1: Preparation phase:
2: Train a self-supervised method on the whole dataset

and freeze the first blocks’ weights. Replace the last
layer with one dimensioned for the classification task.
The trainable weights now form a network Nt

3: Main Loop:
4: for i ∈ {1, . . . , N} do
5: Supervised-training: Fine-tune Nt classification

layer on the labelled subset with cross-entropy loss
Llabelled.

6: Labels assignement: Use Nt to assign a label yi to
each unlabelled sample xi.

7: Dataset split: Create a training set Ti from a ran-
dom split of the unlabelled data.

8: Restart: Reassign Nt to the weights extracted from
the preparation phase.

9: Unsupervised-training: Train Nt on the unla-
belled metaset Ti with consistency and pseudo labelling
loss: Lunlabelled = 0.5Ltemp + 0.5Lpseudo.

10: end for

cluding avoiding supervised pre-training on large labelled
datasets. The algorithm starts by a preparation phase (sec-
tion 3.1, line 1 in algorithm 1) that initializes the weights
of the model using self-supervision, followed by alternating
between two phases (section 3.2, lines 5-9 in algorithm 1),
where in phase one a subset of the weights are fitted to the
few available labels and in phase two the whole model is
re-trained from scratch using pseudo-labels on all the data.

3.1. Transfer learning and self-supervision

SSL algorithms risk overfitting the available labelled
data points, especially when there is ony a small number of
them. Data augmentation and other forms of regularisation
can help to some extent, but their effectiveness is limited. A
more effective solution is to pre-train the model on a much
larger dataset, adding to the information contained in the
few labelled data points. Then transfer learning can be used
to fine-tune the pre-trained model using the labelled data.

The most common form of pre-training is to use a large,
external labelled dataset such as ImageNet. In this work,
however, we focus primarily on the case in which labels are
scarce, including in the pre-training phase. Furthermore, we
wish to avoid the use of external data altogether.

In order to do so, instead of using an external labelled
dataset for pre-training, we propose to use instead self-
supervision. Self-supervision uses a pretext task defined on
the available data, both labelled and unlabelled, to bootstrap
the model. The advantage is that self-supervision does not
require any label nor external data.

Empirically, we show that self-supervised pre-



initialization is very good. In particular, excellent
performance can be obtained by freezing most of the model
parameters to their pre-initialized values and use our SSL
algorithm to fine-tune only a small subset of them.

3.2. Alternate optimisation

Given a pre-initialized model, most SSL algorithms fine-
tune it using mini-batches containing a mix of labelled and
unlabelled data. They use a sum of two losses, the first one
enforcing the correct classification of the labelled samples
and the second one enforcing a form of prediction consis-
tency for the unlabelled samples. This consistency term
usually captures the fact that neighbor data points are likely
to have the same label. Often, a ramp-up is used for the
consistency loss [16, 35], so that in the first iterations of
training the model focuses on fitting the labelled data.

The effect of this ramp-up can be visualized using the
‘two moons’ of [21], a simple 2D toy clustering problem.
In fig. 1, we apply the Π-model algorithm of [16] to this
dataset. We see that, before the consistency loss is applied,
the network learns a simple boundary that fits the labelled
anchor points with tightly. Then, when the consistency loss
is applied, the network stretches the boundary to satisfy the
consistency criterion. This causes the classifier to become
less certain near the decision boundary, but more accurate
overall.

A drawback of this approach is that, since both losses are
optimized jointly, they must be carefully balanced by the
choice of appropriate hyper-parameters. This is particularly
true when there are very few label samples, which causes a
large imbalance between the two loss terms. Furthermore,
since mini batches are generally evenly split between la-
belled and unlabelled samples, the few labelled samples will
be seen very frequently by the optimizer, which will thus
overfit them.

Inspired by incremental learning techniques that try to
avoid overfitting on past exemplars while learning new
classes [27], we propose to disentangle the two losses by
alternating the optimisation of labelled and unlabelled data
points while maintaining soft constraints between them.
This method reduces the number of hyper-parameters and
avoids strong overfitting of the labelled data while still ex-
tracting useful knowledge from the labelled set.

In practice, after the preparatory phase of section 3.2 (l.1
in algorithm 1), each task is learnt separately in an alter-
nate fashion with a regularisation term that works as a soft
constraint borrowing information from the other task.

Phase one: fitting the labelled data. In the first part of
our training, we optimise the cross-entropy loss on the la-
belled set Llabelled and train the model for a few epochs.
In this part we only fine-tune the final classification layer
of the network (l.5 in algorithm 1). This way the labelled

samples benefit the most from the feature learnt during op-
timisation on the unlabelled set while not modifying the in-
termediate representation. We then use this trained network
to assign soft or hard pseudo-labels to the unlabelled data.
These pseudo-labels are used in the next phase to fit the un-
labelled data (l.6 in algorithm 1).

Phase two: fitting the unlabelled data. In the second
phase we reset the model with the parameters learnt during
the preparatory phase of section 3.2 (see l.8 in algorithm 1).
Then, we fine-tune the whole architecture on the unlabelled
set using a loss Lunlabelled that is a weighted average of a
term Lpseudo fitting the pseudo-labels estimated in the first
phase, and a second temporal consistency term Ltemp, bor-
rowed from the Π-model of [16]. The idea of the second
term is to match the probability distribution pt−1

i obtained
from the network for a sample xi at epoch t − 1 with the
probability pti assigned at iteration t to the same sample. We
use the KL-divergence between pt−1

i and pti during phase
two. (l.9 in algorithm 1). The loss Lpseudo, besides being
a soft constraint tying phase two to phase one, can also be
viewed as another consistency condition [40] that also helps
reduce the entropy on the final prediction.

Information flow. Note that the model is reinitialised ev-
ery time phase two is entered. This is done to avoid getting
stuck in local minima. Hence, the information that flows
from phase one to phase two is only the pseudo-labels on
the unlabelled data, whereas the information that flows from
phase two back to phase one are the weights of the network
fine-tuned on the unlabelled data.

While these choices may seem ad-hoc, they constitute
the primary reason why our algorithm is able to work well in
a low-labelled-data regime by avoiding overfitting. Thanks
to this technique, the algorithm focuses on fitting one loss
at a time while still allowing information to be exchanged
between the two subtasks. We show in section 4 this ap-
proach robustly improve the quality of the overall classifier
at every step.

3.3. Dataset split

One potential pitfall of alternating optimisation is the
drift that may be induced by training for a long time on
the unlabelled data. Inspired by cross-validation and co-
training [3], we also suggest to split the dataset into several
parts. However, differently from [3] we do not train dif-
ferent models from each split. Instead, at the beginning of
each training cycle we randomly choose two-thirds of the
unlabelled training data to learn from (l.7 in algorithm 1).
The rest of the unlabelled data is held out to reduce the
risk of overfitting to it in the current training cycle. This
way, the held-out samples are more likely to have their la-
bels swapped during pseudo-label generation in the next cy-



cle. Roughly two-thirds of this “fresher” held-out data will
be used to fit the model in the next cycle. The benefits of
this reshuffling procedure diminish as training nears com-
pletion, so all the data is used in the final few phases of
training. In section 4 we demonstrate empirically the bene-
fits of this approach.

4. Experiments
Datasets. Following [6] we mostly use standard image
classification tasks suitably modified to the semi-supervised
context. Each dataset is randomly split in two sets: one
small set containing images with their corresponding labels
evenly divided among classes and another set with the rest
of the image without annotations. For each dataset we eval-
uated our method on the publicly available test set. We used
the same datasets as [6]:
SVHN [23]. A Street View House Numbers dataset includ-
ing 10 classes (0-9) of coloured digit images from Google
Street View. The classification task is to recognise the cen-
tral digit of each image. We use the format-2 version that
provides cropped images sized at 32 × 32, and the stan-
dard 73,257/26,032 training/test data split. We centered
and scaled all images RGB channels based on the extracted
dataset statistics and augmented the data with random crop-
ping.
CIFAR-10 [15]. A natural images dataset containing
50,000 training and 10,000 test image samples from 10 ob-
ject classes. Images have a 32×32 resolution and are evenly
divided among classes. We again pre-processed the data
with centering and scaling and augmented the data with ran-
dom cropping and flipping.
CIFAR-100 [15]. A dataset (with the same image size as
CIFAR-10) containing 50,000/10,000 training/test images
from 100 more fine-grained classes. We used the same pre-
processing and data augmentation as CIFAR-10.

Baselines. We used Mean-Teacher [35] as the main base-
line to experiment alongside with our proposed method.
Additionally we also used MA-DNN [6] on a more re-
stricted set of experiments. For both we used publicly avail-
able code provided by the authors1.

Implementation details. Unless stated otherwise, we
used the ResNet-18 [11] model with then average pooling
and skip connections. We chose RotNet [8] as the self-
supervision method as it is easy to implement and integrate
in any pipeline. For all networks we trained this proxy task
on 200 epochs with a step-wise decaying schedule. A more
thorough study is done in section 4.6. All networks are
trained using Nesterov accelerated gradient method [22].

1https://github.com/CuriousAI/mean-teacher;
https://github.com/yanbeic/semi-memory

We use the same hyper-parameters when training with and
without transfer learning, which have every time been tuned
on the specific task.

4.1. Impact of self-supervision

We first compare Mean-Teacher and our algorithm on
standard classification benchmarks. For every dataset we
trained the network with 10/25/50/100 labels per class, with
an extra experiment of 400 labels per class on CIFAR-
10 as is common practice [6, 16, 35]. In every experi-
ment we keep the same split of the data for each method.
In the default case, models are trained from scratch. For
every method we also used transfer learning from self-
supervision, with only the last two blocks and the last clas-
sification layer used for semi-supervised training (Legends
containing ‘with T.L.’). Results are shown in fig. 2.

This experiment clearly demonstrates the importance of
transfer learning as the number of labelled data per class
decreases. For instance, on CIFAR-10, transfer learning
from self-supervision used with semi-supervision makes
an improvement of over 50 points in classification error
for both our method and Mean Teacher. On SVHN and
CIFAR-10 the performance from 100 labels per class to
10 labels per class decreases by less than 5 points in error.
Performances on CIFAR-100 dropped by a larger amount
when having fewer labels due to the higher complexity of
the dataset, although the performance deteriorate notice-
ably more slowly when using self-supervision pre-training.
Overall this means that self-supervision enables networks to
train with competitive results in the extremely low data set-
ting where standard SSL methods fail. We also emphasise
that we only use the dataset provided and did not use any
regularisation method and very limited data augmentation.
This is particularly crucial and demonstrates that a carefully
chosen self-supervision method can be sufficient to extract
very good features which are sufficient to train good models
with few labels.

For every dataset we see in fig. 2 that our method and
Mean-Teacher obtain similar performance when they both
use transfer from self-supervised networks. However our
method needs a more careful initialisation as its perfor-
mance dropped for models trained from scratch. This can
easily be understood, as fine-tuning on the labelled set
would be more efficient with either an increased number
of labelled data or better intermediate representation. In the
rest of the paper we call a ‘good’ representation of an im-
age, a representation from which it is easier to discriminate
different classes.

In addition, we show that self-supervision can also im-
prove the state-of-the-art performance of a more recent SSL
method. To this end we use MA-DNN [6] with the 10-layers
model proposed in their paper. Again we used RotNet [8]
as the self-supervision method and only fine-tune the last
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Figure 2. Impact of Tranfer learning for SSL classification benchmark. For each dataset we vary the number of labelled data per class
in 10, 25, 50, 100 with an additional experiment on CIFAR-10 with 400 labels per class. We note that for every method, models benefit
from self-supervision. The ‘with T.L’ indicates a model pretrained with RotNet[8]. In addition we can see that our method is getting
competitive results with Mean Teacher. The star point ‘*’ denotes our network trained with supervision only on the full training set. The
shown results are the average of 10 runs per setting.

block and linear layer on the SSL task. We see in fig. 2 that
again, transfer from self-supervision consistently achieves
the best performance, improving their state-of-the-art re-
sults on CIFAR-10 from 11.9% error to 11.1% using 400
labels per class. With the hyper-parameters given in their
paper, we demonstrate again that under equivalent settings,
self-supervision is beneficial to SSL. Finally we found that
MA-DNN was more sensitive to the number of labels per
class. This means that building a reliable template of ev-
ery class requires more annotations, while we observed that
consistency based methods are seemingly showing better
robustness overall.

4.2. Ablation study

To assess the impact of every component of our method
we also conducted an ablation study on the CIFAR-10 SSL
task with 10 labels per class.

We first measure the gain of using random splitting of
the unlabelled set through training cycles as opposed to us-
ing the whole set. We observe in fig. 3 that random dataset
splitting allows much faster progress in the course of train-
ing. When only using pseudo-labelling on the unlabelled
set and no temporal consistency, this technique also leads to
a better optimum.

Then we analyse the effect of the consistency in the train-
ing cycle. The dashed curves correspond to cases where the
temporal consistency is not used. It means that, when train-
ing on the unlabeled set, we only optimise the cross-entropy
on the pseudo-labels previously assigned during the training
phase on the labelled set. Interestingly, we also note that
the performance is still increasing over cycles even without
an explicit consistency loss. In fact, this corroborates the
statement of [40], that the assigned pseudo-labels act as an
implicit consistency across samples (instead of the explicit
consistency across augmented versions of the same sam-
ple) which improves the representation for the next training

phase on the labelled set.
Finally we can observe for the different settings that the

performance is steadily increasing over cycles. The training
indeed does not stall after a few cycles but instead keeps im-
proving the feature representation over the course of alter-
nating optimisation cycles. Alternating optimisation there-
fore refines the results every cycle with each optimisation
helping the next one to reach a better optimum. In addi-
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Figure 3. Ablation study. Starting from a pre-trained model, our
alternating optimisation method makes steady progress over cy-
cles. Dataset random splitting is also effectively speeding-up train-
ing. Default case uses Lunlabelled = Lpseudo. ‘Temp. consis-
tency’ indicates that we use both Ltemp and Lpseudo.

tion, we conduct another ablation experiment skipping re-
initialization (line 8 in algorithm 1). Compared to the two-
phase algorithm with re-initialization, the accuracy drops
by 12 points on CIFAR-10 and even 39 points on CIFAR-
100. When re-initialization is turned on, 10× more samples
switch labels every assignment cycle, thus avoiding local
minima. To the best of our knowledge, other existing SSL



CIFAR-10 CIFAR-100
Labels per class 10 10 25
MT 32.4 23.6 45.7
MT + Self-Sup 86.4 53.7 60.7
MT + Self-Sup + Refinement 87.7 58.3 63.9

Table 1. Our method applied as a refinement of Mean Teacher
(‘MT’). For different numbers of labels per class our method al-
ways improve the testing accuracy by a big margin.

methods do not have any specific mechanism against repre-
sentation forgetting when doing transfer learning.

4.3. A refining SSL algorithm

In fig. 2 we note that our alternating training method
is particularly efficient when using a good representation
rather than starting from scratch. Hence we hypothesise
that our method could make an even bigger difference when
starting from a better network representation. One way of
doing it is to build our method on top of others in order to
refine their results. To validate this hypothesis, we apply
our method as a refinement on CIFAR-10 and CIFAR-100
datasets for networks pre-trained with Mean-Teacher [35].
It should be noted that, as the starting features are already
competitive, we do not use the dataset random splitting in
our training procedure and we choose soft labels assignment
in l.6 of algorithm 1.

In table 1, we see that in every case our method used
as refinement consistently improves the test accuracy. The
synergy of alternating training is enabling the network to
gain as much as 4.6 points in test accuracy on CIFAR-100
and 1.3 points on CIFAR-10. The refinement technique
combined with self supervision allows us on CIFAR-10 to
almost match previous state-of-the-art results with methods
trained with 400 labels per class (11.9% reported in [6])
whereas we only used 10 labels. These results confirm our
previous hypothesis and motivate us to see the impact of
increasingly better representations in the next section.

4.4. Transfer learning from different tasks

So far we have only used the dataset at hand to extract
our intermediate representation with self-supervised learn-
ing. In this section we use a different type of transfer learn-
ing used in [40]: we learn our representation on a differ-
ent classification dataset. To this end, we use networks
pretrained on ImageNet [28]. As is done in the other sec-
tions, we then fix the first two blocks of our ResNet-18 net-
work and train the rest of the weights on the hardest semi-
supervised learning task of 10 labels per class using either
Mean Teacher or our alternating optimisation method (see
section 3). We experimented with CIFAR-10 and CIFAR-
100 with pretraining on a downsampled 32 × 32 version
of ImageNet, and also MIT Indoor-67 [25], and ‘Places10’
where we only kept 10 classes from Places [39] using a

C-10 C-100 P-10 MIT-67
Fully Sup. 96.6 82.5 83.3 75.5
Labelled Set 82.5±1.0 62.8±0.6 66.4±1.7 55.1±0.8
M.T.[35] 88.0±1.5 63.3±0.7 72.8±1.2 58.8±1.3
Ours 93.5±0.4 69.2±0.4 75.8±1.7 63.0±0.7

Table 2. Transfer Learning: Test accuracy on the target task.
Transfer is from training on ImageNet. We compare our method
with Mean Teacher (M.T.) and supervision on the labelled set only
(‘Labelled set’) for 10 labelled sample per class. Our method con-
sistently outperforms both method on this task and achieves results
nearly as good as the one obtained by training on the full labelled
set.

pretraining on the standard version of ImageNet. Results
are shown in table 2 where we perform 10 runs per setting.
Fine-tuning on the full set is given as a reference.

We note that our method consistently outperforms Mean
Teacher for such scenarios. This result corroborates our as-
sumption in the previous section that our method performs
increasingly well with better representation. In fact, as also
noted in [24], since ImageNet has redundant classes with
the datasets, we can consider the representation learnt from
ImageNet as an upper bound. Thus it is not entirely sur-
prising to see our method obtaining nearly as good results
as if it were using the complete set with 93.12% accuracy
compared to 96.56% when fine-tuning on the full labelled
set on CIFAR-10. As our method aims to disentangle the
two losses by using distillation to preserve the effect of the
very reduced labelled set, its effect is magnified when using
a representation as good as the one learnt on ImageNet. In
contrast, techniques like Mean Teacher overfit on a small
labelled set, which in turns will lead to the degradation of
the representation coming from ImageNet.

4.5. Evaluating representation quality with SSL

In the context of SSL for images classification, prac-
titioners usually use shallow networks. If some works
[35, 37] also experimented with deeper and wider archi-
tectures, then those were generally applied when the num-
ber of labels at hand was large enough (4,000 on CIFAR-
10, ∼100,000 on ImageNet). So far in this work, we have
shown that it is possible to train a deeper architecture by
using transfer-learning from self-supervision. In practice,
what matters in our context is the quality of the extracted in-
termediate representation that we will train our model from.

In this section we experiment with two other architec-
tures and use SSL to measure the quality of their repre-
sentation. As is done in [14], we compare with one fully-
convolutional model and a RevNet[10] model. We chose
the fully convolutional 10-layers/3-blocks model from [16]
which we named ‘TempEns’. We provided our own RevNet
implementation named ‘RevNet-18’ aimed to match the
ResNet-18 we used in this work. More specifically, the



N TempEns[16] RevNet-18[10] ResNet-18[11]
10 18.4±1.9 20.0±2.4 16.4±2.6
50 16.3±0.9 13.7±0.7 11.9±0.4
100 14.8±0.6 12.2±0.5 10.8±0.4
400 12.8±0.2 10.5±0.4 8.9±0.2
Full 6.7 5.8 5.3

Table 3. Model variation. Test error on CIFAR-10 with different
number of labels per class ‘N ’. In all cases networks, were pre-
trained with RotNet [8]. First two block are then frozen while the
rest of the network is fine-tuned on the classification task. ‘Full’
indicates that we used the full training set with a fully supervised
method. All methods uses the same hyper-parameters.

RevNet-18 has four main blocks and uses the same type
of downsampling mechanism as our ResNet-18. We pre-
trained all models with RotNet and trained our SSL method
on CIFAR-10 with different numbers of annotated in-
stances. For all architectures the first two blocks of the net-
works are fixed during SSL training, as we found it was
giving best results for every architecture. We report results
in table 3.

We found that the ResNet-18 has better performance
over all methods. TempEns surprisingly remains very com-
petitive for all cases with less weights trained than both
methods, with good robustness to extreme cases. While
RevNet is almost always able to reach ResNet-18 level of
performances. With such sparse data, since RevNet has the
most parameters to fine-tune it is thereby the most prone to
overfit. Overall, the RevNet results slightly contrasts with
the one found by [14], where a RevNet representation sur-
passes ResNet when training with rotation. However, we
note that their methods of evaluation differs significantly
from ours. These results emphasise that while K-means
neighbors or full supervision can be used to evaluate self-
supervised learning [14, 38], SSL could also be used as a
way to evaluate the intermediate representation learnt from
self-supervised learning algorithms.

4.6. Self-supervision performance vs classification
accuracy

In general, different self-supervision tasks would lead to
different intermediate representation. However one could
also wonder how much solving the proxy task could help to
find a representation that would be best suited for the clas-
sification task. Intuitively, heavy fine-tuning on the proxy
task could lead to a more specialized network which would
be harder to adapt to the classification task. To verify this,
we studied the rotation accuracy impact on the final SSL
performance. Our self-supervised method was trained for
200 epochs with a step-wise decaying learning rate starting
from 0.1 at epochs 60, 120, and 160. We saved snapshot of
the network before decaying the learning rate and measure
the performance reached by our method on the CIFAR-100

Self-supervised training
stopped at epoch FT

60 120 150 200
Rotation accuracy 74.1 83.5 85.9 86.1 86.8
Labelled set 37.6 40.4 40.9 40.7 40.4
SSL (our method) 46.5 50.2 50.4 50.7 52.3

Table 4. Rotation accuracy vs Classification accuracy. Corre-
lation between rotation accuracy and final SSL classification ac-
curacy on CIFAR-100 with 10 labels per class. ‘FT’ is fine-tuned
model for 500 epochs. ‘Labelled’ set indicates fine-tuning on label
set only.

classification task with 10 labelled instances per class. In
addition, we also trained a RotNet for 500 epochs with a
learning rate schedule directly extracted from [6]. We sum-
marise the results in table 4.

Overall we found that fine-tuning on the proxy task was
beneficial to the SSL algorithm. Interestingly, we note that
the accuracy on the labelled set does not entirely corre-
late with the final SSL accuracy. While the model with
best accuracy on the labelled set obtained 50.4% SSL ac-
curacy, the fine-tuned model obtained an overall SSL ac-
curacy of 52.3%. This also corroborates the results found
in section 4.5, better accuracy on the complete or partial
set does not necessarily mean a better final SSL accuracy.
We believe this result also motivates a new method of self-
supervised learning evaluation using SSL.

5. Conclusion and discussion

In this paper, we have pushed the limits of SSL to work
with very few annotations. We achieved this goal with sev-
eral innovations. We first proposed to leverage the power of
transfer learning among different tasks and self-supervision
to provide a good initial feature representation for SSL.
We also proposed a new SSL algorithm that can exploit
well such a pre-trained representation, achieving state-of-
the-art results on a large number of public benchmarks. We
showed that self-supervised learning can not only benefit
our proposed SSL algorithm, but also existing state-of-the-
art methods. Equipped with the representation learned from
self-supervised learning, we found that the performance of
state-of-the-art methods can be notably boosted, especially
the extreme cases with sparsely annotated data. More gen-
erally, we found that SSL could be a new and sensitive
downstream task for ranking self-supervised learning meth-
ods. Besides working as a standalone method showing su-
perior performance, our method can also serve as an effec-
tive refinement method on a network pre-trained either with
an existing SSL algorithm or another dataset.
Acknowledgments This work is supported by the EP-
SRC Programme Grant Seebibyte EP/M013774/1, Math-
works/DTA DFR02620, and ERC IDIU-638009.
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Chapter 6

Automatically Discovering and
Learning New Visual Categories
with Ranking Statistics

This work was presented as a Poster Presentation at the International Conference on

Learning Representations (ICLR), 2020.

The goal of this work is to cluster unlabelled samples from new unknown classes given

some known labelled classes. Compared to the previous semi-supervised setting, some

classes are fully labelled while others are fully unlabelled. First, as opposed to existing

methods, we pre-train the early layers of the network with self-supervision rather

than using the labelled classes. Second, we propose to jointly train the model on

the labelled and unlabelled data by using a two-headed network where the first head

clusters the unlabelled samples into new classes and the second head learns to classify

the labelled and unlabelled samples. To transfer the knowledge from the classification

head to the clustering head, we exploit the shared feature space to generate pairwise

clustering pseudo-labels by comparing the most activated channels between pairs of

unlabelled samples.
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ABSTRACT

We tackle the problem of discovering novel classes in an image collection given
labelled examples of other classes. This setting is similar to semi-supervised
learning, but significantly harder because there are no labelled examples for the
new classes. The challenge, then, is to leverage the information contained in the
labelled images in order to learn a general-purpose clustering model and use the
latter to identify the new classes in the unlabelled data. In this work we address
this problem by combining three ideas: (1) we suggest that the common approach
of bootstrapping an image representation using the labeled data only introduces
an unwanted bias, and that this can be avoided by using self-supervised learning
to train the representation from scratch on the union of labelled and unlabelled
data; (2) we use rank statistics to transfer the model’s knowledge of the labelled
classes to the problem of clustering the unlabelled images; and, (3) we train the
data representation by optimizing a joint objective function on the labelled and
unlabelled subsets of the data, improving both the supervised classification of the
labelled data, and the clustering of the unlabelled data. We evaluate our approach
on standard classification benchmarks and outperform current methods for novel
category discovery by a significant margin.

1 INTRODUCTION

Modern machine learning systems can match or surpass human-level performance in tasks such as
image classification (Deng et al., 2009), but at the cost of collecting large quantities of annotated
training data. Semi-supervised learning (SSL) (Oliver et al., 2018) can alleviate this issue by mixing
labelled with unlabelled data, which is usually much cheaper to obtain. However, these methods still
require some annotations for each of the classes that one wishes to learn. We argue this is not always
possible in real applications. For instance, consider the task of recognizing products in supermarkets.
Thousands of new products are introduced in stores every week, and it would be very expensive to
annotate them all. However, new products do not differ drastically from the existing ones, so it should
be possible to discover them automatically as they arise in the data. Unfortunately, machines are still
unable to effectively learn new classes without manual annotations.

In this paper, we thus consider the problem of discovering new visual classes automatically, assuming
that a certain number of classes are already known by the model (Hsu et al., 2018; 2019; Han et al.,
2019). This knowledge comes in the form of a labelled dataset of images for a certain set of classes.
Given that this data is labelled, off-the-shelf supervised learning techniques can be used to train a
very effective classifier for the known classes, particularly if Convolutional Neural Networks (CNNs)
are employed. However, this does not mean that the learned features are useful as a representation of
the new classes. Furthermore, even if the representation transfers well, one still has the problem of
identifying the new classes in an unlabelled dataset, which is a clustering problem.

We tackle these problems by introducing a novel approach that combines three key ideas (section 2
and fig. 1). The first idea is to pre-train the image representation (a CNN) using all available images,
both labelled and unlabelled, using a self-supervised learning objective. Crucially, this objective does
not leverage the known labels, resulting in features that are much less biased towards the labelled

∗indicates equal contribution
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               STEP 2

Learning higher level features:

          Full-supervision

            STEP 1

Learning low-level feature: 

       Self-supervision

                STEP 3 

  Leveraging acquired knowledge:

          Joint optimization

+

Figure 1: Overview of our three step learning pipeline. The first step of the training consists in
learning an unbiased image representation via self-supervision using both labelled and unlabelled
data, which learns well the early layers of the representation; in the second step, we fine-tune only the
last few layers of the model using supervision on the labelled set; finally, the fine-tuned representation
is used, via rank statistics, to induce clusters in the unlabelled data, while maintaining a good
representation on the labelled set.

classes. Labels are used only after pre-training to learn a classifier specific to the labelled data as well
as to fine-tune the deepest layers of the CNN, for which self-supervision is not as effective.

The second idea is a new approach to transfer the information contained in the labelled images
to the problem of clustering the unlabelled ones. Information is transferred by sharing the same
representation between labelled and unlabelled images, motivated by the fact that the new classes
are often similar to the known ones. In more detail, pairs of unlabelled images are compared via
their representation vectors. The comparison is done using robust rank statistics, by testing if two
images share the same subset of k maximally activated representation components. This test is
used to decide if two unlabelled images belong to the same (new) class or not, generating a set of
noisy pairwise pseudo-labels. The pseudo-labels are then used to learn a similarity function for the
unlabelled images.

The third and final idea is, after bootstrapping the representation, to optimise the model by minimizing
a joint objective function, containing terms for both the labelled and unlabelled subsets, using
respectively the given labels and the generated pseudo-labels, thus avoiding the forgetting issue that
may arise with a sequential approach. A further boost is obtained by incorporating incremental
learning of the discovered classes in the classification task, which allows information to flow between
the labelled and unlabelled images.

We evaluate our method on several public benchmarks (section 3), outperforming by a large margin
all existing techniques (section 4) that can be applied to this problem, demonstrating the effectiveness
of our approach. We conclude the paper by summarizing our findings (section 5). Our code can be
found at http://www.robots.ox.ac.uk/˜vgg/research/auto_novel.

2 METHOD

Given an unlabelled dataset Du = {xui , i = 1, . . . ,M} of images xui ∈ R3×H×W , our goal is to
automatically cluster the images into a number of classes Cu, which we assume to be known a
priori. We also assume to have a second labelled image dataset Dl = {(xli, yli), i = 1, . . . , N} where
yli ∈ {1, . . . , Cl} is the class label for image xli. We also assume that the set of Cl labelled classes
is disjoint from the set of Cu unlabelled ones. While the statistics of Dl and Du thus differ, we
hypothesize that a general notion of what constitutes a “good class” can be extracted from Dl and
that the latter can be used to better cluster Du.

We approach the problem by learning an image representation Φ : x 7→ Φ(x) ∈ Rd in the form of a
CNN. The goal of the representation is to help to recognize the known classes and to discover the
new ones. In order to learn this representation, we combine three ideas, detailed in the next three
sections.

2.1 SELF-SUPERVISED LEARNING

Given that we have a certain number of labelled images Dl at our disposal, the obvious idea is to
use these labels to bootstrap the representation Φ by minimizing a standard supervised objective
such as the cross-entropy loss. However, experiments show that this causes the representation to
overly-specialize for the classes in Dl, providing a poor representation of the new classes in Du.

2



Published as a conference paper at ICLR 2020

Thus we resist the temptation of using the labels right away and use instead a self-supervised learning
method to bootstrap the representation Φ. Self-supervised learning has been shown (Kolesnikov et al.,
2019; Gidaris et al., 2018) to produce robust low-level features, especially for the first few layers
of typical CNNs. It has the benefit that no data annotations are needed, and thus it can be applied
to both labelled and unlabelled images during training. In this way, we achieve the key benefit of
ensuring that the representation is initialized without being biased towards the labelled data.

In detail, we first pre-train our model Φ with self-supervision on the union of Dl and Du (ignoring
all labels). We use the RotNet (Gidaris et al., 2018) approach1 due to its simplicity and efficacy, but
any self-supervised method could be used instead. We then extend the pre-trained network Φ with a
classification head ηl : Rd → RCl

implemented as a single linear layer followed by a softmax layer.
The function ηl ◦ Φ is fine-tuned on the labelled dataset Dl in order to learn a classifier for the Cl
known classes, this time using the labels yi and optimizing the standard cross-entropy (CE) loss:

LCE = − 1

N

N∑

i=1

log ηlyi(z
l
i) (1)

where zli = Φ(xli) ∈ Rd is the representation of image xli. Only ηl and the last macro-block of Φ
(section 3) are updated in order to avoid overfitting the representation to the labelled data.

2.2 TRANSFER LEARNING VIA RANK STATISTICS

Once the representation Φ and the classifier ηl have been trained, we are ready to look for the new
classes in Du. Since the classes in Du are unknown, we represent them by defining a relation among
pairs of unlabelled images (xui , x

u
j ). The idea is that similar images should belong to the same (new)

class, which we denote by the symbol sij = 1, while dissimilar ones should not, which we denote by
sij = 0. The problem is then to obtain the labels sij .

Our assumption is that the new classes will have some degree of visual similarity with the known
ones. Hence, the learned representation should be applicable to old and new classes equally well. As
a consequence, we expect the descriptors zui = Φ(xui ) and zuj = Φ(xuj ) of two images xui , xuj from
the new classes to be close if they are from the same (new) class, and to be distinct otherwise.

Rather than comparing vectors zui , z
u
j directly (e.g., by a scalar product), however, we use a more

robust rank statistics. Specifically, we rank the values in vector zui by magnitude. Then, if the
rankings obtained for two unlabelled images xui and xuj are the same, they are very likely to belong
to the same (new) class, so we set sij = 1. Otherwise, we set sij = 0. In practice, it is too strict to
require the two rankings to be identical if the dimension of zui is high (otherwise we may end up with
sij = 0 for all pairs (i, j), i 6= j). Therefore, we relax this requirement by only testing if the sets of
the top-k ranked dimensions are the same (we use k = 5 in our experiments), i.e.:

sij = 1
{

topk(Φ(xui )) = topk(Φ(xuj ))
}
, (2)

where topk : Rd → P({1, . . . , d}) associates to a vector z the subset of indices {1, . . . , d} of its
top-k elements.

Once the labels sij have been obtained, we use them as pseudo-labels to train a comparison function
for the unlabelled data. In order to do this, we apply a new head ηu : Rd → RCu

to the image
representation zui = Φ(xui ) to extract a new descriptor vector ηu(zui ) optimized for the unlabelled
data. As in section 2.1, the head is composed of a linear layer followed by a softmax. Then, the inner
product ηu(zui )>ηu(zuj ) is used as a score for whether images xui and xuj belong to the same class or
not. Note that ηu(zui ) is a normalized vector due to the softmax layer in ηu. This descriptor is trained
by optimizing the binary cross-entropy (BCE) loss:

LBCE = − 1

M2

M∑

i=1

M∑

j=1

[sij log ηu(zui )>ηu(zuj ) + (1− sij) log(1− ηu(zui )>ηu(zuj ))]. (3)

1 We present to the network Φ randomly-rotated versions Rx of each image and task it with predicting R.
The problem is formulated as a 4-way classification of the rotation angle, with angle in {0◦, 90◦, 180◦, 270◦}.
The model η ◦ Φ(Rx) is terminated by a single linear layer η with 4 outputs each scoring an hypothesis. The
parameters of η and Φ are optimized by minimizing the cross-entropy loss on the rotation prediction.
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Furthermore, we structure ηu in a particular manner: We set its output dimension to be equal to
the number of new classes Cu. In this manner, we can use the index of the maximum element of
each vector ŷui = argmaxy[ηu ◦ Φ(xui )]y as prediction ŷui for the class of image xui (as opposed to
assigning labels via a clustering method such as k-means).

2.3 JOINT TRAINING ON LABELLED AND UNLABELLED DATA

We now have two losses that involve the representation Φ: the CE loss LCE for the labelled data
Dl and the pairwise BCE loss LBCE for the unlabelled data Du. They both share the same image
embedding Φ. This embedding can be trained sequentially, first on the labelled data, and then on the
unlabelled data using the pseudo-labels obtained above. However, in this way the model will very
likely forget the knowledge learned from the labelled data, which is known as catastrophic forgetting
in incremental learning (Rebuffi et al., 2017; Lopez-Paz & Ranzato, 2017; Shmelkov et al., 2017;
Aljundi et al., 2018).

In contrast, we jointly fine-tune our model using both losses at the same time. Note that most of the
model Φ is frozen; we only fine-tune the last macro-block of Φ together with the two heads ηu and ηl.
Importantly, as we fine-tune the model, the labels sij are changing at every epoch as the embedding
ηl is updated. This in turn affects the rank statistics used to determine the labels sij as explained
in section 2.2. This leads to a “moving target” phenomenon that can introduce some instability in
learning the model. This potential issue is addressed in the next section.

2.4 ENFORCING PREDICTIONS TO BE CONSISTENT

In addition to the CE and BCE losses, we also introduce a consistency regularization term, which is
used for both labelled and unlabelled data. In semi-supervised learning (Oliver et al., 2018; Tarvainen
& Valpola, 2017; Laine & Aila, 2017), the idea of consistency is that the class predictions on an
image x and on a randomly-transformed counterpart tx (for example an image rotation) should be the
same. In our case, as will be shown in the experiments, consistency is very important to obtain good
performance. One reason is that, as noted above, the pairwise pseudo-labels for the unlabelled data
are subject to change on the fly during training. Indeed, for an image xui and a randomly-transformed
counterpart txui , if we do not enforce consistency, we can have topk(Φ(xui )) 6= topk(Φ(txui )).
According to eq. (2) defining sij , it could result in different sij for xui depending on the data
augmentation applied to the image. This variability of the ranking labels for a given pair could then
confuse the training of the embedding.

Following the common practice in semi-supervised learning, we use the Mean Squared Error (MSE)
as the consistency cost. This is given by:

LMSE =
1

N

N∑

i=1

(ηl(zli)− ηl(ẑli))2 +
1

M

M∑

i=1

(ηu(zui )− ηu(ẑui ))2, (4)

where ẑ is the representation of tx.

The overall loss of our model can then be written as
L = LCE + LBCE + ω(t)LMSE, (5)

where the coefficient ω(t) is a ramp-up function. This is widely used in semi-supervised learn-
ing (Laine & Aila, 2017; Tarvainen & Valpola, 2017). Following (Laine & Aila, 2017; Tarvainen
& Valpola, 2017), we use the sigmoid-shaped function ω(t) = λe−5(1−

t
T )2 , where t is current time

step and T is the ramp-up length and λ ∈ R+.

2.5 INCREMENTAL LEARNING SCHEME

We also explore a setting analogous to incremental learning. In this approach, after tuning on the
labelled set (end of section 2.1), we extend the head ηl to Cu new classes, so that ηl : Rd → RCl+Cu

.
The head parameters for the new classes are initialized randomly. The model is then trained using the
same loss eq. (5), but the cross-entropy part of the loss is evaluated on both labelled and unlabelled data
Dl and Du. Since the cross-entropy requires labels, for the unlabelled data we use the pseudo-labels
ŷui , which are generated on-the-fly from the head ηu at each forward pass.

The advantage is that this approach increments ηl to discriminate both old and new classes, which
is often desirable in applications. It also creates a feedback loop that causes the features zui to be
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CIFAR-10 CIFAR-100 SVHN

Ours w/o Con 82.6±12.0% 61.8±3.6% 61.3±1.9%
Ours w/o CE 84.7±4.4% 58.4±2.7% 59.7±6.6%
Ours w/o BCE 26.2±2.0% 6.6±0.7% 24.5±0.5%
Ours w/o S.S. 89.4±1.4% 67.4±2.0% 72.9±5.0%

Ours full 90.4±0.5% 73.2±2.1% 95.0±0.2%
Ours w/ I.L. 91.7±0.9% 75.2±4.2% 95.2±0.3%

Table 1: Ablation study. “w/o Con.”
means without consistency constraints;
“w/o CE” means without the cross en-
tropy loss for training on labeled data.
“w/o BCE” means without binary cross
entropy loss for training on unlabeled
data; “w/o S.S.” means without self-
supervision.

refined, which in turn generates better pseudo-labels ŷui for Du from the head ηu. In this manner,
further improvements can be obtained by this cycle of positive interactions between the two heads
during training.

3 EXPERIMENTS

3.1 DATA AND EXPERIMENTAL DETAILS

We evaluate our models on a variety of standard benchmark datasets: CIFAR-10 (Krizhevsky & Hin-
ton, 2009), CIFAR-100 (Krizhevsky & Hinton, 2009), SVHN (Netzer et al., 2011), OmniGlot (Lake
et al., 2015), and ImageNet (Deng et al., 2009). Following Han et al. (2019), we split these to have
5/20/5/654/30 classes respectively in the unlabelled set. In addition, for OmniGlot and ImageNet
we use 20 and 3 different splits respectively, as in Han et al. (2019), and report average clustering
accuracy. More details on the splits can be found in appendix A.

Evaluation metrics. We adopt clustering accuracy (ACC) to evaluate the clustering performance
of our approach. The ACC is defined as follow:

max
g∈Sym(L)

1

N

N∑

i=1

1 {yi = g (yi)} , (6)

where yi and yi denote the ground-truth label and clustering assignment for each data point xui ∈ Du

respectively, and Sym(L) is the group permutations of L elements (this discounts the fact that the
cluster indices may not be in the same order as the ground-truth labels). Permutations are optimized
using the Hungarian algorithm (Kuhn, 1955).

Implementation details. We use the ResNet-18 (He et al., 2016) architecture, except for OmniGlot
for which we use a VGG-like network (Simonyan & Zisserman, 2015) with six layers to make our
setting directly comparable to prior work. We use SGD with momentum (Sutskever et al., 2013) as
optimizer for all but the OmniGlot dataset, for which we use Adam (Kingma & Ba, 2014). For all
experiments we use a batch size of 128 and k = 5 which we found worked consistently well across
datasets (see appendix D). More details about the hyper-parameters can be found in appendix B.

3.2 ABLATION STUDY

We validate the effectiveness of the components of our method by ablating them and measuring the
resulting ACC on the unlabelled data. Note that, since the evaluation is restricted to the unlabelled
data, we are solving a clustering problem. The same unlabelled data points are used for both training
and testing, except that data augmentation (i.e. image transformations) is not applied when computing
the cluster assignments. As can be seen in table 1, all components have a significant effect as
removing any of them causes the performance to drop substantially. Among them, the BCE loss is by
far the most important one, since removing it results in a dramatic drop of 40–60% absolute ACC
points. For example, the full method has ACC 90.4% on CIFAR-10, while removing BCE causes
the ACC to drop to 26.2%. This shows that that our rank-based embedding comparison can indeed
generate reliable pairwise pseudo labels for the BCE loss. Without consistency, cross entropy, or
self-supervision, the performance drops by a more modest but still significant 7.8%, 5.7% and 1.0%
absolute ACC points, respectively, for CIFAR-10. It means that the consistency term plays a role
as important as the cross-entropy term by preventing the “moving target” phenomenon described
in section 2.4. Finally, by incorporating the discovered classes in the classification task, we get a
further boost of 1.3%, 2.0% and 0.2% points on CIFAR-10, CIFAR-100 and SVHN respectively.
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Table 2: Novel category discovery results on CIFAR-10, CIFAR-100, and SVHN. ACC on the
unlabelled set. “w/ S.S.” means with self-supervised learning.

No CIFAR-10 CIFAR-100 SVHN

(1) k-means (MacQueen, 1967) 65.5±0.0 % 56.6±1.6% 42.6%±0.0
(2) KCL (Hsu et al., 2018) 66.5±3.9% 14.3±1.3% 21.4%±0.6
(3) MCL (Hsu et al., 2019) 64.2±0.1% 21.3±3.4% 38.6%±10.8
(4) DTC (Han et al., 2019) 87.5±0.3% 56.7±1.2% 60.9%±1.6

(5) k-means (MacQueen, 1967) w/ S.S. 72.5±0.0% 56.3±1.7% 46.7±0.0%
(6) KCL (Hsu et al., 2018) w/ S.S. 72.3±0.2% 42.1±1.8% 65.6±4.9%
(7) MCL (Hsu et al., 2019) w/ S.S. 70.9±0.1% 21.5±2.3% 53.1±0.3%
(8) DTC (Han et al., 2019) w/ S.S. 88.7±0.3% 67.3±1.2% 75.7±0.4%

(9) Ours 90.4±0.5% 73.2±2.1% 95.0±0.2%
(10) Ours w/ I.L. 91.7±0.9% 75.2±4.2% 95.2±0.2%

(a) init (b) epoch 30 (c) epoch 90

Figure 2: Evolution of the t-SNE
during the training of CIFAR-10.
Performed on unlabelled data (i.e.,
instances of dog, frog, horse, ship,
truck). Colors of data points denote
their ground-truth labels.

3.3 NOVEL CATEGORY DISCOVERY

We compare our method to baselines and state-of-the-art methods for new class discovery, starting
from CIFAR-10, CIFAR-100, and SVHN in table 2. The first baseline (row 5 in table 2) amounts to
applying k-means (MacQueen, 1967) to the features extracted by the fine-tuned model (the second
step in section 2.1), for which we use the k-means++ (Arthur & Vassilvitskii, 2007) initialization.
The second baseline (row 1 in table 2) is similar, but uses as feature extractor a model trained from
scratch using only the labelled images, which corresponds to a standard transfer learning setting. By
comparing rows 1, 5 and 9 in table 2, we can see that our method substantially outperforms k-means.
Next, we compare with the KCL (Hsu et al., 2018), MCL (Hsu et al., 2019) and DTC (Han et al.,
2019) methods. By comparing rows 2–4 to 9, we see that our method outperforms these by a large
margin. We also try to improve KCL, MCL and DTC by using the same self-supervised initialization
we adopt (section 2.1), which indeed results in an improvement (rows 2–4 vs 6–8). However, their
overall performance still lags behind ours by a large margin. For example, our method of section 2.4
achieves 95.0% ACC on SVHN, while “KCL w/ S.S.”, “MCL w/ S.S.” and “DTC w/ S.S.” achieve
only 65.6%, 53.1% and 75.7% ACC, respectively. Similar trends hold for CIFAR-10 and CIFAR-100.
Finally, the incremental learning scheme of section 2.5 results in further improvements, as can be
seen by comparing rows 9 and 10 of table 2.

In fig. 2, we show the evolution of the learned representation on the unlabelled data on CIFAR-10
using t-SNE (van der Maaten & Hinton, 2008). As can be seen, while the clusters overlap in the
beginning, they become more and more separated as the training progresses, showing that our model
can effectively discover novel visual categories without labels and learn meaningful embeddings for
them.

We further compare our method to others on two more challenging datasets, OmniGlot and ImageNet,
in table 3. For OmniGlot, results are averaged over the 20 alphabets in the evaluation set (see ap-
pendix A); for ImageNet, results are averaged over the three 30-class unlabelled sets used in (Hsu
et al., 2018; 2019). Since we have a relatively larger number of labelled classes in these two datasets,
we follow (Han et al., 2019) and use metric learning on the labelled classes to pre-train the feature
extractor, instead of the self-supervised learning. We empirically found that self-supervision does
not provide obvious gains for these two datasets. This is reasonable since the data in the labelled
sets of these two datasets are rather diverse and abundant, so metric learning can provide good
feature initialization as there is less class-specific bias due to the large number of pre-training classes.
However, by comparing rows 1 and 5 in table 3, it is clear that metric learning alone is not sufficient
for the task of novel category discovery. Our method substantially outperforms the k-means results
obtained using the features from metric learning — by 11.9% and 10.6% on OmniGlot and ImageNet
respectively. Our method also substantially outperforms the current state-of-the-art, achieving 89.1%
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No OmniGlot ImageNet

(1) k-means (MacQueen, 1967) 77.2% 71.9%
(2) KCL (Hsu et al., 2018) 82.4% 73.8%
(3) MCL (Hsu et al., 2019) 83.3% 74.4%
(4) DTC (Han et al., 2019) 89.0% 78.3%

(5) Ours 89.1% 82.5%

Table 3: Novel category discovery
results on OmniGlot and ImageNet.
ACC on the unlabelled set.

(a) Ours (b) + incr. learning

Figure 3: t-SNE on CIFAR-10: impact of incre-
mental Learning. (a) representation on the la-
belled and (b) unlabelled CIFAR classes. Colors
of data points denote their ground-truth labels. We
observe a bigger overlap in (a) between the “old”
class 3 and the “new” class 5 when not incorporat-
ing Incremental Learning.

and 82.5% ACC on OmniGlot and ImageNet respectively, compared with 89.0% and 78.8% of (Han
et al., 2019), thus setting the new state-of-the-art.

3.4 INCREMENTAL LEARNING

Table 4: Incremental Learning with the novel categories. “old” refers to the ACC on the labelled
classes while “new” refers to the unlabelled classes in the testing set. “all” indicates the whole testing
set. It should be noted that the predictions are not restricted to their respective subset. Standard
deviation can be found in appendix C.

CIFAR-10 CIFAR-100 SVHN

Classes old new all old new all old new all

KCL w/ S.S. 79.4% 60.1% 69.8% 23.4% 29.4% 24.6% 90.3% 65.0% 81.0%
MCL w/ S.S. 81.4% 64.8% 73.1% 18.2% 18.0% 18.2% 94.0% 48.6% 77.2%
DTC w/ S.S. 58.7% 78.6% 68.7% 47.6% 49.1% 47.9% 90.5% 72.8% 84.0%

Ours w/ I.L. 90.6% 88.8% 89.7% 71.2% 56.8% 68.3% 96.3% 96.1% 96.2%

Here, we further evaluate our incremental scheme for novel category discovery as described in sec-
tion 2.5. Methods for novel category discovery such as (Han et al., 2019; Hsu et al., 2019; 2018)
focus on obtaining the highest clustering accuracy for the new unlabelled classes, but may forget the
existing labelled classes in the process. In practice, forgetting is not desirable as the model should be
able to recognize both old and new classes. Thus, we argue that the classification accuracy on the
labelled classes should be assessed as well, as for any incremental learning setting. Note however that
our setup differs substantially from standard incremental learning (Rebuffi et al., 2017; Lopez-Paz
& Ranzato, 2017; Shmelkov et al., 2017; Aljundi et al., 2018) where every class is labelled and the
focus is on using limited memory. In our case, we can store and access the original data without
memory constraints, but the new classes are unlabelled, which is often encountered in applications.

By construction (section 2.5), our method learns the new classes on top of the old ones incrementally,
out of the box. In order to compare to methods such as KCL, MCL and DTC that do not have this
property, we proceed as follows. First, the method runs as usual to cluster the unlabelled portion of
the data, thus obtaining pseudo-labels for it, and learning a feature extractor as a byproduct. Then,
the feature extractor is used to compute features for both the labelled and unlabelled training data,
and a linear classifier is trained using labels and pseudo-labels, jointly on all the classes, old and new.

We report in table 4 the performance of the resulting joint classifier networks on the testing set of
each dataset (this is now entirely disjoint from the training set). Our method has similar performances
on the old and new classes for CIFAR-10 and SVHN, as might be expected as the split between
old and new classes is balanced. In comparison, the feature extractor learned by KCL and MCL
works much better for the old classes (e.g., the accuracy discrepancy between old and new classes is
25.3% for KCL on SVHN). Conversely, DTC learns features that work better for the new classes,
as shown by the poor performance for the old classes on CIFAR-10. Thus, KCL, MCL and DTC
learn representations that are biased to either the old or new classes, resulting overall in suboptimal
performance. In contrast, our method works well on both old and new classes; furthermore, it
drastically outperforms existing methods on both.
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4 RELATED WORK

Our work draws inspiration from semi-supervised learning, transfer learning, clustering, and zero-shot
learning. We review below the most relevant contributions.

In semi-supervised learning (SSL) (Chapelle et al., 2006), a partially labelled training dataset is
given and the objective is to learn a model that can propagate the labels from the labelled data to
unlabelled data. Most SSL methods focus on the classification task where, usually both labelled
and unlabelled points belong to the same set of classes. On the contrary, our goal is to handle the
case where the unlabelled data classes differ from the labelled data. Oliver et al. (2018) summarizes
the state-of-the-art SSL methods. Among them, the consistency-based methods appeared to be the
most effective. Rasmus et al. (2015) propose a ladder network which is trained on both labelled
and unlabelled data using a reconstruction loss. Laine & Aila (2017) simplifies this ladder network
by enforcing prediction consistency between a data point and its augmented counterpart. As an
alternative to data augmentation, they also consider a regularization method based on the exponential
moving average (EMA) of the predictions. This idea is further improved by Tarvainen & Valpola
(2017): instead of using the EMA of predictions, they propose to maintain the EMA of model
parameters. The consistency is then measured between the predictions of the current model (student)
and the predictions of the EMA model (teacher). More recently (and closer to our work) practitioners
have also combined SSL with self-supervision(Rebuffi et al., 2019; Zhai et al., 2019) to leverage
dataset with very few annotations.

Transfer learning (Pan & Yang, 2010; Weiss et al., 2016; Tan et al., 2018) is an effective way to
reduce the amount of data annotations required to train a model by pre-training the model on an
existing dataset. In image classification, for example, it is customary to start from a model pre-trained
on the ImageNet (Deng et al., 2009) dataset. In most transfer learning settings, however, both the
source data and the target data are fully annotated. In contrast, our goal is to transfer information
from a labelled dataset to an unlabelled one.

Many classic (e.g., Aggarwal & Reddy (2013); MacQueen (1967); Comaniciu & Meer (1979); Ng
et al. (2001)) and deep learning (e.g., Xie et al. (2016); Chang et al. (2017); Dizaji et al. (2017); Yang
et al. (2017; 2016); Hsu et al. (2018; 2019)) clustering methods have been proposed to automatically
partition an unlabelled data collection into different classes. However, this task is usually ill-posed
as there are multiple, equally valid criteria to partition most datasets. We address this challenge by
learning the appropriate criterion by using a labelled dataset, narrowing down what constitutes a
proper class. We call this setting “transfer clustering”.

To the best of our knowledge, the work most related to ours are (Hsu et al., 2018; 2019; Han et al.,
2019). Han et al. (2019) also consider discovering new classes as a transfer clustering problem. They
first learn a data embedding by using metric learning on the labelled data, and then fine-tune the
embedding and learn the cluster assignments on the unlabelled data. In (Hsu et al., 2018; 2019), the
authors introduce KCL and MCL clustering methods. In both, a similarity prediction network (SPN),
also used in (Hsu et al., 2016), is first trained on a labelled dataset. Afterwards, the pre-trained SPN
is used to provide binary pseudo labels for training the main model on an unlabelled dataset. The
overall pipelines of the two methods are similar, but the losses differ: KCL uses a Kullback-Leibler
divergence based contrastive loss equivalent to the BCE used in this paper (eq. (3)), and MCL uses
the Meta Classification Likelihood loss. Zero-shot learning (ZSL) (Xian et al., 2018; Fu et al., 2018)
can also be used to recognize new classes. However, differently from our work, ZSL also requires
additional side information (e.g., class attributes) in addition to the raw images.

Finally, other works (Dean et al., 2013; Yagnik et al., 2011) discuss the application of rank statistics
to measuring the similarity of vectors; however, to the best of our knowledge, we are the first to apply
rank statistics to the task of novel category discovery using deep neural networks.

5 CONCLUSIONS

In this paper, we have looked at the problem of discovering new classes in an image collection,
leveraging labels available for other, known classes. We have shown that this task can be addressed
very successfully by a few new ideas. First, the use of self-supervised learning for bootstrapping the
image representation trades off the representation quality with its generality, and for our problem
this leads to a better solution overall. Second, we have shown that rank statistics are an effective
method to compare noisy image descriptors, resulting in robust data clustering. Third, we have

8
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shown that jointly optimizing both labelled recognition and unlabelled clustering in an incremental
learning setup can reinforce the two tasks while avoiding forgetting. On standard benchmarks, the
combination of these ideas results in much better performance than existing methods that solve the
same task. Finally, for larger datasets with more classes and diverse data (e.g., ImageNet) we note
that self-supervision can be bypassed as the pretraining on labelled data already provides a powerful
enough representation. In such cases, we still show that the rank statistics for clustering gives drastic
improvement over existing methods.
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A DATASET SPLITS

For CIFAR-10 and SVHN we keep the labels of the five first categories (namely airplane, automobile,
bird, cat, deer for CIFAR-10, 0–4 for SVHN) and keep the rest of the data as the unlabelled set. For
CIFAR-100 we use the first 80 categories as labelled data while the rest are used for the unlabelled
set. Following Hsu et al. (2018; 2019), for OmniGlot, each of the 20 alphabets in evaluation set
(with 20–47 categories, 659 characters/class) is used as unlabelled data, and all the 30 alphabets in
background set are used as labelled set (964 characters/class). For ImageNet, we follow Hsu et al.
(2018; 2019) to use the 882/118 classes split proposed in Vinyals et al. (2016), and use the three
30-class subsets sampled from the 118 classes as unlabelled sets.

B IMPLEMENTATION DETAILS

In the first self-supervised training step, otherwise mentioned, we trained our model with the pretext
task of rotation predictions (i.e., a four-class classification: 0◦, 90◦, 180◦, and 270◦) for 200 epochs
and a step-wise decaying learning rate starting from 0.1 and divided by 5 at epochs 60, 120, and 160.

In the second step of our framework (i.e., supervised training using labelled data), we fine-tuned our
model on the labelled set for 100 epochs and a step-wise decaying learning rate starting from 0.1
and halved every 10 epochs. From this step onward we fix the first three convolutional blocks of the
model, and fine-tuned the last convolutional block together with the linear classifier.

Finally, in the last joint training step, we fine-tuned our model for 200/100/90 epochs for {CIFAR-10,
CIFAR-100, SVHN}/OmniGlot/ImageNet, which was randomly sampled from the merged set of both
labelled and unlabelled data. The initial learning rate was set to 0.1 for all datasets, and was decayed
with a factor of 10 at the 170th/{30th, 60th} epoch for {CIFAR-10, CIFAR-100, SVHN}/ImageNet.
The learning rate of 0.01 was kept fixed for OmniGlot. For the consistency regularization term, we
used the ramp-up function as described in section 2.4 with λ = {5.0, 50.0, 50.0, 100.0, 10.0}, and
T = {50, 150, 80, 1, 50} for CIFAR-10, CIFAR-100, SVHN, OmniGlot, and ImageNet respectively.

In the incremental learning setting, all previous hyper parameters remain the same for our method.
We only add a ramp-up on the cross entropy loss on unlabelled data. The ramp-up length is the same
as the one used for eq. (4) and we use for all experiments a coefficient of 0.05. For all other methods
we trained the classifier for 150 epochs with SGD with momentum and learning rate of 0.1 divided
by 10 at epoch 50.

We implemented our method using PyTorch 1.1.0 and ran experiments on NVIDIA Tesla M40
GPUs. Following (Han et al., 2019), our results were averaged over 10 runs for all datasets, ex-
cept for ImageNet which was averaged over the three 30-class subsets. In general, we found the
results were stable. Our code is publicly available at http://www.robots.ox.ac.uk/˜vgg/
research/auto_novel.

C STANDARD DEVIATION OF INCREMENTAL LEARNING EXPERIMENT
IN TABLE 4

Table 5: Incremental Learning with the novel categories. “old” refers to the standard deviation
ACC on the labelled classes while “new” refers to the unlabelled classes in the testing set. “all”
indicates the whole testing set. It should be noted that the predictions are not restricted to their
respective subset.

CIFAR-10 CIFAR-100 SVHN

Classes old new all old new all old new all

KCL w/ S.S. 0.6% 0.6% 0.1% 0.3% 0.3% 0.2% 0.3% 0.5% 0.1%
MCL w/ S.S. 0.4% 0.4% 0.1% 0.3% 0.1% 0.2% 0.2% 0.3% 0.1%
DTC w/ S.S. 0.6% 0.2% 0.3% 0.2% 0.2% 0.2% 0.3% 0.2% 0.1%

Ours w/ I.L. 0.2% 0.2% 0.1% 0.1% 0.3% 0.1% 0.1% 0.0% 0.1%
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Figure 4: Performance evolution with respect to k. We report results for k =
{1, 2, 3, 5, 7, 10, 15, 20, 50}.

D IMPACT OF k OVER RESULTS

We provide an additional study of the evolution of performances of our method with respect to k.
We results on SVHN/CIFAR10/CIFAR100 in fig. 4. We found that k = {5, 7} gave the best results
overall. We also found that for all values of k except 1 results were in general stable.

E RESULTS WITH AN UNKNOWN NUMBER OF CLASSES

While in our work we assume the number of new classes Cu to be known a priori, this hypothesis can
be restrictive in practice. Instead, one can estimate the number of classes in Du using recent methods
such as DTC (Han et al., 2019). In table 6 we compare ACC of KCL (Hsu et al., 2018), KCL (Hsu
et al., 2019), DTC(Han et al., 2019) and our method on unlabelled splits of OmniGlot and ImageNet
datasets with Cu computed from DTC. We note that our method again reaches the state-of-the-art on
ImageNet and is on par with the state-of-the-art on OmniGlot.

Table 6: Novel category discovery results with unknown Cu.
No OmniGlot ImageNet

(1) KCL (Hsu et al., 2018) 80.3% 71.4%
(2) MCL (Hsu et al., 2019) 80.5% 72.9%
(3) DTC (Han et al., 2019) 87.0% 77.6%

(4) Ours 85.4% 80.5%
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Chapter 7

LSD-C: Linearly Separable Deep
Clusters

This work is currently in the review process of the Conference on Neural Information

Processing Systems (NeurIPS), 2020.

This paper tackles the problem of deep clustering. Compared to the previous chapters,

there are no labels available at training time. First, we pre-train the network with self-

supervision to avoid overfitting obvious visual cues. Second, we propose to reformulate

clustering as the binary classification problem of predicting whether a pair of samples

belong to the same cluster. The pseudo-labels for this clustering loss are extracted

at the feature level and are based on the similarity between pairs of samples. To this

end, we propose a new similarity based on k-nearest neighbours. Finally, we show

that data augmentation and the choice of similarity are essential for the competitive

performance of our method.
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Abstract

We present LSD-C, a novel method to identify clusters in an unlabeled dataset. Our
algorithm first establishes pairwise connections in the feature space between the
samples of the minibatch based on a similarity metric. Then it regroups in clusters
the connected samples and enforces a linear separation between clusters. This is
achieved by using the pairwise connections as targets together with a binary cross-
entropy loss on the predictions that the associated pairs of samples belong to the
same cluster. This way, the feature representation of the network will evolve such
that similar samples in this feature space will belong to the same linearly separated
cluster. Our method draws inspiration from recent semi-supervised learning prac-
tice and proposes to combine our clustering algorithm with self-supervised pretrain-
ing and strong data augmentation. We show that our approach significantly outper-
forms competitors on popular public image benchmarks including CIFAR 10/100,
STL 10 and MNIST, as well as the document classification dataset Reuters 10K.
Our code is available at https://github.com/srebuffi/lsd-clusters.

1 Introduction

The need for large scale labelled datasets is a major obstacle to the applicability of deep learning
to problems where labelled data cannot be easily obtained. Methods such as clustering, which
are unsupervised and thus do not require any kind of data annotation, are in principle more easily
applicable to new problems. Unfortunately, standard clustering algorithms [7, 10, 38, 41] usually
do not operate effectively on raw data and require to design new data embeddings specifically for
each new application. Thus, there is a significant interest in automatically learning an optimal
embedding while clustering the data, a problem sometimes referred to as simultaneous data clustering
and representation learning. Recent works have demonstrated this for challenging data such as
images [27, 51] and text [28, 44]. However, most of these methods work with a constrained output
space, which usually coincides with the space of discrete labels or classes being estimated, therefore
forcing to work at the level of the semantic of the clusters directly.

In this paper, we relax this limitation by introducing a novel clustering method, Linearly Separable
Deep Clustering (LSD-C). This method operates in the feature space computed by a deep network
and builds on three ideas. First, the method extracts mini-batches of input samples and establishes
pairwise pseudo labels (connections) for each pair of sample in the mini-batch. Differently from
prior art, this is done in the space of features computed by the penultimate layer of the deep network
instead of the final output layer, which maps data to discrete labels. From these pairwise labels, the
method learns to regroup the connected samples into clusters by using a clustering loss which forces
the clusters to be linearly separable. We empirically show in section 4.2 that this relaxation already
significantly improves clustering performance.

∗indicates equal contribution

Preprint. Under review.



Second, we initialize the model by means of a self-supervised representation learning technique. Prior
work has shown that these techniques can produce features with excellent linear linear separability [4,
16, 22] that are particularly useful as initialization for downstream tasks such as semi-supervised and
few-shot learning [14, 42, 54].

Third, we make use of very effective data combination techniques such as RICAP [49] and MixUp [55]
to produce composite data samples and corresponding pseudo labels, which are then used at the
pairwise comparison stage. In section 4 we show that training with such composite samples and
pseudo labels greatly improves the performance of our method, and is in fact the key to good
performance in some cases.

We comprehensively evaluate our method on popular image benchmarks including CIFAR 10/100,
STL 10 and MNIST, as well as the document classification dataset Reuters 10K. Our method
almost always outperforms competitors on all datasets, establishing new state-of-the-art clustering
results. The rest of the paper is organized as follows. We first review the most relevant works
in section 2. Next, we develop the details of our proposed method in section 3, followed by the
experimental results, ablation studies and analysis in section 4. Our code is publicly available at
https://github.com/srebuffi/lsd-clusters.

2 Related work

Deep clustering. Clustering has been a long-standing problem in the machine learning community,
including well-known algorithms such as K-means [38], mean-shift [7], DBSCAN [10] or Gaussian
Mixture models [41]. Furthermore it can also be combined with other techniques to achieve very
diverse tasks like novel category discovery [21, 11] or semantic instance segmentation [9] among
others. With the advances of deep learning, more and more learning-based methods have been
introduced in the literature [12, 13, 19, 26, 28, 36, 45, 51, 52]). Among them, DEC [51] is one of
the most promising method. It is a two stage method that jointly learns the feature embedding and
cluster assignment. The model is first pretrained with an autoencoder using reconstruction loss, after
which the model is trained by constructing a sharpened version of the soft cluster assignment as
pseudo target. This method inspired a few following works such as IDEC [17] and DCED [18].
JULE [53] is a recurrent deep clustering framework that jointly learns the feature representation with
an agglomerative clustering procedure, however it requires tuning a number of hyper-parameters,
limiting its practical use. More recently, several methods have been proposed based on mutual
information [5, 25, 27]. Among them, IIC [27] achieves the current state-of-the-art results on image
clustering by maximizing the mutual information between two transformed counterparts of the
same image. Closer to our work is the DAC [3] method, which considers clustering as a binary
classification problem. By measuring the cosine similarity between predictions, pairwise pseudo
labels are generated from the most confident positive or negative pairs. With the generated pairwise
pseudo labels, the model can then be trained by a binary cross-entropy loss. DAC can learn the
feature embedding as well as the cluster assignment in an end-to-end manner. Our work significantly
differs from DAC as it generates pairwise predictions from a less constrained feature space using
similarity techniques not limited to cosine distance.

Self-supervised representation learning. Self-supervised representation learning has recently at-
tracted a lot of attention. Many effective self-supervised learning methods have been proposed in
the literature [1, 2, 4, 15, 16, 22]. DeepCluster [2] learns feature representation by classification
using the pseudo labels generated from K-means on the learned features in each training epoch.
RotNet [16] randomly rotates an image, and learns to predict the applied rotations. Very recently,
contrastive learning based methods MoCo [22] and SimCLR [4] have achieved the state-of-the-art
self-supervised representation performance, surpassing the representation learnt using ImageNet
labels. Self-supervised learning has been also applied in few-shot learning [14], semi-supervised
learning [42, 54] and novel category discovery [20], which successfully boosts their performance. In
this work we make use of the provably well-conditioned feature space learnt from self-supervised
learning method to initialize our network and avoid degenerative cases.

Pairwise pseudo labeling. Pairwise similarity between pairs of sample has been widely used in the
literature for dimension reduction or clustering (e.g., t-SNE [37], FINCH [44]). Several methods have
shown the effectiveness of using pairwise similarity to provide pseudo labels on-the-fly to train deep
convolutional neural networks. In [24], a binary classifier is trained to provide pairwise pseudo labels
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Figure 1: Overview of LSD-C. Pairwise labels are extracted at the feature level. They are then
used in a clustering loss after the linear classifier. This way, the feature maps will evolve such that
connected samples will be grouped in linearly separated clusters. The MSE loss acts a regularizer
and enforces the consistency of the cluster predictions when data augmentation is applied.

to train a multi-class classifier. In [20], ranking statistics is used to obtain pairwise pseudo labels
on-the-fly for the task of novel category discovery. In [44], the pairwise connection between data
points by finding the nearest neighbour is used to cluster images using CNN features. In our method,
we compute pairwise labels from a neural network embedding. This way we generate pseudo labels
for each pair in each mini-batch and learn cluster assignment without any supervision.

3 Method

Our methods is divided into three stages: (i) self-supervised pre-training, (ii) pairwise connection and
clustering, and (iii) data composition. We provide an overview of our pipeline in figure 1. Our method
processes each input data batch x in two steps, by extracting features f = Φ(x) ∈ RN×D by means
of a neural network Φ, followed by estimating posterior class probabilities p = Ψ(f) ∈ RN×K by
means of a linear layer Ψ and softmax non-linearity. We use the symbol p′ = Φ(Ψ(x′)) to denote
the class predictions for the same mini-batch x′ with data augmentation (random transformations)
applied to it. We use the letters D, K and N to denote the feature space dimension, the number of
clusters and the mini-batch size. We now detail each component of LSD-C.

3.1 Self-supervised pretraining

As noted in the introduction, traditional clustering methods require handcrafted or pretrained features.
More recently, methods such as [27] have combined deep learning and clustering to learn features
and clusters together; even so, these methods usually still require ad hoc pre-processing steps
(e.g. pre-processing such as Sobel filtering [2, 27]) and extensive hyperparameter tuning. In our
method we address this issue and avoid bad local minima in our clustering results by initializing our
representation by means of self-supervised learning. In practice, this amounts to train our model on a
pretext task (detailed in section 4) and then retain and freeze the earlier layers of the model when
applying our clustering algorithm. As reported in [4, 16], the features obtained from self-supervised
pre-training are linearly separable with respect to typical semantic image classes. This property is
particularly desirable in our context and also motivates our major design choice: since the feature
space of self-supervised pre-trained network is linearly separable, it is therefore easier to directly
operate on it to discriminate between different clusters.

3.2 Pairwise labeling

A key idea in our method is the choice of space where pairwise the data connections are established:
we extract pairwise labels at the level of the data representation rather than at the level of the class
predictions. The latter is a common design choice, used in DAC [3] to establish pairwise connections
between data points and in DEC [51] to match the current label posterior distribution to a sharper
version of itself.

3



Table 1: Pairwise labeling with adjacency matrices Aij = 1Cij
based on different similarities.

τ is the thresholding hyperparameter for L2, SNE and Cosine. The number of neighbours k is kNN’s
hyperparameter.

L2 dist. SNE Cosine kNN

Cij = ‖fj − fi‖2 < τ
exp(−‖fj−fi‖2/T 2)

H(Zi,Zj)
> τ

f>j fi
‖fj‖‖fi‖ > τ (j ∈ kNN(i)) ∨ (i ∈ kNN(j))

The collection of pairwise labels between samples in a mini-batch is given by the adjacency matrix
A of an undirected graph whose nodes are the samples and whose edges encode their similarities.
DAC [3] generates pseudo labels by checking if the output of the network is above or under certain
thresholds. The method of [34] proceeds similarly in the semi-supervised setting. In our method, as
we work instead at the feature space level, the pairwise labeling step is a separate process from class
prediction and we are free to choose any similarity to establish our adjacency matrix A. We denote
with fi ∈ RD and fj ∈ RD the feature vectors for samples i and j in a mini-batch, obtained from
the penultimate layer of the neural network Φ. We also use the symbol Aij ∈ {0, 1} to denote the
value of the adjacency matrix for the pair of samples (i, j). Next, we describe the different types of
pairwise connections considered in this work and summarize them in table 1.

Cosine and L2 similarity. Let τ ∈ R+ be a threshold hyperparameter and define Cij =
[cos(fj , fi) > τ ] (cosine) or Cij = [‖fj − fi‖2 < τ ] (Euclidean) where cos denotes the dot product
between L2-normalized vectors. We then define Aij = 1Cij

where 1 is the indicator function. These
definitions connect neighbor samples but do not account well for the local structure of the data.
Indeed, it is not obvious that the cosine similarity or Euclidean distance would establish good data
connections in feature space.

Symmetric SNE. A possible solution to alleviate the previous issue is to use the symmetric SNE
similarity introduced in t-SNE [37]. This similarity is based on the conditional probability pj|i of
picking j as neighbor of i under a Gaussian distribution assumption. We make a further assumption
compared to [37] of an equal variance for every sample in order to speed up the computation of
pairwise similarities and define:

pj|i =
exp(−‖fj − fi‖2/T 2)∑

k 6=i
exp(−‖fk − fi‖2/T 2)

=
exp(−‖fj − fi‖2/T 2)

Zi
, (1)

Cij =
pj|i + pi|j

2
> τ ⇐⇒ exp(−‖fj − fi‖2/T 2)

H(Zi, Zj)
> τ. (2)

As shown in equation (1), we introduce a temperature hyperparameter T ∈ R+ and we call Zi the
partition function for sample i. Then the associated adjacency matrix in equation (2) can be written
as a function of the L2 distance between samples and, in the denominator, of the harmonic mean
H of the partition functions. As a result, if sample i or j has many close neighbours, it will reduce
the symmetric SNE similarity and possibly prevent a connection between samples i and j. Such a
phenomenon is shown on the two moons toy dataset in figure 2.

k-nearest neighbors. We also propose a similarity based on k-nearest neighbours (kNN) [8] where
the samples i and j are connected if i is in the k-nearest neighbours of j or if j is in the k-nearest
neighbours of i. With this similarity, the hyperparameter is the minimum of neighbours k and not the
threshold τ .

3.3 Clustering loss and data composition

Now that we have established pairwise connections between each pair of samples in the mini-batch,
we will use the adjacency matrix as target for a binary cross-entropy loss. Denoting with P (i = j)
the probability that samples i and j belong to the same cluster, we wish to optimize the clustering
loss:

Lclus = −
∑

i,j

Aij logP (i = j) + (1−Aij) logP (i 6= j). (3)

4



(a) Raw data (b) L2 dist. (c) kNN (d) SNE

Figure 2: Pairwise connections on the two moons toy data. From left to right. We apply our algo-
rithm with different connection techniques on a toy dataset shown in (a) where each color represents
a class. We use the different connections techniques of table 1 such that there are 650 undirected
edges for each similarity. Compared to L2 distance and SNE, kNN produces neighbourhoods of
similar sizes and every sample is connected. SNE captures the local structure of the data: most of the
connections are at the external tails of the moons where there are less points.

0.5 0.2 0.2

A11= 1 A15= 0 A17= 1 A12= 0

0.1

Figure 3: Illustration for equation (6) of a pairwise target between the "pure" image i = 1 and the
composite image j with σ(j) ∈ (1, 5, 7, 2). In this case, the resulting pairwise target equals 0.7.

The left term of this loss aims at maximizing the number of connected samples (i.e. Aij = 1) within
a cluster and the right term at minimizing the number of non-connected samples within it (namely,
the edges of the complement of the similarity graph 1−Aij = 1). Hence the second term prevents
the formation of a single, large cluster that would contain all samples.

The next step is to model P (i = j) by using the linear classifier predictions of samples i and j. As
seen in equation (4), for a fixed number of clusters K, the probability of samples i and j belonging to
the same cluster can be rewritten as a sum of probabilities over the possible clusters. For simplicity,
we assume that samples i and j are independent. This way, the pairwise comparison between samples
appear only at the loss level and we can thus use the standard forward and backward passes of deep
neural networks where each sample is treated independently. By plugging equation (4) in equation (3)
and by replacing pj with p′j to form pairwise comparisons between the mini-batch and its augmented
version, we obtain our final clustering loss Lclus:

P (i = j) =
K∑

k=1

P (i = k, j = k) =
K∑

k=1

P (i = k)P (j = k) = p>i pj , (4)

Lclus = −
∑

i,j

Aij log(p>i p
′
j) + (1−Aij) log(1− p>i p

′
j). (5)

A similar loss is used in [24] but with supervised pairwise labels to transfer a multi-class classifier
across tasks. It is also reminiscent of DAC [3], but differs from the latter because the DAC loss does
not contain a dot product between probability vectors but between L2 normalized probability vectors.
Hence DAC optimizes a Bhattacharyya distance whereas we optimize a standard binary cross-entropy
loss.

In practice Lclus can be used in combination with effective data augmentation techniques such as
RICAP [49] and MixUp [55]. These methods combine the images from the minibatch and use a
weighted combination of the labels of the original images as new target for the cross-entropy loss.
We denote with σ permutation of the samples in the minibatch; RICAP and MixUp require 4 and 2
permutations respectively. RICAP creates a new minibatch of composite images by patching together
random crops from the 4 permutations of the original minibatch, whereas MixUp produces a new
minibatch by taking a linear combination with random weights from 2 permutations. The new target
for a composite image is then obtained by taking a linear combination of the labels in the recombined
images, weighted by area proportions in RICAP and the mixing weights in MixUp. These techniques
were proposed for the standard supervised classification setting, so we adapt them here to clustering.
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In order to do so, we propose to perform a pairwise labeling between the composite images and the
raw original images. Both minibatches of original and composite images are fed to the network.
Then, as illustrated in figure 3, the pairwise label between a composite image and a raw image is the
linear combination of the pairwise labels between the components of both. To sum up, to obtain the
pairwise labels between a minibatch and its composite version we just need to extract the adjacency
matrix A of the minibatch and then do a linear combination of the adjacency matrix A with the
different column permutations σ:

Lclus = −
∑

σ

∑

i,j

wσAiσ(j) log(p>i p̃j) + (1− wσAiσ(j)) log(1− p>i p̃j) (6)

Regarding the predicted probability of the ‘pure’ image i and the composite image j being in the
same cluster, we take the dot product between their respective cluster predictions pi and p̃j .

3.4 Overall loss

The overall loss we optimise is given by
Ltot = Lclus(f ,p,p

′) + Lcons(p,p
′), (7)

where

Lcons =
ω(t)

KN

N∑

i=1

‖pi − p′i‖2, (8)

and ω(t) = λe−5(1−
t
T )2 is the ramp-up function proposed in [32, 50] with t the current training step,

T the ramp-up length and λ ∈ R+. Lcons is a consistency constraint which requires the model to
produce the same prediction p ≈ p′ for an image and an its augmented version. We use it in our
method in a similar way as semi-supervised learning techniques [32, 39, 43, 50], i.e. as a regularizer
to provide consistent predictions. This differs significantly from clustering methods like IIC [27]
and IMSAT [25] where augmentations are used as a main clustering cue by maximizing the mutual
information between different versions of an image. Instead, as commonly done in semi-supervised
learning, we use the Mean Squared Error (MSE) between predictions as the consistency loss.

4 Experiments

Datasets. We conduct experiments on five popular benchmarks which we use to compare our
method against recent state-of-the-art approaches whenever results are available. We use four image
datasets and one text dataset to illustrate the versatility of our approach to different types of data. We
use MNIST [33], CIFAR 10 [30], CIFAR 100-20 [30] and STL 10 [6] as image datasets. All these
datasets cover a wide range of image varieties ranging from 28×28 pixels grey scale digits in MNIST
to 96× 96 higher resolution images from STL 10. CIFAR 100-20 is redesigned from original CIFAR
100 since we consider only the 20 meta classes for evaluation as common practice [27]. Finally we
also evaluate our method on a text dataset, Reuters 10K [35]. Reuters 10K contains 10,000 English
news labelled with 4 classes. Each news has 2,000 tf-idf features. For all datasets we suppose the
number of classes to be known.

Experimental details. We use ResNet-18 [23] for all the datasets except two. For MNIST we use
a model inspired from VGG-4 [46], described in [27] and for Reuters 10K we consider a simple
DNN of dimension 2000–500–500–2000–4 described in [51]. We train with batch-size of 256 for
all experiments. We use SGD optimizer with momentum [48] and weight decay set to 5× 10−4 for
every dataset except for Reuters 10K where we respectively use Adam [29] and decay of 2× 10−3.
When comparing with other methods in table 2 and table 3, we run our method using 10 different
seeds and report average and standard deviation on each dataset to measure the robustness of our
method with respect to initialization. As it is common practice [27], we train and test the methods on
the whole dataset (this is acceptable given that the method uses no supervision). Further experimental
details about data augmentation and training are available in the appendix.

Evaluation metrics. We take the commonly used clustering accuracy (ACC) as evaluation metric.
ACC is defined as

max
g∈Sym(K)

1

N

N∑

i=1

1 {yi = g (yi)} , (9)
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Table 2: Comparison with other methods. Our method almost constantly reaches state-of-the-art
performances by a large margin. Note that [27] report best results over all the heads while we report
results over ten different initializations. This further shows that our method is overall stable and
robust to initialization.

K-means [38] JULE [53] DEC [51] DAC [3] IIC [27] Ours

CIFAR 10 22.9 27.2 30.1 52.2 61.7 81.7 ± 0.9
CIFAR 100-20 13.0 13.7 18.5 23.8 25.7 42.3 ± 1.0
STL 10 19.2 27.7 35.9 47.0 59.6 66.4 ± 3.2
MNIST 57.2 96.4 84.3 97.8 99.2 98.6 ± 0.5

Table 3: Results on Reuters 10K. Our method performs on average on par with state of the art. Note
that for the best seed we reach state-of-the-art results of 83.5%.

K-means [38] IMSAT [25] DEC [51] VaDE [28] FINCH [44] Ours

Reuters 10K 52.4 71.9 72.2 79.8 81.5 79.0 ± 4.3

where yi and yi respectively denote the ground-truth class label and the clustering assignment
obtained by our method for each sample in the dataset. Sym (K) is the group of permutations with
K elements and following other clustering methods we use the Hungarian algorithm [31] to optimize
the choice of permutation.

4.1 Results on standard benchmarks

We compare our method with the K-means [38] baseline and recent clustering methods. In table 2,
we report results on image datasets. We use RotNet [16] self-supervised pre-training for each dataset
on all the data available (e.g including the unlabelled set in STL-10). Our method significantly
outperforms the others by a large margin. For example, our method achieves 81.5% on CIFAR 10,
while the previous state-of-the-art method IIC [27] gives 61.7%. On CIFAR 10, our method also
outperforms the leading semi-supervised learning technique FixMatch [47] which obtains 64.3% in
its one label per class setting. Similarly, on CIFAR 100-20 and STL 10, our method outperforms
other clustering approaches respectively by 14.7 and 6.8 points. On MNIST, our method and IIC
both achieve a very low error rate around 1%.

These results clearly show the effectiveness of our approach. Unlike the previous state-of-the-art
method IIC that requires to apply Sobel filtering and very large batch size during training, our method
does not require such preprocessing and works with a common batch size. We also note that our
method is robust to different initialization, with a maximum 3.2% of standard deviation across all
datasets.

To analyse further the results on CIFAR 10, we can look at the confusion matrix resulting from
our model’s predictions.We note that most of the errors are due to the ‘cat’ and ‘dog’ classes being
confused. If we retain only the confident samples with prediction above 0.9 (around 60% of the
samples), the accuracy rises to 94%. We assume that the two classes ‘cat’ and ‘dog’ are are more
difficult to discriminate due to their visual similarity.

In table 3, we also evaluate our method on the document classification dataset Reuters 10K to show
its versatility. We compare with different approaches than in table 2 as clustering methods developed
for text are seldom evaluated on image datasets like CIFAR and vice versa. Following existing
approaches applied to Reuters 10K, we pretrain the deep neural network by training a denoising
autoencoder on the dataset [28]. Our method works notably better than the K-means baseline, and
is on par with the best results methods FINCH [44] and VaDE [28]. Most notably one run of our
method established state-of-the-art results of 83.5%, 2 points above the current best model.

4.2 Ablation studies

In order to analyze the effects of the different components of our method, we conduct a three parts
ablation study on CIFAR 10 and CIFAR 100-20. First, we compare the impact of different possible
pairwise labeling methods in the feature space. Second, as one of our key contribution is to choose

7



Table 4: Ablation study. We analyse the effect of different pairwise labeling methods but also the
impact of where the labeling is done (feature vs prediction space). We also show the paramount
importance of data augmentation for clustering some datasets like CIFAR 10.

Pairwise labeling Using the pred. space Data augmentation

L2 Cosine kNN SNE Cosine kNN SNE RICAP MixUp None

CIFAR 10 70.2 81.1 81.7 81.5 63.7 64.7 67.0 81.7 75.3 53.7
CIFAR 100-20 26.1 34.4 42.3 40.4 20.4 32.8 30.4 42.3 37.1 35.4

the space where the pairwise labeling is performed, we test doing so at the level of features and
predictions (i.e. after the linear classifier but before the softmax layer like DEC [51] or DAC [3]).
Third, we analyse the importance of data augmentation in clustering raw images. Results are reported
in table 4 and discussed next.

Pairwise similarity. We compare, in feature space, pairwise labeling methods based on L2 distance,
cosine similarity, kNN and symmetric SNE as described in table 1. For kNN, we set the number of
neighbors k to 20 and 10 for CIFAR 10 and CIFAR 100-20 respectively. For the cosine similarity, we
use respectively thresholds 0.9 and 0.95. For the L2 distance, we ran a grid search between 0 and 2 to
find an optimal threshold. For SNE, we set the threshold to 0.01 and the temperature to 1 and 0.5, for
CIFAR 10 and CIFAR 100-20 respectively. Further details about the hyperparameters are available in
the supplementary. We observe that kNN, SNE and cosine similarity perform very well on CIFAR 10
with values around 81%. It is interesting to note that cosine similarity performs noticeably worse
than kNN and SNE on CIFAR 100-20 with around 6 points less. We also notice that L2 distance
performs consistently worse than the other labeling methods. We can conclude that kNN and SNE
are the best labeling methods empirically with consistent performance on these two datasets.

Feature space embedding. Instead of using these labeling methods before the linear classifier, we
apply them after it. In this case, our overall approach becomes more similar to standard pseudo-
labeling methods such as [3, 34, 51], which aim to match the network predictions output with a
‘sharper’ version of it. We observe that the performance drops considerably for all labeling methods
with an average decrease of 16.3 points for CIFAR 10 and 10.6 points for CIFAR 100-20. Hence, this
shows empirically that where pseudo labeling is applied plays a major role in clustering effectiveness
and that labeling at the feature space level is noticeably better than doing so at the prediction space
level.

Data augmentation. We compare RICAP, MixUp, and the case without data composition (denoted
as None). As can it can be seen in table 4, data composition is crucial for CIFAR 10 where RICAP
and MixUp surpass None by respectively 28 and 22 points. On CIFAR 100-20, the differences are
smaller but using data composition still brings a clear improvement with a 5.1 points increase when
using RICAP. Interestingly, RICAP clearly outperforms MixUp in both cases.

5 Conclusions

We have proposed a novel deep clustering method, LSD-C. Our method establishes pairwise connec-
tions at the feature space level among different data points in a mini-batch. These on-the-fly pairwise
connections are then used as targets by our loss to regroup samples into clusters. In this way, our
method can effectively learn feature representation together with the cluster assignment. In addition,
we also combine recent self-supervised representation learning with our clustering approach to boot-
strap the representation before clustering begins. Finally, we adapt data composition techniques to the
pairwise connections setting, resulting in a very large performance boost Our method substantially
outperforms existing approaches in various public benchmarks, including CIFAR 10/100-20, STL 10,
MNIST and Reuters 10K.
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Broader Impact

Our method considers the task of unsupervised clustering from unlabeled data. We mainly consider
two types of data: images and text document. While we make significant advances in terms of
clustering accuracy compared to previous work, we believe the data we used to be at low risk since
we consider datasets wide-spread around the community for sometimes decades.

While the data we used are not at risk we believe there is an inherent risk of misuse with clustering
particularly when learnt from raw data. As any learning algorithm the clustering also depends on the
data bias and could lead to misinformation or misinterpretation of results obtained from our model.

However we believe our method and clustering in general to be of interest for future years as it would
reduce the need of heavy data annotations and processing.
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LSD-C: Linearly Separable Deep Clusters
Supplementary Material

In this supplementary material, we provide our implementation details, the confusion matrices on
CIFAR 10 using our method with kNN labeling and some additional ablation studies. We also include
the code to run our method on CIFAR 10 together with the network pretrained with RotNet [16].

A Implementation details

Self-supervised pretraining. We train the RotNet [16] (i.e. predicting the rotation applied to the
image among four possibilities: 0◦, 90◦, 180◦, and 270◦) on all datasets with the same configuration.
Following the authors’ released code, we train for 200 epochs using a step-wise learning rate starting
at 0.1 which is then divided by 5 at epochs 60, 120, and 160.

Main LSD-C models. After the self-supervised pretraining step, following [20] we freeze the first
three macro-blocks of the ResNet-18 [23] as the RotNet training provides robust early filters. We
then train the last macro-block and the linear classifier using our clustering method. For all the
experiments, we use a batch size of 256. We summarize in table 5 all the hyperparameters for the
different datasets and labeling methods.

Table 5: Hyperparameters. Optimizer, ramp-up function and parameters of different labeling
methods on different datasets.

Optimizer Ramp-up Cosine SNE kNN

Type Epochs LR steps LR init λ T τ τ Temp k

CIFAR 10 SGD 220 [140, 180] 0.1 5 100 0.9 0.01 1.0 20
CIFAR 100-20 SGD 200 170 0.1 25 150 0.95 0.01 0.5 10
STL 10 SGD 200 [140, 180] 0.1 5 50 - 0.01 0.5 -
MNIST SGD 15 - 0.1 5 50 - - - 10
Reuters 10K Adam 75 - 0.001 25 100 - - - 5

Data augmentation techniques. We showed in the main paper that data composition techniques
like RICAP [49] and MixUp [55] are highly beneficial to our method. For RICAP, we follow the
authors’ instructions to sample the width and height of crops for each minibatch permutation by
using a Beta(0.3, 0.3) distribution. Regarding MixUp, we note that using a Beta(0.3, 0.3) distribution
for the mixing weight works better in our case than the Beta(1.0, 1.0) advised for CIFAR 10 in the
MixUp paper. Furthermore, we have to decrease the weight decay to 10−4 to make MixUp work.

Miscellaneous. Our method is implemented with PyTorch 1.2.0 [40]. Our experiments were run on
NVIDIA Tesla M40 GPUs and can run on a single GPU with 12 GB of RAM.

B Confusion matrices on CIFAR 10

In figure 4, we show some confusion matrices on CIFAR 10 to analyse how our clustering method
performs on the different classes. We notice that there are 8 confident clusters with a very high
clustering accuracy of 94.0% for confident samples. The "dog" and "cat" clusters are not well
identified possibly due to a huge intra-class variation of the samples.
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Figure 4: Confusion matrices on CIFAR 10 using our method with kNN labeling. Figure 4a
shows that most of the errors are due to the "cat" and "dog" classes. When taking the samples with
prediction above 0.9 (60% of the samples) in Figure 4b, there are less than 2000 predictions on
classes "cat" and "dog" whereas there are more than 3500 for each of the other classes. Our method
manages to ignore the problematic classes when taking the confident samples. Indeed, the accuracy
for confident samples is 94.0%.

C Additional ablation studies

We report in table 6 the results of some additional ablation studies to evaluate the impact of more
components of our method. For example, we apply K-means [38] on the feature space of the
pretrained RotNet model and we note very poor performance on CIFAR 10 and CIFAR 100-20. We
can conclude that before training with our clustering loss, the desired clusters are not yet separated in
the feature space. After training with our clustering loss, the clusters can be successfully separated.
Moreover, if we only use the clustering loss and drop the consistency MSE loss, the performance
decreases on both CIFAR 10 and CIFAR 100-20 by 1.5 and 1.3 points respectively, showing that the
MSE provides a moderate but clear gain to our method. Finally, if we replace the linear classifier by
a 2-layer classifier (i.e. this corresponds to a non-linear separation of clusters in the feature space), it
results in a small improvement on CIFAR 10 but a clear decrease of 1.9 points on CIFAR 100-20.
Hence using a linear classifier provides more consistent results across datasets.

Table 6: Additional ablation studies. From the first column, we observe that the desired clusters
are not yet separated in the feature space after the RotNet pretraining. The second column shows that
the MSE consistency loss provides a boost of more than 1 point to our method. Finally, we see that
using a non-linear classifier harms the performance on CIFAR 100-20.

K-means + RotNet Ours (kNN) Ours (kNN) w/o MSE Ours (kNN) w/ non-lin.

CIFAR 10 14.3 81.7 80.2 82.0
CIFAR 100-20 9.1 40.5 39.2 38.6
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Chapter 8

There and Back Again: Revisiting
Backpropagation Saliency Methods

This work was presented as a Poster Presentation at the IEEE Conference on Com-

puter Vision and Pattern Recognition (CVPR), 2020.

This paper presents a unifying framework for backpropagation saliency methods.

This framework is based on the formula of the gradient of spatially shared weights.

In addition, we propose to combine saliency maps at different layers to leverage the

high resolution of early layers and the class discriminability of late layers. Finally,

we introduce a meta-learning based saliency method to increase the sensitivity of the

saliency map to the target class.
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Abstract

Saliency methods seek to explain the predictions of a
model by producing an importance map across each in-
put sample. A popular class of such methods is based on
backpropagating a signal and analyzing the resulting gra-
dient. Despite much research on such methods, relatively
little work has been done to clarify the differences between
such methods as well as the desiderata of these techniques.
Thus, there is a need for rigorously understanding the re-
lationships between different methods as well as their fail-
ure modes. In this work, we conduct a thorough analysis
of backpropagation-based saliency methods and propose a
single framework under which several such methods can be
unified. As a result of our study, we make three additional
contributions. First, we use our framework to propose Nor-
mGrad, a novel saliency method based on the spatial con-
tribution of gradients of convolutional weights. Second, we
combine saliency maps at different layers to test the ability
of saliency methods to extract complementary information
at different network levels (e.g. trading off spatial resolu-
tion and distinctiveness) and we explain why some methods
fail at specific layers (e.g., Grad-CAM anywhere besides
the last convolutional layer). Third, we introduce a class-
sensitivity metric and a meta-learning inspired paradigm
applicable to any saliency method for improving sensitivity
to the output class being explained.

1. Introduction

The adoption of deep learning methods by high-risk ap-
plications, such as healthcare and automated driving, gives
rise to a need for tools that help machine learning prac-
titioners understand model behavior. Given the highly-
parameterized, opaque nature of deep neural networks, de-
veloping such methods is non-trivial, and there are many
possible approaches. In the basic case, even the predictions
of the model itself, either unaltered or after being distilled
into a simpler function [11, 3], can be used to shed light on

∗indicates equal contribution

its behaviour.
Saliency is the specific branch of interpretability con-

cerned with determining not what the behaviour of a model
is for whole input samples, but which parts of samples con-
tribute the most to that behaviour. Thus by definition, de-
termining saliency - or attribution - necessarily involves re-
versing the model’s inference process in some manner [20].
Propagating a signal from the output layer of a neural net-
work model back to the input layer is one way of explicitly
achieving this.

The number of diverse works based on using signal back-
propagation for interpretability in computer vision [37, 27,
4, 38] is testimony to the power of this simple principle.
Typically, these techniques produce a heatmap for any given
input image that ranks its pixels according to some metric of
importance for the model’s decision. Inspired by the work
of [1], we propose to delve deeper into such methods by
discussing some of the similarities, differences and poten-
tial improvements that can be illustrated.

We begin with presenting a framework that unifies sev-
eral backpropagation-based saliency methods by dividing
the process of generating a saliency map into two phases:
extraction of the contribution of the gradient of network
parameters at each spatial location in a particular network
layer, and aggregation of such spatial information into a 2D
heatmap. GradCAM [27], linear approximation [17] and
gradient [29] can all be cast as such processes. Noting that
no appropriate technique has yet been proposed for properly
aggregating contributions from convolutional layers, we in-
troduce NormGrad, which uses the Frobenius norm for ag-
gregation. We introduce identity layers to allow for the gen-
eration of saliency heatmaps at all spatially-grounded lay-
ers in the network (i.e. even after ReLU), since NormGrad
computes saliency given a parameterised network layer.

We conduct a thorough analysis of backpropagation-
based saliency methods in general, with evaluation based on
utilising saliency heatmaps for weak localisation. Notably,
we conduct an investigation into simple techniques for com-
bining saliency maps taken from different network layers
- in contrast to the popular practice of computing maps at
the input layer [29] - and find that using a weighted aver-
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age of maps from all layers consistently improves perfor-
mance for several saliency methods, compared to taking the
single best layer. However, not all layers are equally im-
portant, as we discover that models optimised on datasets
such as ImageNet [26] and PASCAL VOC [7] learn fea-
tures that become increasingly class insensitive closer to-
wards the input layer. This provides an explanation for why
Grad-CAM [27] produces unmeaningful saliency heatmaps
at certain layers earlier than the last convolutional layer, as
the sensitivity of the gradient to class across spatial loca-
tions is eliminated by Grad-CAM’s spatial gradient averag-
ing, meaning such layers are devoid of class sensitive sig-
nals from which to form saliency heatmaps.

Finally, building off [20, 1], we introduce a novel metric
for quantifying the class sensitivity of a saliency method,
and present a meta-learning inspired paradigm that in-
creases the class sensitivity of any method by adding an in-
ner SGD step into the computation of the saliency heatmap.

2. Related work
Saliency methods. Our work focuses on
backpropagation-based saliency methods; these tech-
niques are computationally efficient as they only require
one forward and backward pass through a network. One
of the earliest methods was [29] which visualised the
gradient at the input with respect to an output class being
explained. Several authors have since proposed adaptations
in order to improve the heatmap’s visual quality. These
include modifying the ReLU derivatives (Deconvnet [37],
guided backprop [32]) and averaging over randomly
perturbed inputs (SmoothGrad [31]) to produce masks with
reduced noise. Several works have explored visualizing
saliency at intermediate layers by combining information
from activations and gradients, notably CAM [39], Grad-
CAM [27], and linear approximation (a.k.a. gradient ×
input) [17]. Conservation-preserving methods (Excitation
Backprop [38], LRP [4], and DeepLIFT [28]) modify the
backward functions of network layers in order to “preserve”
an attribution signal such that it sums to one at any point
in the network. Reference-based methods average over
attributions from multiple interpolations [33] between the
input and a non-informative (e.g. black) reference input
or use a single reference input with which to compare a
backpropagated attribution signal [28].

Although we focus on backpropagation-based methods,
another class of methods studies the effects that perturba-
tions on the input induce on the output. [37] and [24] gen-
erate saliency maps by weighting input occlusion patterns
by the induced changes in model output. [10, 9, 15] learn
for saliency maps that maximally impact the model, and [5]
trains a model to predict effective maps. LIME [25] learns
linear weights that correspond to the effect of including or
excluding (via perturbation) different image patches in an

image. Perturbation-based approaches have also been used
to perform object localisation [30, 35, 34].

Assessing and unifying saliency methods. A few works
have studied if saliency methods have certain desired sen-
sitivities (e.g., to specific model weights [1] or the out-
put class being explained [20]) and if they are invariant
to unmeaningful factors (e.g., constant shift in input inten-
sity [16]). [20] showed that gradient [29], deconvnet [37],
and guided backprop [32] tend to produce class insensitive
heatmaps. [1] introduced sanity check metrics that measure
how sensitive a saliency method is to model weights by re-
porting the correlation between a saliency map on a trained
model vs. a partially randomized model.

Other works quantify the utility of saliency maps for
weak localization [38, 10] and for impacting model pre-
dictions. [38] introduced Pointing Game, which measures
the correlation between the maximal point extracted from
a saliency map with pixel-level semantic labels. [10] ex-
tracts bounding boxes from saliency maps and measures
their agreement with ground truth bounding boxes. [36]
evaluates attribution methods using relative feature impor-
tance. [22] proposes a dataset designed for measuring vi-
sual explanation accuracy. [4, 24, 15] present variants of a
perturbation-based evaluation metric that measures the im-
pact of perturbing (or unperturbing for [15]) image patches
in order of importance as given by a saliency map. How-
ever, these perturbed images are outside the training do-
main; [13] mitigates this by measuring the performance of
classifiers re-trained on perturbed images (i.e., with 20% of
pixels perturbed).

To our knowledge, the only work that has been done
to unify saliency methods focuses primarily on “invasive”
techniques that change backpropagation rules. The α-LRP
variant [4] and Excitation Backprop [38] share the back-
propagation rule, and DeepLIFT [28] is equivalent to LRP
when 0 is used as the reference activation throughout a net-
work. [19] unifies a few methods (e.g., LIME [25], LRP [4],
DeepLIFT [28]) under the framework of additive feature at-
tribution.

3. Method
Preliminaries. Consider a training set D of pairs (x,y)
where x ∈ R3×H×W are (color) images and y ∈
{1, . . . , C} their labels. Furthermore, let y = Φθ(x) be
the output of a neural network model whose parameters θ
are optimized using the cross-entropy loss ℓ to predict la-
bels from images.

3.1. Extract & Aggregate framework

In most methods, the saliency map is obtained as a func-
tion of the network activations, computed in a forward pass,
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and information propagated from the output of the net-
work back to its input using the backpropagation algorithm.
While some methods modify backpropagation in some way,
here we are interested in those, such as gradient, linear ap-
proximation, and all variants of our proposed NormGrad
saliency method, that do not.

In order to explain these “non-invasive” methods, we
suggest that their saliency maps can be interpreted as a mea-
sure of how much the corresponding pixels contribute to
changing the model parameters during a training step. We
then propose a principled two-phase framework capturing
this idea. In the extraction phase, a method isolates the con-
tribution to the gradient from each spatial location. We use
the fact that the gradient of spatially shared weights can be
written as the sum over spatial locations of a function of the
activation gradients and input features. In the aggregation
phase, each spatial summand is converted into a scalar using
an aggregation function, thus resulting in a saliency map.

Algorithm 1 Extract & Aggregate

1. Extract. Compute spatial contributions to the summation
of the gradient of the weights.

• Choose a layer whose parameters are shared spatially (lay-
ers from table 1).

• Alternatively, insert an identity layer (section 3.1.2) at the
targeted location.

2. Aggregate. Transform these spatial contributions into
saliency maps using an aggregation function.

• Norm: NormGrad (ours)

• Voting/Summing: linear approximation [17]

• Filtering: GradCAM [27], selective NormGrad (ours)

• Max: Gradient backprogation [29]

3.1.1 Phase 1: Extract

We first choose a target layer in the network at which we
plan to compute a saliency map. Assuming that the network
is a simple chain1, we can write L = ℓ ◦ Φ = h ◦ kw ◦ q,
where kw is the target layer parameterised by w, h is the
composition of all layers that follow it (including loss ℓ),
and q is the composition of layers that precede it. Then,
xin = q(x) ∈ RK×H×W denotes the input to the tar-
get layer, and its output is given by xout = kw(xin) ∈
RK′×H′×W ′

.
1Other topologies are treated in the same manner, but the notation is

more complex.

Layer Spatial contribution Size at each location
Bias gout

u vector: K ′

Scaling gout
u ⊙ xin

u vector: K ′

Conv N ×N gout
u xin

u,N×N
⊤ matrix: K ′ ×N2K

Table 1. Formulae and sizes of the spatial contributions to the gra-
dient of the weights for layers with spatially shared parameters. ⊙
denotes the elementwise product and xin

u,N×N is the N2K vector
obtained by unfolding the N×N patch around the target location.

Convolutional layers with general filter shapes. For
convolutions with an N × N kernel size, we can re-write
the convolution using the matrix form:

Xout = WXin
N×N (1)

where Xout ∈ RK′×HW and W ∈ RK′×N2K are the out-
put and filter tensors reshaped as matrices and Xin

N×N ∈
RN2K×HW is a matrix whose column xin

u,N×N ∈ RN2K

contains the unfolded patches at location u of the input ten-
sor to which filters are applied.2 Then, the gradient w.r.t. the
filter weights W is given by

dL

dW
=

∑

u∈Ω

d

dW

〈
gout
u ,Wxin

u,N×N

〉
=

∑

u∈Ω

gout
u xin

u,N×N

⊤
,

(2)
where gout

u = dh/dxout
u is the gradient of the “head” of

the network. Thuis, for the convolutional layer case, the
spatial summand is an outer product of two vectors; thus,
the spatial contribution at each location to the gradient of
the weights is a matrix of size K ′ ×N2K.

Other layer types. Besides convolutional layers, bias and
scaling layers also share their parameters spatially. In mod-
ern architectures, these are typically used in batch normal-
ization layers [14]. We denote b,α ∈ RK as the parameters
for the bias and scaling layers respectively. They are defined
respectively as follows:

xout
ku = xin

ku + bk, xout
ku = αkx

in
ku.

Then, the gradients w.r.t. parameters are given by

dL

db
=

∑

u∈Ω

gout
u ,

dL

dα
=

∑

u∈Ω

gout
u ⊙ xin

u . (3)

where ⊙ is the elementwise product. For these two types of
layer, the spatial summand is a vector of size K, the number
of channels. Table 1 summarizes the spatial contributions to
the gradients for the different layers.

2This operation is called im2row in MATLAB or unfold in PyTorch.
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3.1.2 Virtual identity layer

So far, we have only extracted spatial gradient contribu-
tions for layers that share parameters spatially. We will now
extend our summand extraction technique to any location
within a CNN by allowing the insertion of a virtual iden-
tity layer at the target location. This layer is a conceptual
construction that we introduce to derive in a rigorous and
unified manner the equations employed by various methods
to compute saliency.

We are motivated by the following question: if we were
to add an identity operator at a target location, how should
this operator’s parameters be changed? A virtual identity
layer is a layer which shares its parameters spatially and
is set to the identity. Hence, it could be any of the layer
from table 1, like a bias or a scaling layer; then, bk = 0 or
ck = 1 respectively for k ∈ {1, . . . ,K}. It could also be a
N ×N convolutional layer with filter bank W ∈ RK×N2K

such that wkk′ij = δk,k′δi,0δj,0, where δa,b is the Kronecker
delta function3, for (i, j) ∈ {−N−1

2 , . . . , N−1
2 }.

Because of the nature of the identity, this layer does not
change the information propagated in either the forward or
backward direction. Conceptually, it is attached to the part
of the model that one wishes to inspect as shown in fig. 1.
This layer is never “physically” added to the model (i.e., the
model is not modified); its “inclusion” or “exclusion” sim-
ply denotes whether we are using input or output activations
(xin or xout). Indeed the backpropagated gradient gout at
the output of the identity as shown in fig. 1 is the gradient
that would have been at the output of the layer preceding
the identity. This construction allows to examine activations
and gradients at the same location (e.g., xout and gout) as
most existing saliency methods do. We now can use the
formulae defined in section 3.1.1 when analyzing the gradi-
ent of the weights of this identity layer. For example, if we
consider an identity scaling layer, the spatial contribution
would be gout

u ⊙ xout
u . Or, for a N × N identity convolu-

tional layer, it would be gout
u xout

u,N×N
⊤.

IDxin xout gout

Network layer Virtual identity

Figure 1. Virtual identity. Here, we visualize inserting an iden-
tity after a specific layer in the network for saliency computation
purposes. The gradient coming from later stages of the network
that is the gradient at output of the network layer, is now also the
gradient at the output of the identity, gout.

3Kronecker delta function: δa,b = 1 if a = b; otherwise, δa,b = 0.

3.1.3 Phase 2: Aggregate

Following the extraction phase (section 3.1.1), we have the
local contribution at each spatial location to the gradients of
either an existing layer or a virtual identity layer. Each spa-
tial location is associated with a vector or matrix (table 1).
In this section, we describe different aggregation functions
to map these vectors or matrices to a single scalar per spatial
position. We drop the spatial location u in the notations.

Understanding existing saliency methods. One possible
aggregation function is the sum of the elements in a vector.
When combined with a virtual scaling identity layer (sec-
tion 3.1.2), we obtain the linear approximation method [17]:∑

k g
out
k xout

k .The contributions from the scaling identity
encode the result of channels changing (after the gradient is
applied) at each location; thus, the sum aggregation func-
tion acts as a voting mechanism. The resulting saliency map
highlights the locations that would be most impacted if fol-
lowing through with the channel updates.

Aggregation functions can also be combined with
element-wise filtering functions (e.g., the absolute value
function). Another aggregation function takes the max-
imum absolute value of the vector: maxabs(x) =
maxk|xk|. If we combine a virtual bias identity layer in
phase 1, which gives gout as the spatial contribution, with
the maxabs function for aggregation, we obtain at each spa-
tial location the gradient [29] method: maxk|goutk |.

As for CAM [39] and Grad-CAM [27], we cannot di-
rectly use the spatial contributions extracted at each loca-
tion because they spatially average gout.4 However, for
architectures that use global average pooling followed af-
ter their convolutional layers (e.g., ResNet architectures),
gout
u = ḡout. Then, CAM and Grad-CAM and CAM

can be viewed as combining a virtual scaling identity layer
from phase 1 with summing and positive filtering (i.e.,
filter+(x) = (x)+) functions for aggregation.

NormGrad. The sum and max functions have clear in-
terpretations when using bias or scaling identity layers;
however, they cannot be easily transported to convolutional
identity layers as interactions between input channels can
vary depending on the output channel and are represented
as a matrix, not as a vector as are the case for scaling and
bias layers. Thus, we would like to have an aggregation
function that could be used to aggregate any type of spatial
contribution, regardless of its shape.

Using the norm function satisfies this criterion, for ex-
ample the L2 norm when dealing with vectors and the
Frobenius norm for matrices. We note that the matrices ob-
tained at each location for convolutional layers are the outer

4Because CAM global average pooling + one fully connected layer,
gout is equal to the fully connected weights.
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Phase 1 Phase 2 Saliency map
Bias IDL Max maxk g

out
k

Scaling IDL Sum
∑

k g
out
k xout

k

Scaling IDL F + N ‖(gout ⊙ xout)+‖
Conv 1× 1 IDL Norm ‖gout‖‖xout‖
Real Conv 3× 3 Norm ‖gout‖‖xin

3×3‖

Table 2. Combining layers and aggregation functions for
saliency. goutk and xout

k are tensor slices for channel k and contain
only spatial information. IDL denotes an identity layer. F + N is
positive filtering + norm. From top to bottom, the rows correspond
to the following saliency methods: 1., gradient, 2., linear approxi-
mation, 3., NormGrad selective, 4., NormGrad, and 5., NormGrad
without the virtual identity trick.

products of two vectors. For such matrices, the Frobenius
norm is equal to the product of the norms of the two vectors.
For example, for an existing 1 × 1 convolutional layer, we
consider the saliency map given by ‖gout‖‖xin‖. We call
this class of saliency methods derived by using norm as an
aggregation function, “NormGrad”.

Saliency maps from the NormGrad outlined above are
not as class selective as other methods because they high-
light the spatial locations that contribute the most to gra-
dient of the weights, both positively and negatively. One
way to introduce class selectivity is to use positive filtering
before applying the norm. If we apply norm and positive
filtering aggregation to a scaling identity layer, the resulting
saliency map is given by ‖(gout⊙xout)+‖. Throughout the
rest of the paper, we call this variant “selective NormGrad”.

4. Experiments

In this section we quantitatively and qualitatively evalu-
ate the performance of a large number of backpropagation-
based saliency methods. Code for our framework is released
at http://github.com/srebuffi/revisiting_
saliency. Additional experiments such as image cap-
tioning visualizations are included in the appendix.

Experimental set-up. Unless otherwise stated, saliency
maps are generated on images from either the PASCAL
VOC [7] 2007 test set or the ImageNet [6] 2012 valida-
tion set for either VGG16 [29] or Resnet50 [12]. For
PASCAL VOC, we use a model pre-trained on ImageNet
with fine-tuned fully connected layers on PASCAL VOC.
We use [9]’s TorchRay interpretability package to generate
saliency methods for all other saliency methods besides our
NormGrad and meta-saliency methods as well as to evaluate
saliency maps on [38]’s Pointing Game (see [38] for more
details). For all correlation analysis, we compute the Spear-
man’s correlation coefficient [21] between saliency maps
that are upsampled to the input resolution: 224× 224.

4.1. Justifying the virtual identity trick.

In order to justify our use of the virtual identity trick, we
compare NormGrad saliency maps generated at 1 × 1 and
3 × 3 convolutional layers both with and without the vir-
tual identity trick (4th and 5th rows respectively in table 2)
for VGG16 and ResNet50. We first computed the correla-
tions between saliency maps generating with and without
the virtual identity trick. We found that the mean corre-
lation across N = 50k ImageNet validation images was
over 95% across all layers we tested. We also evaluated
their performance on the Pointing Game [38] and found
that the mean absolute difference in pointing game accuracy
was 0.53% ± 0.62% across all layers we tested (see supp.
for more details and full results). This empirically demon-
strates that using the virtual identity trick closely approxi-
mates the behavior of calculating the spatial contributions
for the original convolutional layers.

4.2. Combining saliency maps across layers.

Training linear classifiers on top of intermediate rep-
resentations is a well-known method for evaluating the
learned features of a network at different layers [2]. This
suggests that saliency maps, too, may have varying levels
of meaningfulness at different layers.

We explore this question by imposing several weight-
ing methods for combining the layer-wise saliency maps of
ResNet50 and VGG16 and measuring the resulting perfor-
mance on PASCAL VOC Pointing Game on both the “diffi-
cult” and “all” image sets. To determine the weight γj for a
given layer j out of J layers in a network we use:

1. Feature spread. Given the set of feature activations
at layer j, xi for i ∈ M input images sampled
uniformly across classes, compute the spatial mean
x̄i =

∑
u∈Ω xi

u. γj = 1
M

∑M
i=1 |x̄i − x̄µ| where

x̄µ = 1
M

∑M
i=1 |x̄i|.

2. Classification accuracy. Given the set of feature ac-
tivations at layer j, xi for i ∈ M input images sam-
pled uniformly across classes, train a linear layer Ψ
using image labels yi. γj = 1

M

∑M
i=1 δΨ(xi),yi where

δΨ(xi),yi = 1 if Ψ(xi) = yi, 0 otherwise.

3. Linear interpolation. γj = j
J .

4. Uniform. γj = 1
J .

To obtain a combined saliency map M from maps mj from
each layer j, the weights are normalised and applied either
additively, M =

∑J
j=0 γj · mj , or with a product, M =∏J

j=0 m
γj

j (see fig. 2 for visualization).
Table 3 shows that weighted saliency maps produce the

best overall performance in all four key test cases, which
is surprising as there were only four weight schemes tested
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Figure 2. Saliency maps at different network depths and as a weighted combination. Linear approximation vs. selective NormGrad
saliency maps of VGG16 on VOC2007. The first 5 images of each row correspond to different depths whereas the last one is a weighted
product combination (using classification accuracy weights) of the first saliency maps. We observe that the weighted version produces
more fined grained maps for both methods.

All Difficult
Resnet50 VGG16 Resnet50 VGG16
b.s. b.w. b.s. b.w. b.s. b.w. b.s. b.w.

CEB 90.7 88.6 82.1 78.2 82.2 82.2 67.0 65.2
EB 84.5 83.1 77.5 75.7 71.5 71.3 57.8 56.1
GC 90.3 90.5 86.6 80.6 82.3 82.6 74.0 67.8
Gd 83.9 83.3 86.6 82.7 70.3 69.4 66.4 67.4
Gds 80.0 77.4 76.8 77.2 62.9 59.5 57.9 59.4
Gui 82.3 81.0 75.8 74.4 67.9 63.4 53.0 51.6
LA 90.2 91.2 86.4 86.9 81.9 83.8 74.5 77.4
NG 84.6 83.5 81.9 81.8 72.2 70.2 64.8 64.6
sNG 87.4 88.7 86.0 86.8 77.0 79.1 72.6 74.5

Table 3. Pointing game results on VOC07. b.s. and b.w. stand
for best single layer and best weighted combination. (C)EB: (Con-
trastive) Excitation Backprop, GC: GradCAM, Gd(s): Gradient
(sum), Gui: guided backprop, LA: linear approximation, (s)NG:
(selective) NormGrad.
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Figure 3. Select Pointing Game results. Results for ResNet50
on VOC07 at different network depths (A: all images; D: difficult
subset). Grad-CAM performs worse at every layer except the last
conv layer and lower than pointing at the center (all: 69.6%; diff:
42.4%) at most layers.

(in addition to best single layer), none of which were ex-
plicitly optimised for use with saliency maps. Our re-
sults strongly indicate that linear approximation in partic-
ular benefits from combining maps from different layers,
and linear approximation with layer combination consis-
tently produces the best performance overall and beats far
more complex methods at weak localisation using a single
forward-backward pass (see supp. for full results).

Note that the feature spread and classification accuracy
metrics can both be used as indicators of class sensitiv-
ity (section 4.3). This is because if feature activations are
uniform for images sampled across classes, it is not pos-
sible for them to be sensitive to - or predictive of - class,
and the classification accuracy metric is an explicit quanti-
sation of how easily features can be separated into classes.
We observe from the computed weights that both metrics
generally increase with layer depth (see supp.).

Gr
ad

-C
AM

conv2 conv3 conv4 conv5

Figure 4. Grad-CAM failure mode. Grad-CAM saliency maps
w.r.t. “tiger cat” at different depths of VGG16. Grad-CAM only
works at the last conv layer (rightmost col).

Explanation of Grad-CAM failure mode. Figure 4
showed qualitatively that Grad-CAM does not produce
meaningful saliency maps at any layer except the last convo-
lutional layer, which is confirmed by Grad-CAM’s Pointing
Game results at earlier layers. Class sensitivity - as mea-
sured by our weighting metrics - increasing with layer depth
offers an explanation for this drop in performance. Since
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Grad-CAM spatially averages the backpropagated gradi-
ent before taking a product with activations, each pixel lo-
cation in the heatmap receives the same gradient vector
(across channels) irrespective of the image content con-
tained within its receptive field. Thus, if the activation map
used in the ensuing product is also not class selective - fir-
ing on both dogs and cats for example, fig. 4 - the saliency
map cannot be. On the other hand, methods that do not
spatially average gradients such as NormGrad (fig. 3) can
rely on gradients that are free to vary across the heatmap
with underlying class, increasing the class sensitivity of the
resulting saliency map.

4.3. An explicit metric for class sensitivity
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Figure 5. Class sensitivity with and without meta-saliency. Min
class saliency maps that use meta-saliency (row 2 and 4, right col)
are less informative than those that don’t use meta-saliency (rows
1 and 3, right col). Class 1 is the ground truth class (fence), class 2
is the maximally predicted class (Cardigan Welsh corgi), min class
is the minimally predicted class (black widow spider).

[20] qualitatively shows that early backprop-based meth-
ods (e.g., gradient, deconvnet, and guided backprop) are not
sensitive to the output class being explained by showing that
saliency maps generated w.r.t. different output classes and
gradient signals appear visually indistinguishable. Thus,
similar to [1], we introduce a sanity check to measure a
saliency method’s output class sensitivity. We compute the
correlation between saliency maps w.r.t. to output class pre-
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Figure 6. Class sensitivity of saliency methods. This plot shows
the correlation between VGG16 saliency maps computed w.r.t. to
the maximally and minimally predicted class (closer to zero is bet-
ter).
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Figure 7. Meta-saliency improves class sensitivity for all
saliency methods. Using meta-saliency yields weaker correla-
tions between the saliency maps w.r.t. the maximally and mini-
mally predicted output class compared to not using meta-saliency
(lower is better).

dicted with highest confidence (max class) and that pre-
dicted with lowest confidence (max and min class respec-
tively) for N = 1000 ImageNet val. images (1 per class).

We would expect saliency maps w.r.t. the max class to
be visually salient while those w.r.t. to the min class to be
uninformative (because the min class is not in the image).
Thus, we desire the correlation scores to be close to zero.

Figure 6 shows results for various saliency methods. We
observe that excitation backprop and guided backprop yield
correlation scores close to 1 for all layers, while contrastive
excitation backprop yields scores closest to 0. Furthermore,
methods using sum aggregation (e.g., gradient [sum], lin-
ear approx, and Grad-CAM) have negative scores (i.e., their
max-min-class saliency maps are anti-correlated). This is
because sum aggregation acts as a voting mechanism; thus,
these methods reflect the fact that the network has learned
anti-correlated relationships between max and min classes.

4.4. Meta-saliency analysis

As a general method for improving the sensitivity of
saliency heatmaps to the output class used to generate the
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gradient, we propose to perform an inner SGD step before
computing the gradients with respect to the loss. This way
we can extend any saliency method to second order gradi-
ents. This is partly inspired by the inner step used in, for
example, few shot learning [8] and architecture search [18].
We want to minimize:

L(θ, x) = ℓ(θ − ǫ∇θℓ(θ, x), x). (4)

We take ǫ ≪ 1 to use a Taylor expansion of this loss at θ
and we now have the resulting approximated loss:

L(θ, x) ≈ ℓ(θ, x)− ǫ‖∇θℓ(θ, x)‖2. (5)

As done in the previous section, we can now take the gradi-
ent of the loss with respect to the parameters θ:

∇θL(θ, x) ≈ ∇θℓ(θ, x)− 2ǫ∇2
θℓ(θ, x)∇θℓ(θ, x). (6)

Using a finite difference scheme of step h as in [23], we can
approximate the hessian-vector product by:

∇2
θℓ(θ, x)∇θℓ(θ, x) =

∇θℓ(θ, x)−∇θ−ℓ(θ−, x)
h

+O(h).

where θ− = θ − h∇θℓ(θ, x). We chose on purpose a back-
ward finite difference such that two terms cancel each other
when taking h = 2ǫ and we get:

∇θL(θ, x) ≈ ∇θ′ℓ(θ′, x).

where θ′ = θ−2ǫ∇θℓ(θ, x) corresponds to one step of SGD
of learning rate 2ǫ. We notice that if we take ǫ → 0, this for-
mula boils back down to the original gradient of the weights
without meta step. We further note that this meta saliency
approach only requires one more forward-backward pass
compared to usual saliency backpropagation methods.

Conversely, if we would like to get an importance map
that highlights the degradation of the model’s performance,
we should add an inner step with gradient ascent within
the loss. Hence by minimizing the resulting loss −ℓ(θ +
ǫ∇θℓ(θ, x), x), we get the same formula for the gradients
of the weights but with θ′ = θ + 2ǫ∇θℓ(θ, x).

We hypothesize that applying meta-saliency to a saliency
method should decrease correlation strength because allow-
ing the network to update one SGD step in the direction of
the min class should “destroy” the informativeness of the
resulting saliency map. We use a learning rate ǫ = 0.001
for the class sensitivity quantitative analysis. Figure 5
shows qualitatively that this appears to be the case: with-
out meta-saliency, selective NormGrad and linear approx-
imation yield max (class 2) and min class heatmaps that
are highly positively and negatively correlated respectively.
However, when meta-saliency is applied, the min class
saliency map appears more random. Figure 7 shows results
comparing the max-min class correlation scores with and

without meta-saliency. These results demonstrate that meta-
saliency decreases max-min class correlation strength for
nearly all saliency methods and suggest that meta-saliency
can increase the class sensitivity for any saliency method.

4.5. Model weights sensitivity

[1] shows that some saliency methods (e.g., Guided
Backprop in particular) are not sensitive to model weights
as they are randomized in a cascading fashion from the end
to the beginning of the network. Figure 8 shows qualita-
tively that, by the late conv layers, saliency maps for lin-
ear approximation and selective NormGrad are effectively
scrambled (top two rows). It also highlights that, because
meta-saliency increases class selectivity and is allowed to
take one SGD in the direction of the target class, it takes
relatively longer (i.e., more network depth) to randomize a
meta-saliency heatmap (bottom row and see appendix).
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Figure 8. Model weights sensitivity. Sanity check by randomiz-
ing VGG16 model weights in a cascading fashion for the “Irish
terrier” image from [1]. Top row: selective NormGrad, middle
row: linear approximation, bottom row: linear approximation with
meta-saliency (lower correlation with orig heatmap [leftmost col]
is better). All methods look random after conv4 3. By compar-
ing the last two rows at conv5 3, we see the that meta-saliency
enforces more class sensitivity than the non-meta variant.

5. Conclusions

We introduced a principled framework based on the con-
tribution of each spatial location to the weights’ gradient.
This framework unifies several existing backpropagation-
based methods and allowed us to systematically explore the
space of possible saliency methods. We use it for example
to formulate NormGrad, a novel saliency method. We also
studied how to combine saliency maps from different layers,
discovering that it can consistently improve weak localiza-
tion performance and produce high resolution maps. Fi-
nally, we introduced a class-sensitivity metric and proposed
meta-saliency, a novel paradigm applicable to any existing
method to improve sensitivity to the target class.
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There and Back Again: Revisiting Backpropagation Saliency Methods
Supplementary Material

A. Pointing Game details

We use [6]’s Pointing Game for quantitative evalua-
tion of saliency methods. Saliency maps are computed
with respect to every object class present in each image.
If the maximally salient point for each class lands on the
ground truth annotation for that object (within a thresh-
old of 15 pixels), then a “hit” is recorded; otherwise, a
“miss” is recorded. Pointing game accuracy is computed as
the mean over per-class accuracies given by the following:

|hits|
|hits+misses| .

We evaluate VGG16 and ResNet50 networks that have
been trained on ImageNet and fine-tuned on PASCAL VOC
and COCO. We evaluate on the PASCAL VOC 2007 test
split (N = 4952 images) and COCO 2014 val split (N ≈
50k). We also show performance on the difficult subsets
of the data provided by [6]; these are images for which the
total area of the annotations (bounding boxes for PASCAL
VOC and segmentation masks for COCO) for the given ob-
ject class is less than 25% of the image size and for which
there is at least one other object class present. We use [2]’s
TorchRay library for evaluation; see [6] for more details.

B. Virtual identity trick correlations

We computed the correlation between saliency maps
generated both with and without the virtual identity trick
(paper section 4.1). The high correlation shown in Table 1,
as well as the minimal difference in pointing game perfor-
mance (0.53%±0.62%) demonstrates that the identity trick
closely approximates the behaviour of calculating the spa-
tial contributions for the original convolutional layers.

Architecture Layer Correlation
ResNet50 layer1.0.conv1 99.48 ± 0.55
ResNet50 layer2.0.conv1 99.32 ± 0.35
ResNet50 layer3.0.conv1 99.16 ± 0.42
ResNet50 layer4.0.conv1 98.35 ± 1.05
VGG16 features.2 97.77 ± 1.34
VGG16 features.7 99.15 ± 0.42
VGG16 features.14 98.99 ± 0.57
VGG16 features.21 97.79 ± 1.42
VGG16 features.28 94.33 ± 3.09

Table 1. Correlations between saliency maps generated with
and without the virtual identity trick. For both VGG16 and
ResNet50, the high values of correlation across the network (min
of 94.33) justify the use of the identity trick.

ResNet50 VGG16
All Difficult All Difficult

CEB layer3 layer4 feat.29 feat.29
EB layer4 layer4 feat.29 feat.29
GC layer4 layer4 feat.29 feat.29
Gd layer2 layer2 feat.29 feat.22
Gds layer2 layer2 feat.8 feat.8
Gui layer3 layer3 input input
LA layer4 layer4 feat.29 feat.29
NG layer3 layer3 feat.22 feat.22
sNG layer4 layer4 feat.29 feat.29

Table 2. Best individual layer for the Pointing game on VOC07.
(C)EB: (Contrastive) Excitation Backprop, GC: GradCAM, Gd(s):
Gradient (sum), Gui: guided backprop, LA: linear approximation,
(s)NG: (selective) NormGrad.

C. Performance of combining saliency maps
As noted in paper section 4.2, feature spread and classi-

fication accuracy are both interpretable as measures of fea-
ture sensitivity with respect to the class of the input image.
Figure 1 shows that both increase with network depth, with
the exception of feature spread for VGG16, which decreases
in the last two layers despite simultaneously increasing clas-
sification accuracy. We note that classification accuracy is a
more reliable metric than feature spread as it directly codes
for the separability of features with respect to class, whereas
feature spread is susceptible to non-material differences in
the absolute scale of activation values across layers. In the
case of VGG16, this means the features in the last two lay-
ers differ less across images (and hence, classes) in absolute
terms, but are nonetheless highly discriminative of class.

The performance gains of our weighting schemes over
using the best individual layer are given in table 3. The best
individual layers for computing maps are given in table 2,
which is notable as in no case does the practice of com-
puting saliency at the earliest layer produce the best perfor-
mance.

D. Meta-saliency analysis
We hypothesized that meta vs. non-meta saliency maps

should be less correlated for validation images than for
training images. This is because the inner gradient step of
meta-saliency should not be as impactful for a seen training
image as for an unseen validation image.

For both NormGrad and selective NormGrad, we evalu-
ated over time the average correlation between the impor-
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Figure 1. Weights for the different weighting methods. VGG16
on top and ResNet50 on the second row.

tance maps with and without meta-saliency on the training
and testing sets respectively. Figure 2 demonstrates that the
correlation scores are indeed decreased for validation im-
ages.

E. Model weights sensitivity
In fig. 5, we show the effects of cascading randomization

on linear approximation and selective NormGrad methods
by using the same images as [1] (“junco”, “corn” and “Irish
terrier”) to illustrate the model weights sensitivity.

Qualitatively, both methods - with and without meta-
saliency - demonstrate the desired sensitivity to model
weights as the saliency maps progressively lose focus from
the object target as layer depth decreases. We also observe
that using meta-saliency on top of the chosen base saliency
method (shown on every other line of fig. 5) delays the
degradation in saliency maps to earlier layers.

F. Image captioning
We show in this section a few examples of our pro-

posed selective NormGrad method applied to the image
captioning setting. We use a variant [4] of the original
neuraltalk2 [3] with a ResNet101 as backbone network fol-
lowed by the LSTM caption model. As in [5] we do a back-

ResNet50 VGG16
All Difficult All Difficult

LA + accuracy 0.57 1.47 0.22 2.09
LA + spread 0.81 1.66 -3.01 -7.18
LA + linear 0.68 0.74 0.36 2.22
LA + uniform 0.58 1.29 -0.61 -0.20
LA × accuracy 0.87 1.84 0.42 2.91
LA × spread 1.01 1.78 -2.92 -6.80
LA × linear 0.52 0.72 0.49 2.87
LA × uniform 0.32 0.83 -0.25 0.52
sNG + accuracy 1.08 1.37 0.48 0.85
sNG + spread 0.94 1.40 -3.66 -6.43
sNG + linear 0.94 1.67 0.62 0.85
sNG + uniform 0.25 0.54 -0.93 -2.55
sNG × accuracy 1.26 1.65 0.83 1.88
sNG × spread 1.12 2.09 -3.13 -6.18
sNG × linear 0.63 0.95 0.72 0.62
sNG × uniform 0.89 1.79 -0.27 -1.76

Table 3. Score gains compared to best individual layer per-
formance for weighting methods with Linear Approximation
(LA) and selective NormGrad (sNG) on the Pointing game on
VOC07. Paper showed that LA and sNG benefit from weighting
methods. Here we can observe that using the weights as exponents
in a product (lines with ×) is the most effective solution for both
LA and sNG on ResNet50 and VGG16. Both the weightings us-
ing the features spread and the layer accuracy perform the best on
ResNet50 but only the layer accuracy perform consistently across
datasets and saliency methods.

ward pass using the log probability of the generated caption
as objective function. We apply selective NormGrad be-
fore the final global average pooling and at the ReLU layers
just after the downsampling shortcuts of the third and fourth
macro blocks. We also compare these saliency maps with
the product combination map of these layers using a linear
weighting scheme (see section 4.2 in the paper). We no-
tice in fig. 6 that using a combination of layers produces a
sharper saliency map than for individual layers.
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Figure 2. Correlation between meta and non-meta saliency
maps over time for train and val splits. For both NormGrad
(top) and selective NormGrad (bottom), the correlation is lower
on the validation split.

Epoch

M
ea

n 
co

rr
el

at
io

n 
w

ith
 th

e 
en

d 
of

 tr
ai

ni
ng

0.4

0.6

0.8

1

0 20 40 60 80
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saliency maps of selective NormGrad at epoch t and the end of
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Figure 5. Model weights sensitivity on VGG16. Linear Approximation and selective NormGrad with and without meta-saliency.



Figure 6. Image captioning explanations. Selective NormGrad is applied at different layers or combination of layers (last column) of a
ResNet101. We observe that saliency maps at individual layers highlight a big part of the images. Using a combination of layers allows a
clearer focus on the important parts of the images.
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Figure 7. Visualizations for some methods of the Extract & Aggregate framework at different layers of VGG16. The gradient
backprogation method (first row) works well at all stages except at the end of the network. Selective NormGrad (last row), NormGrad
(third row) and Linear Approximation (second row) perform well across the network. Finally we can observe that selective NormGrad and
Linear Approximation are more class selective than NormGrad as the non targeted ”tiger cat” appears more in the third row.
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Chapter 9

Conclusions

In this thesis we examined the influence of the input data on learning deep represen-

tations for image classification. First, we explored how the training data impacts the

design of the model and its optimisation. Our work spanned diverse input data set-

tings from fully labelled multiple visual domains to different types of low-supervision

such as semi-supervised learning, novel class discovery and clustering. Some of our

proposed methods act on the network architecture like the residual adapters in the

multi-domain case or the two-headed network to jointly discover new classes and learn

them with the old classes. We also focused on the optimisation side with the clustering

loss based on pairwise cluster predictions or with the alternating optimisation scheme

to avoid overfitting the scarse labelled data in the semi-supervised setting. Second,

besides adapting our representation learning methods to the training data, we also

delved into saliency to highlight which parts of the image are responsible for the

network predictions. To this end, we introduced a framework based on the learning

mechanism of convolutional neural networks to derive new or existing backpropaga-

tion saliency methods. This body of work raises certain questions and observations,

which we discuss in the following section.

9.1 Discussion and future work

From the exploration of the different types of input data we observe that the design

of our methods highly depends on how deep networks interact with data. This leads

us to the question of the versatility and the limitations of deep neural networks. For

example, deep neural networks have a very large amount of degrees of freedom, which

poses an overfitting issue when there are few labelled data at hand. We addressed

this problem by proposing the systematic use of self-supervision pre-training and early
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layers freezing in settings such as semi-supervised learning, class discovery or clus-

tering. Thus, such pre-training and freezing prevent the early layers of the network

from overfitting trivial visual cues such as colours or edges.

Merging representations. In some cases the solution to a deep network limitation

is not fully satisfactory. For example, in the multiple visual domains image classifi-

cation case, network parametrisations such as our residual adapters or the masking

techniques of [99, 98] naturally emerge from the sequential nature of the CNN architec-

ture and modulate the output of previously learned filters. However, these adapting

modules are specific to each dataset and do not explicitly capture relations between

datasets. Hence, these approaches circumvent the key issue of merging several tasks

and data representations in one fully shared network.

We examined this problem in Chapters 5 and 6. In fact, our novel class discovery

method aims at inducing a positive interaction between two tasks: clustering new

classes and learning all the classes together. In another instance, our alternating op-

timisation scheme addresses the sensitive balancing between the losses on the labelled

and unlabelled set in the semi-supervised setting. Nevertheless, the problem of merg-

ing representations in one network and avoiding negative interference between tasks

is an open question which could be a source of future work. Indeed, it touches several

subfields of computer vision, where the network learns tasks either sequentially as in

life-long learning or simultaneously as in multi-task and multi-domain learning.

Robustness. From our work on semi-supervised learning, novel class discovery and

clustering, we noted the paramount importance of consistency in low-supervision

settings. Hence, we could extend to other tasks this idea of enforcing consistent

predictions across different augmented views of the same image. An example of future

work could use consistency to improve the model robustness to domain changes. More

specifically, it would be particularly useful for a domain adaptation setting where

the only samples available at training time come from a single domain. In such a

case, the choice of the data augmentation for the consistency could play a major

role in the adaptation performance. Indeed, we observed the importance of the data

augmentation choice in low-supervision settings.

Another possible way to improve the model robustness could be inspired by our

meta-saliency idea. Indeed, instead of using for saliency the loss which contains an in-

ner gradient ascent step, we could use it to adversarially perturb the network weights
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during training. By construction, the network would thus be trained to be more ro-

bust to adversarial perturbations. We could evaluate this method on diverse settings

such as robustness to adversarial attacks or domain changes.

Prediction uncertainty. Another topic closely related to robustness is prediction

uncertainty. In fact, numerous real-life applications like medical diagnosis or self-

driving cars require the ability to predict the failures of the model. In our deep

clustering work we noted the efficacy of data composition techniques such as RI-

CAP [145] or Mixup [167], which use linear interpolations of labels as targets for the

classification loss. As these augmentations generate other targets in the probability

simplex than the standard one-hot vector labels, the network is trained to produce

mixed predictions corresponding to the weights of the different classes in the im-

age. These more complex prediction vectors could be exploited in a future work on

confidence calibration.

An alternative direction could be to use network parametrisations like our residual

adapters on top of pre-trained filters. In fact, we noticed that such approaches ob-

tain good generalisation performance with few trainable parameters whereas standard

fine-tuning tends to overfit the training data. Indeed, when using the adapters, the

predictions obtained on the training set do not tend towards one-hot vectors. Hence,

as in the previous paragraph, these complex prediction vectors might be usable for

confidence calibration. Furthermore, our work on residual adapters also got some

attention in transfer learning for natural languague processing [66, 6], where adapters

get similar or better accuracy than standard fine-tuning with faster convergence and

less parameters. Hence, it would be interesting to study whether such adapters could

be transposed to other domains like speech or even to other fields such as object

tracking or reinforcement learning.

Defining classes. Recent semi-supervised methods [135, 10] show, by combining

self-labeling with strong data augmentations, that a few labels are sufficient to al-

most match fully supervised classification performance. Therefore, a few labels can

be sufficient to define classes. Note that defining classes becomes more challenging

when there are no available labels. Popular self-supervision methods such as Sim-

CLR [23], CPC [112] or MoCo [63] learn representations by using a contrastive loss

between augmented views of the same sample. However, these approaches do not re-

group samples into classes. They learn to discriminate between samples at the image
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level, not at the class level and they still require labels to fine-tune the model for a

classification task.

Hence, to jointly identify classes and learn the model representation, we proposed

a clustering loss which establishes groups of samples based on the similarity between

pairs of samples. Though, our method under-performs on classes with a high inner

class variability such as the ”dog” and ”cat” classes in CIFAR-10. A possible expla-

nation for this clustering issue is that there could be many valid partitionings of the

data. Hence, a goal for a future work would be to devise a method which proposes

different possible clusterings of the data. Furthermore, this method should ideally

be able to motivate each of the proposed clusterings, for example by creating and

extracting attributes to define the different classes.
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better understanding of gradient-based attribution methods for deep neural

networks. arXiv preprint arXiv:1711.06104, 2017.
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