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Chapter 9

Unsupersized and Weak-supervised Learning

While we have seen significant advances on various visual learning tasks, most of them are
based on supervised learning, requiring a high number of annotated data. To achieve scalability
for various tasks, even for internet-scale problems that have billions of images without labels
and even with noisy and incorrect information, it is important to learn something out of non-
supervised way. In this chapter, we discuss various unsupervised learning techniques.

9.1 Predicting Spatial Configuration

Utilizing many unlabelled images in an unsupervised manner has been not demonstrated to ex-
tract useful information. On the other hand, utilizing context has been successful in the text
domain. For example, given a few words before and after, we can predict a word based on its
context. This effectively transforms the unsupervised problem, learning a similarity function
between two words, into a self-supervised problem , learning something on a word given its
context.

Based on this success on utilizing the context in the text domain, we would like to design
a similar process for images. In this way, we aim to predict a relative location of a patch from
another patch, both of which are randomly extracted from an image (Fig. 9.1). Out of this process,
we aim to learn useful semantic features that can be also useful for other tasks.

One can utilize an existing CNN architecture, but we should give care on avoiding trivial
or hacky solutions for the architecture. For example, the deep learning can easily predict the
relative positions based on shared edges and textures. To avoid this problem, patches for training
are generated with some gaps and random positional jitterring between two extracted patches.
Nonetheless, chromatic aberration, different frequency of lights behave differently with camera
lenses, can be also a powerful cue on learning the relative position. One can adjust such chromatic
aberration or use only a single color channel.

We can then use such trained networks as an unsupervised pre-training on some of computer
vision tasks. The learned features from predicting the relative patch locations are used as an
pre-training for the object detection problem, and shown to work better than randomly initialized
networks. Nonetheless, there are still accuracy gaps between the unsupervised one and the pre-
training network with labelled data.
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occur in a specific spatial configuration (if there is no spe-
cific configuration of the parts, then it is “stuff” [1]). We
present a ConvNet-based approach to learn a visual repre-
sentation from this task. We demonstrate that the resulting
visual representation is good for both object detection, pro-
viding a significant boost on PASCAL VOC 2007 compared
to learning from scratch, as well as for unsupervised object
discovery / visual data mining. This means, surprisingly,
that our representation generalizes across images, despite
being trained using an objective function that operates on a
single image at a time. That is, instance-level supervision
appears to improve performance on category-level tasks.

2. Related Work
One way to think of a good image representation is as

the latent variables of an appropriate generative model. An
ideal generative model of natural images would both gener-
ate images according to their natural distribution, and be
concise in the sense that it would seek common causes
for different images and share information between them.
However, inferring the latent structure given an image is in-
tractable for even relatively simple models. To deal with
these computational issues, a number of works, such as
the wake-sleep algorithm [23], contrastive divergence [22],
deep Boltzmann machines [45], and variational Bayesian
methods [28, 43] use sampling to perform approximate in-
ference. Generative models have shown promising per-
formance on smaller datasets such as handwritten dig-
its [23, 22, 45, 28, 43], but none have proven effective for
high-resolution natural images.

Unsupervised representation learning can also be formu-
lated as learning an embedding (i.e. a feature vector for
each image) where images that are semantically similar are
close, while semantically different ones are far apart. One
way to build such a representation is to create a supervised
“pretext” task such that an embedding which solves the task
will also be useful for other real-world tasks. For exam-
ple, denoising autoencoders [53, 4] use reconstruction from
noisy data as a pretext task: the algorithm must connect
images to other images with similar objects to tell the dif-
ference between noise and signal. Sparse autoencoders also
use reconstruction as a pretext task, along with a sparsity
penalty [39], and such autoencoders may be stacked to form
a deep representation [32, 31]. (however, only [31] was suc-
cessfully applied to full-sized images, requiring a million
CPU hours to discover just three objects). We believe that
current reconstruction-based algorithms struggle with low-
level phenomena, like stochastic textures, making it hard to
even measure whether a model is generating well.

Another pretext task is “context prediction.” A strong
tradition for this kind of task already exists in the text do-
main, where “skip-gram” [37] models have been shown to
generate useful word representations. The idea is to train a
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Figure 2. The algorithm receives two patches in one of these eight
possible spatial arrangements, without any context, and must then
classify which configuration was sampled.

model (e.g. a deep network) to predict, from a single word,
the n preceding and n succeeding words. In principle, sim-
ilar reasoning could be applied in the image domain, a kind
of visual “fill in the blank” task, but, again, one runs into the
problem of determining whether the predictions themselves
are correct [12], unless one cares about predicting only very
low-level features [14, 30, 50]. To address this, [36] predicts
the appearance of an image region by consensus voting of
the transitive nearest neighbors of its surrounding regions.
Our previous work [12] explicitly formulates a statistical
test to determine whether the data is better explained by a
prediction or by a low-level null hypothesis model.

The key problem that these approaches must address is
that predicting pixels is much harder than predicting words,
due to the huge variety of pixels that can arise from the same
semantic object. In the text domain, one interesting idea is
to switch from a pure prediction task to a discrimination
task [38, 9]. In this case, the pretext task is to discriminate
true snippets of text from the same snippets where a word
has been replaced at random. A direct extension of this to
2D might be to discriminate between real images vs. im-
ages where one patch has been replaced by a random patch
from elsewhere in the dataset. However, such a task would
be trivial, since discriminating low-level color statistics and
lighting would be enough. To make the task harder and
more high-level, in this paper, we instead classify between
multiple possible configurations of patches sampled from
the same image, which means they will share lighting and
color statistics, as shown on Figure 2.

Another line of work in unsupervised learning from im-
ages aims to discover object categories using hand-crafted
features and various forms of clustering (e.g. [48, 44]
learned a generative model over bags of visual words). Such
representations lose shape information, and will readily dis-
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Figure 9.1: We consider a problem of predicting a relative position of a patch given another
patch, both of which are randomly extraccted from an image. This image is excerpted from
[DGE15]

9.2 Context Encoder: Feature Learning by Inpainting
Inpainting is used for removing unwanted objects in images. Many different techniques such as
nearest patch based approaches have been developed for inpainting. In this section, we discuss
to utilize the inpainting process for learning features in an unsupervised manner.

To perform inpainting well, we need to understand various semantics and structures of images
and predict on missing areas only from partially observed areas (Fig. 9.2).

One can imagine to use deep learning to perform such inpaining process. Context encoder
is introduced to perform such process [PKD+16]. Furthermore, the context encoder can learn
compact features in an unsupervised manner and thus can be used for many other high-level
tasks as pre-training or unsupervised steps.

The context encoder shares a similar architecture to a common autoencoder consisting of
encoder and decoder (Fig. 9.3). We can use the regular L2 loss between the predicted image
region and its ground truth. Unfortunately, this L2 loss results in blurry images. This is so
mainly because there are many possible candidates on a missing region given its context image.
Since L2 loss aims to minimize pixel-wise errors, it produces the average out of distributions.
On the other hand, the adversarial loss has been known to pick a particular mode and generate
realistic images.

The context encoder uses the combination of the L2 loss and adversarial loss, to compute a
reasonable prediction that also looks realistic. The adversarial loss is based on GAN (Generative
Adversarial Networks), which consists of a generative model, G, and an adversarial discrimina-
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Abstract

We present an unsupervised visual feature learning algo-
rithm driven by context-based pixel prediction. By analogy
with auto-encoders, we propose Context Encoders – a con-
volutional neural network trained to generate the contents
of an arbitrary image region conditioned on its surround-
ings. In order to succeed at this task, context encoders
need to both understand the content of the entire image,
as well as produce a plausible hypothesis for the missing
part(s). When training context encoders, we have experi-
mented with both a standard pixel-wise reconstruction loss,
as well as a reconstruction plus an adversarial loss. The
latter produces much sharper results because it can better
handle multiple modes in the output. We found that a con-
text encoder learns a representation that captures not just
appearance but also the semantics of visual structures. We
quantitatively demonstrate the effectiveness of our learned
features for CNN pre-training on classification, detection,
and segmentation tasks. Furthermore, context encoders can
be used for semantic inpainting tasks, either stand-alone or
as initialization for non-parametric methods.

1. Introduction
Our visual world is very diverse, yet highly structured,

and humans have an uncanny ability to make sense of this
structure. In this work, we explore whether state-of-the-art
computer vision algorithms can do the same. Consider the
image shown in Figure 1a. Although the center part of the
image is missing, most of us can easily imagine its content
from the surrounding pixels, without having ever seen that
exact scene. Some of us can even draw it, as shown on Fig-
ure 1b. This ability comes from the fact that natural images,
despite their diversity, are highly structured (e.g. the regular
pattern of windows on the facade). We humans are able to
understand this structure and make visual predictions even
when seeing only parts of the scene. In this paper, we show

The supplementary material, trained models and code are available at
the author’s website.

(a) Input context (b) Human artist

(c) Context Encoder
(L2 loss)

(d) Context Encoder
(L2 + Adversarial loss)

Figure 1: Qualitative illustration of the task. Given an im-
age with a missing region (a), a human artist has no trouble
inpainting it (b). Automatic inpainting using our context
encoder trained with L2 reconstruction loss is shown in (c),
and using both L2 and adversarial losses in (d).

that it is possible to learn and predict this structure using
convolutional neural networks (CNNs), a class of models
that have recently shown success across a variety of image
understanding tasks.

Given an image with a missing region (e.g., Fig. 1a), we
train a convolutional neural network to regress to the miss-
ing pixel values (Fig. 1d). We call our model context en-
coder, as it consists of an encoder capturing the context of
an image into a compact latent feature representation and a
decoder which uses that representation to produce the miss-
ing image content. The context encoder is closely related to
autoencoders [3, 20], as it shares a similar encoder-decoder
architecture. Autoencoders take an input image and try

1

Figure 9.2: Human can fill or predict the missing region out of its context. We consider a
context encoder performing such process in a deep learning framework. We test two different
loss functions: L2 and Adversarial loss. L2 tends to produce blurry results, since L2 aims to
generate the average pixel values. On the other hand, considering the adversarial loss as well as
L2 shows realistic and sharper results. This image is excerpted from [PKD+16]
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differ in the approach: whereas [7] are solving a discrimina-
tive task (is patch A above patch B or below?), our context
encoder solves a pure prediction problem (what pixel inten-
sities should go in the hole?). Interestingly, similar distinc-
tion exist in using language context to learn word embed-
dings: Collobert and Weston [5] advocate a discriminative
approach, whereas word2vec [30] formulate it as word pre-
diction. One important benefit of our approach is that our
supervisory signal is much richer: a context encoder needs
to predict roughly 15,000 real values per training example,
compared to just 1 option among 8 choices in [7]. Likely
due in part to this difference, our context encoders take far
less time to train than [7]. Moreover, context based predic-
tion is also harder to “cheat” since low-level image features,
such as chromatic aberration, do not provide any meaning-
ful information, in contrast to [7] where chromatic aberra-
tion partially solves the task. On the other hand, it is not yet
clear if requiring faithful pixel generation is necessary for
learning good visual features.

Image generation Generative models of natural images
have enjoyed significant research interest [16, 24, 35]. Re-
cently, Radford et al. [33] proposed new convolutional ar-
chitectures and optimization hyperparameters for Genera-
tive Adversarial Networks (GAN) [16] producing encour-
aging results. We train our context encoders using an ad-
versary jointly with reconstruction loss for generating in-
painting results. We discuss this in detail in Section 3.2.

Dosovitskiy et al. [10] and Rifai et al. [36] demonstrate
that CNNs can learn to generate novel images of particular
object categories (chairs and faces, respectively), but rely on
large labeled datasets with examples of these categories. In
contrast, context encoders can be applied to any unlabeled
image database and learn to generate images based on the
surrounding context.

Inpainting and hole-filling It is important to point out
that our hole-filling task cannot be handled by classical in-
painting [4, 32] or texture synthesis [2, 11] approaches,
since the missing region is too large for local non-semantic
methods to work well. In computer graphics, filling in large
holes is typically done via scene completion [19], involv-
ing a cut-paste formulation using nearest neighbors from a
dataset of millions of images. However, scene completion
is meant for filling in holes left by removing whole objects,
and it struggles to fill arbitrary holes, e.g. amodal comple-
tion of partially occluded objects. Furthermore, previous
completion relies on a hand-crafted distance metric, such as
Gist [31] for nearest-neighbor computation which is infe-
rior to a learned distance metric. We show that our method
is often able to inpaint semantically meaningful content in
a parametric fashion, as well as provide a better feature for
nearest neighbor-based inpainting methods.

Figure 2: Context Encoder. The context image is passed
through the encoder to obtain features which are connected
to the decoder using channel-wise fully-connected layer as
described in Section 3.1. The decoder then produces the
missing regions in the image.

3. Context encoders for image generation
We now introduce context encoders: CNNs that predict

missing parts of a scene from their surroundings. We first
give an overview of the general architecture, then provide
details on the learning procedure and finally present various
strategies for image region removal.

3.1. Encoder-decoder pipeline

The overall architecture is a simple encoder-decoder
pipeline. The encoder takes an input image with missing
regions and produces a latent feature representation of that
image. The decoder takes this feature representation and
produces the missing image content. We found it important
to connect the encoder and the decoder through a channel-
wise fully-connected layer, which allows each unit in the
decoder to reason about the entire image content. Figure 2
shows an overview of our architecture.

Encoder Our encoder is derived from the AlexNet archi-
tecture [26]. Given an input image of size 227×227, we use
the first five convolutional layers and the following pooling
layer (called pool5) to compute an abstract 6 × 6 × 256
dimensional feature representation. In contrast to AlexNet,
our model is not trained for ImageNet classification; rather,
the network is trained for context prediction “from scratch”
with randomly initialized weights.

However, if the encoder architecture is limited only to
convolutional layers, there is no way for information to di-
rectly propagate from one corner of the feature map to an-
other. This is so because convolutional layers connect all
the feature maps together, but never directly connect all lo-
cations within a specific feature map. In the present archi-
tectures, this information propagation is handled by fully-
connected or inner product layers, where all the activations
are directly connected to each other. In our architecture, the
latent feature dimension is 6 × 6 × 256 = 9216 for both
encoder and decoder. This is so because, unlike autoen-

Figure 9.3: The context encoders shares the common structure of the autoencoder. This image
is excerpted from [PKD+16]

tive model, D. Overall, GAN is based on a two-player game, where D takes a real image and a
fake image generated from G and aims to discern whether the input image is real or fake. On the
other hand, the generator aims to full D by creating more realistic images.

The objective function for the discriminator is based on the log likelihood indicating the input
is real or fake:

argmin
G

argmax
D

Ex[log(D(x))] + Ez[log(1−D(G(x)))], (9.1)

where x and z are images from real and fake images, respectively. The context encoder adopts
this framework and use the context encoder as the generator. The discriminator used in the
context encoder shares similar architectures of the encoder itself.

The context encoder is tested on various applications other than the inpainting application.
In the inpainting application (Fig. 9.2), we also get reasonable results even though we have large
holes in the input images. Nonetheless, when there are many textures that we can utilize for
filling holes, existing techniques based on texture synthesis tend to show better than the context
encoder.

In additional to the inpainting process, we can use the context encoder to learn features in an
supervised manner for image search. It can be also used for pre-training on various tasks such
as classification and detection, and was demonstrate to work better than other unsurpervised
pre-training methods (e.g., autoencoder).

9.3 Classification Pre-Training
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Abstract

We propose a novel approach for learning features from
weakly-supervised data by joint ranking and classification.
In order to exploit data with weak labels, we jointly train a
feature extraction network with a ranking loss and a classi-
fication network with a cross-entropy loss. We obtain high-
quality compact discriminative features with few parame-
ters, learned on relatively small datasets without additional
annotations. This enables us to tackle tasks with specialized
images not very similar to the more generic ones in exist-
ing fully-supervised datasets. We show that the resulting
features in combination with a linear classifier surpass the
state-of-the-art on the Hipster Wars dataset despite using
features only 0.3% of the size. Our proposed features sig-
nificantly outperform those obtained from networks trained
on ImageNet, despite being 32 times smaller (128 single-
precision floats), trained on noisy and weakly-labeled data,
and using only 1.5% of the number of parameters.1.

1. Introduction
With the emergence of large-scale datasets and the ap-

pearance of deep networks with millions of parameters, re-
searchers have started to replace hand-crafted global image
features such as GIST [21] with those obtained from inter-
mediate representations of deep networks trained for clas-
sification on large datasets [44]. Although this has led to a
great improvement over the previous generation of features,
these networks are learned in a fully-supervised manner on
large amounts of data with very costly and time-consuming
annotation. Features learned on one dataset can be used on
another, but naturally not all datasets are equal [32], and
thus features taken from networks trained on ImageNet [7]
will not work as well on datasets with very different vi-
sual characteristics, such as the scene classification dataset
Places [49], and vice versa. While unsupervised feature
learning exists as an alternative to supervised learning, the

1Models available at http://hi.cs.waseda.ac.jp/ esimo/research/stylenet/
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Figure 1: Overview of the proposed feature learning ap-
proach. We train a feature extraction on weakly annotated
data by jointly training a feature extractor network with a
classification network. For training, an anchor image (cen-
ter) is provided in conjunction with a similar image (right)
and a dissimilar image (left) according to a metric provided
on the weak noisy annotations. The classification loss lC
serves to learn useful feature maps while the ranking loss
lR on the triplet of Feature CNN encourages them to learn
a discriminative feature representation.

lack of guidance to what to learn given by explicit labels
makes it a much more complex task [19].

However, images obtained from the Internet usually have
associated metadata which, although often inaccurate, can
be used as weak labels. In this paper, we study how to ex-
ploit data with weak labels in order to obtain high-quality
compact discriminative features without additional annota-
tions. With such features, we tackle tasks in which the im-
ages are more specific and not very similar to those of ex-
isting fully-supervised datasets such as ImageNet or Places.

In this work, we focus on the domain of fashion images,
which have only recently become the focus of research [40].
These images have several characteristics that make them

1

Figure 9.4: For utilizing weak labelled data, we use both classification and ranking losses. The
ranking loss, lR, is used for adjusting features, while the classification loss is used for updating
features and classifier. This image is excerpted from [SSI16]

9.4 Utilizing Weak Labels
Some of labels, especially data acquired from internet, are very noisy and diverse. These data are
treated as weak labels, compared to well organized datasets such as ImageNet. Training network
with these noisy and weak labels may not result in high classification accuracy. Nonetheless, it
is critical to utilize them well, since data with weak labels are more abundant compared to well
organized and curated datasets. In this section, we discuss various approach of utilizing those
data with weak labels.

Joint optimization. Simply training with a classification loss with weak labels may not lead
to learn something useful. A remedy is to jointly learn features with the classification loss and
ranking loss utilizing triplets (Fig. 9.4). Similarity among the triplets can be measured by their
tags such as tag intersection divided by their union. The ranking loss does not affect the adopted
classifier, but updates CNN features based on the similarity among the triplets. This simple
joint optimization shows higher accuracy with a compact feature over only using a ranking or
classification, and even over the Siamese network.
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