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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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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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(c) Context Encoder (d) Context Encoder
(L2 loss) (L2 + Adversarial loss)

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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Figure 9.3: The context encoders shares the common structure of the autoencoder. This image
is excerpted from [PKDT16]

tive model, D. Overall, GAN is based on a two-player game, where D takes a real image and a
fake image generated from GG 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:

arg(r;nin arggnax E,[log(D(z))] + E.[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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Figure 9.4: For utilizing weak labelled data, we use both classification and ranking losses. The
ranking loss, [, 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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