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Неформальная постановка задачи
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Неформальная постановка задачи

При использовании современных алгоритмов машинного
обучения возникают проблемы:

I выборку данных большого размера (180 тысяч кадров
в базе RTSD) сложно собрать и разметить

I есть редко встречающиеся классы объектов (меньше
10 объектов класса в выборке)

Shakhuro, Konushin. Russian traffic sign images dataset.
Computer Optics 2016
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Генерация изображений по шаблону

контраст поворот движение размытие фон

+ легко реализуется
+ быстро работает
— нужен шаблон
— качество сгенерированных изображений зависит от

преобразований, заданных исследователем
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Генерация изображений с помощью нейросетей

Goodfellow et al. Generative Adversarial Networks. NIPS 2014
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Генерация изображений с помощью нейросетей

Функция потерь:

Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log (1 −D(G(z)))]

Проблемы при обучении:
I схлопывание к моде
I осцилляция
I неинформативная функция потерь

Arjovsky et al. Wasserstein GAN. arXiv:1701.07875, 2017
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Эксперименты с полной выборкой
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Эксперименты с разбиением на классы
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Эксперименты с разбиением на классы
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Эксперименты с разбиением на классы
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Эксперименты с разбиением на классы
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Результаты

База знаков GTSRB, 43 класса
обучение — 39k изображений,
тестирование — 13k изображений

Классификатор — сверточная нейронная сеть

—, +: размножение данных
(повороты, переносы, масштабирования)

— 39k — 215k + 39k / 215k
реальные данные 96.6 — 98.4 / —

синт. GAN 95.3 96.1 97.6 / 98.1

Stallkamp et al. Man vs. Computer: Benchmarking Machine Learning
Algorithms for Traffic Sign Recognition. Neural Networks 2012
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GAN для преобразования изображений

Real or fake pair?

Positive examples Negative examples

Real or fake pair?

DD

G

G tries to synthesize fake 
images that fool D

D tries to identify the fakes

Figure 2: Training a conditional GAN to predict aerial photos from
maps. The discriminator, D, learns to classify between real and
synthesized pairs. The generator learns to fool the discriminator.
Unlike an unconditional GAN, both the generator and discrimina-
tor observe an input image.

where G tries to minimize this objective against an ad-
versarial D that tries to maximize it, i.e. G∗ =
argminG maxD LcGAN (G,D).

To test the importance of conditioning the discrimintor,
we also compare to an unconditional variant in which the
discriminator does not observe x:

LGAN (G,D) =Ey∼pdata(y)[logD(y)]+

Ex∼pdata(x),z∼pz(z)[log(1−D(G(x, z))].
(2)

Previous approaches to conditional GANs have found it
beneficial to mix the GAN objective with a more traditional
loss, such as L2 distance [29]. The discriminator’s job re-
mains unchanged, but the generator is tasked to not only
fool the discriminator but also to be near the ground truth
output in an L2 sense. We also explore this option, using
L1 distance rather than L2 as L1 encourages less blurring:

LL1(G) = Ex,y∼pdata(x,y),z∼pz(z)[‖y −G(x, z)‖1]. (3)

Our final objective is

G∗ = argmin
G

max
D
LcGAN (G,D) + λLL1(G). (4)

Without z, the net could still learn a mapping from x to
y, but would produce deterministic outputs, and therefore
fail to match any distribution other than a delta function.
Past conditional GANs have acknowledged this and pro-
vided Gaussian noise z as an input to the generator, in addi-
tion to x (e.g., [39]). In initial experiments, we did not find

Encoder-decoder U-Net

Figure 3: Two choices for the architecture of the generator. The
“U-Net” [34] is an encoder-decoder with skip connections be-
tween mirrored layers in the encoder and decoder stacks.

this strategy effective – the generator simply learned to ig-
nore the noise – which is consistent with Mathieu et al. [27].
Instead, for our final models, we provide noise only in the
form of dropout, applied on several layers of our generator
at both training and test time. Despite the dropout noise, we
observe very minor stochasticity in the output of our nets.
Designing conditional GANs that produce stochastic out-
put, and thereby capture the full entropy of the conditional
distributions they model, is an important question left open
by the present work.

2.2. Network architectures

We adapt our generator and discriminator architectures
from those in [30]. Both generator and discriminator use
modules of the form convolution-BatchNorm-ReLu [18].
Details of the architecture are provided in the appendix,
with key features discussed below.

2.2.1 Generator with skips

A defining feature of image-to-image translation problems
is that they map a high resolution input grid to a high resolu-
tion output grid. In addition, for the problems we consider,
the input and output differ in surface appearance, but both
are renderings of the same underlying structure. Therefore,
structure in the input is roughly aligned with structure in the
output. We design the generator architecture around these
considerations.

Many previous solutions [29, 39, 19, 48, 43] to problems
in this area have used an encoder-decoder network [16]. In
such a network, the input is passed through a series of lay-
ers that progressively downsample, until a bottleneck layer,
at which point the process is reversed (Figure 3). Such a
network requires that all information flow pass through all
the layers, including the bottleneck. For many image trans-
lation problems, there is a great deal of low-level informa-
tion shared between the input and output, and it would be

Isola et al. Image-to-image translation with conditional adversarial
networks. arXiv:1611.07004, 2016 10



GAN для преобразования изображений
Input Ground truth Output Input Ground truth Output

Figure 15: Example results of our method on automatically detected edges→shoes, compared to ground truth.

Input Output Input Output Input Output Input Output

Figure 16: Example results of the edges→photo models applied to human-drawn sketches from [10]. Note that the models were trained on
automatically detected edges, but generalize to human drawings
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GAN для преобразования изображений

Input Ground truth Output Input Ground truth Output

Figure 13: Example results of our method on day→night, compared to ground truth.

Input Ground truth Output Input Ground truth Output

Figure 14: Example results of our method on automatically detected edges→handbags, compared to ground truth.
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Резюме

GAN — быстро развивающаяся парадигма тренировки
нейросетей для генерации фотореалистичных изображений

В планах:
I обучать GAN переводить иконки дорожных знаков

в фотореалистичные изображения
I генерировать обучающие выборки для детектора

объектов
I расширить область применения (например, синтез

обучающих выборок для детектирования пешеходов)
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