
Unsupervised Domain Adaptation byBackpropagation
Yaroslav Ganin, Victor Lempitsky

July 8, 2015

Yaroslav Ganin, Victor Lempitsky (Skoltech) Unsupervised DA by Backpropagation July 8, 2015 1 / 20



Deep supervised neural networks

Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5⇥ 5⇥ 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥ 192 , and the fifth convolutional layer has 256
kernels of size 3⇥ 3⇥ 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224⇥ 224 patches (and their horizontal reflections) from the
256⇥256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 ⇥ 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224⇥ 224⇥ 3-dimensional.
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are a “big thing” in computer vision and beyond
demand lots of labeled data
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Where to get data?
Lots of modalities do not have large labeled data sets:

Biomedical
Unusual cameras or image types
Videos
Data requiring expert-level annotation Image credit: Staal et al.

Surrogate training data are often available:
Borrow from adjacent modality
Generate synthetic imagery (computer graphics)
Use data augmentation to amplify number oftraining samples Image credit: Xu et al.

Resulting training data have a different distribution.
We need domain adaptationfrom the source domain to the target domain.
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Example: the Office dataset (Saenko, 2010)

Source: office objects on white background

Target: photos of office objects taken by a webcamera
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Example: synthetic to real

Source: rendered numbers

Target: SVHN

Source: rendered road signs

Target: GTSRB
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Assumptions and goals

We have:
Lots of labeled data in the source domain (e.g. synthetic images)
Lots of unlabeled data in the target domain (e.g. real images)

We want to train a neural network that does well on the target domain.
Large-scale deep unsupervised domain adaptation.
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Domain shift in a deep architecture

Input Feature extractor Label predictor

x f = Gf (x; θf ) y = Gy(f; θy)

When trained on source only,feature distributions do notmatch.
S(f) = {Gf (x; θf) |x ∼ S(x)}
T(f) = {Gf (x; θf) |x ∼ T(x)}

Unsupervised Domain Adaptation by Backpropagation

MNIST ! MNIST-M: top feature extractor layer

(a) Non-adapted (b) Adapted

SYN NUMBERS ! SVHN: last hidden layer of the label predictor

(a) Non-adapted (b) Adapted

Figure 3. The effect of adaptation on the distribution of the extracted features (best viewed in color). The figure shows t-SNE (van der
Maaten, 2013) visualizations of the CNN’s activations (a) in case when no adaptation was performed and (b) in case when our adaptation
procedure was incorporated into training. Blue points correspond to the source domain examples, while red ones correspond to the target
domain. In all cases, the adaptation in our method makes the two distributions of features much closer.
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Figure 4. Results for the traffic signs classification in the semi-
supervised setting. Syn and Real denote available labeled data
(100, 000 synthetic and 430 real images respectively); Adapted

means that 31, 000 unlabeled target domain images were used
for adaptation. The best performance is achieved by employing
both the labeled samples and the large unlabeled corpus in the
target domain.

add them to the training set for the label predictor. Fig-
ure 4 shows the change of the validation error through-
out the training. While the graph clearly suggests that our
method can be beneficial in the semi-supervised setting,
thorough verification of semi-supervised setting is left for
future work.

Office dataset. We finally evaluate our method on OF-
FICE dataset, which is a collection of three distinct do-
mains: AMAZON, DSLR, and WEBCAM. Unlike previ-
ously discussed datasets, OFFICE is rather small-scale with
only 2817 labeled images spread across 31 different cate-
gories in the largest domain. The amount of available data
is crucial for a successful training of a deep model, hence
we opted for the fine-tuning of the CNN pre-trained on the
ImageNet (AlexNet from the Caffe package (Jia et al.,
2014)) as it is done in some recent DA works (Donahue
et al., 2014; Tzeng et al., 2014; Hoffman et al., 2013; Long
& Wang, 2015). We make our approach more compara-
ble with (Tzeng et al., 2014) by using exactly the same
network architecture replacing domain mean-based regu-
larization with the domain classifier.
Following previous works, we assess the performance of
our method across three transfer tasks most commonly
used for evaluation. Our training protocol is adopted from

(Gong et al., 2013; S. Chopra & Gopalan, 2013; Long &
Wang, 2015) as during adaptation we use all available la-
beled source examples and unlabeled target examples (the
premise of our method is the abundance of unlabeled data
in the target domain). Also, all source domain is used
for training. Under this “fully-transductive” setting, our
method is able to improve previously-reported state-of-the-
art accuracy for unsupervised adaptation very considerably
(Table 2), especially in the most challenging AMAZON !
WEBCAM scenario (the two domains with the largest do-
main shift).
Interestingly, in all three experiments we observe a slight
over-fitting as training progresses, however, it doesn’t ruin
the validation accuracy. Moreover, switching off the do-
main classifier branch makes this effect far more apparent,
from which we conclude that our technique serves as a reg-
ularizer.

5. Discussion
We have proposed a new approach to unsupervised do-
main adaptation of deep feed-forward architectures, which
allows large-scale training based on large amount of an-
notated data in the source domain and large amount of
unannotated data in the target domain. Similarly to many
previous shallow and deep DA techniques, the adaptation
is achieved through aligning the distributions of features
across the two domains. However, unlike previous ap-
proaches, the alignment is accomplished through standard
backpropagation training. The approach is therefore rather
scalable, and can be implemented using any deep learn-
ing package. To this end we release the source code for
the Gradient Reversal layer along with the usage examples
as an extension to Caffe (Jia et al., 2014) (see (Ganin &
Lempitsky, 2015)). Further evaluation on larger-scale tasks
and in semi-supervised settings constitutes future work.
Acknowledgements. This research is supported by
the Russian Ministry of Science and Education grant
RFMEFI57914X0071. We also thank the Graphics & Me-
dia Lab, Moscow State University for providing the syn-
thetic road signs data.
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Figure 4. Results for the traffic signs classification in the semi-
supervised setting. Syn and Real denote available labeled data
(100, 000 synthetic and 430 real images respectively); Adapted

means that 31, 000 unlabeled target domain images were used
for adaptation. The best performance is achieved by employing
both the labeled samples and the large unlabeled corpus in the
target domain.

add them to the training set for the label predictor. Fig-
ure 4 shows the change of the validation error through-
out the training. While the graph clearly suggests that our
method can be beneficial in the semi-supervised setting,
thorough verification of semi-supervised setting is left for
future work.

Office dataset. We finally evaluate our method on OF-
FICE dataset, which is a collection of three distinct do-
mains: AMAZON, DSLR, and WEBCAM. Unlike previ-
ously discussed datasets, OFFICE is rather small-scale with
only 2817 labeled images spread across 31 different cate-
gories in the largest domain. The amount of available data
is crucial for a successful training of a deep model, hence
we opted for the fine-tuning of the CNN pre-trained on the
ImageNet (AlexNet from the Caffe package (Jia et al.,
2014)) as it is done in some recent DA works (Donahue
et al., 2014; Tzeng et al., 2014; Hoffman et al., 2013; Long
& Wang, 2015). We make our approach more compara-
ble with (Tzeng et al., 2014) by using exactly the same
network architecture replacing domain mean-based regu-
larization with the domain classifier.
Following previous works, we assess the performance of
our method across three transfer tasks most commonly
used for evaluation. Our training protocol is adopted from

(Gong et al., 2013; S. Chopra & Gopalan, 2013; Long &
Wang, 2015) as during adaptation we use all available la-
beled source examples and unlabeled target examples (the
premise of our method is the abundance of unlabeled data
in the target domain). Also, all source domain is used
for training. Under this “fully-transductive” setting, our
method is able to improve previously-reported state-of-the-
art accuracy for unsupervised adaptation very considerably
(Table 2), especially in the most challenging AMAZON !
WEBCAM scenario (the two domains with the largest do-
main shift).
Interestingly, in all three experiments we observe a slight
over-fitting as training progresses, however, it doesn’t ruin
the validation accuracy. Moreover, switching off the do-
main classifier branch makes this effect far more apparent,
from which we conclude that our technique serves as a reg-
ularizer.

5. Discussion
We have proposed a new approach to unsupervised do-
main adaptation of deep feed-forward architectures, which
allows large-scale training based on large amount of an-
notated data in the source domain and large amount of
unannotated data in the target domain. Similarly to many
previous shallow and deep DA techniques, the adaptation
is achieved through aligning the distributions of features
across the two domains. However, unlike previous ap-
proaches, the alignment is accomplished through standard
backpropagation training. The approach is therefore rather
scalable, and can be implemented using any deep learn-
ing package. To this end we release the source code for
the Gradient Reversal layer along with the usage examples
as an extension to Caffe (Jia et al., 2014) (see (Ganin &
Lempitsky, 2015)). Further evaluation on larger-scale tasks
and in semi-supervised settings constitutes future work.
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method is able to improve previously-reported state-of-the-
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the validation accuracy. Moreover, switching off the do-
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from which we conclude that our technique serves as a reg-
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5. Discussion
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notated data in the source domain and large amount of
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proaches, the alignment is accomplished through standard
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scalable, and can be implemented using any deep learn-
ing package. To this end we release the source code for
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(Table 2), especially in the most challenging AMAZON !
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How to train that thing?
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Let’s try standard backpropagation. Emerging features are:
Discriminative (i.e. good for predicting y)
Domain-discriminative (i.e. good for predicting d)
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Let’s now inject the Gradient Reversal Layer:
Copies data without change at fprop
Multiplies deltas by −λ at bprop
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Emerging features are now:
Discriminative (i.e. good for predicting y)
Domain-invariant (i.e. not good for predicting d)
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Few lines of code

import numpy as np

def GradientReversalLayer:
def __init__(self, lambda):

self.lambda = lambda

def fprop(self, input_blob, output_blob):
np.copy(input_blob.data, output_blob.data)

def bprop(self, input_blob, output_blob):
np.multiply(output_blob.diff,

-self.lambda,
out=input_blob.diff)
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Saddle point interpretation

Our objective is
E(θf, θy, θd) =

∑
i=1..N
di=0

Liy(θf, θy)− λ
∑
i=1..N

Lid(θf, θd)

The backpropagation converges to a saddle point:
(θ̂f, θ̂y) = argmin

θf,θy
E(θf, θy, θ̂d)

θ̂d = argmax
θd
E(θ̂f, θ̂y, θd)

Similar idea in Generative Adversarial Networks (Goodfellow et al., 2014).
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The workflow overview

1 Train feature extractor + label predictor on source
2 Train feature extractor + domain classifier on source + target
3 Use feature extractor + label predictor at test time
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Other approaches for deep DA

Recently, several “deep” approaches have been proposed:
Deep Domain Adaptation Network (DDAN) (Chen et al., 2015):minimization of weighted Euclidean distance between features ofmatching examples from both domains
Deep Domain Confusion (DDC) (Tzeng et al., 2014) and DeepAdaptation Networks (DAN) (Long et al., 2015): minimization ofintra-batchmaximum mean discrepancy (MMD) between source andtarget features. Next talk!
Domain-adversarial neural networks (DANN) (Ajakan et al., 2014)(concurrent effort): “shallow” version of our approach; joint paper(Domain-Adversarial Training of Neural Networks) currently inreview
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Results: the Office dataset (Saenko, 2010)

Source: office objects on white background

Target: photos of office objects taken by a webcamera
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Results: the Office architecture

fully-conn
31 units
Soft-max

Beheaded AlexNet
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Results: the Office dataset (cont.)
METHOD SOURCE AMAZON DSLR WEBCAM

TARGET WEBCAM WEBCAM DSLR
GFK(PLS, PCA) (GONG ET AL., 2013) .197 .497 .631
SA (FERNANDO ET AL., 2013) .450 .648 .699
DLID (S. CHOPRA & GOPALAN, 2013) .519 .782 .899
DDC (TZENG ET AL., 2014) .618 .950 .985
DAN (LONG & WANG, 2015) .685 .960 .990
SOURCE ONLY .642 .961 .978
PROPOSED APPROACH .730 .964 .992

Protocol: all of the methods above use
all available labeled source samples
all available unlabeled target samples
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Further experiments: baselines

Upper bound: training on the target domain with labels
Shallow DA baseline: Subspace Alignment (Fernando et al., 2013)
Lower bound: training on the source domain only

We use features extracted at the penultimate layer of the label predictor.
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Further experiments: synthetic to real

Source: rendered numbers

Target: SVHN Lowe
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Further experiments: larger gap

Source: SVHN

Target: MNIST Lowe
r bou
nd SA Ours
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Conclusion

Scalable method for deep unsupervised domain adaptation
Based on a simple idea; takes few lines of code
State-of-the-art results
Relatively easy to tune (look at the domain classifier error)
Straightforward semi-supervised extension

Source code available at:
http://sites.skoltech.ru/compvision/projects/grl/
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