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1. Summary
9 Propose a novel deep multi-task learning approach
for unsupervised domain adaptation: Deep
Reconstruction-Classification Networks (DRCN)
9 DRCN jointly learns a shared encoding
representation for two tasks: i) source output
classification, ii) target input reconstruction,
through backpropagation
9 Achieve state-of-the-art performance on some
cross-domain object classification tasks
9 Reconstructed source images from DRCN resemble
the appearance of target images
9 Learning objective of DRCN is closely related to a
semi-supervised learning framework, which leads to
the soundness of the DRCN strategy

6. Analysis

4. Algorithm
 Learning algorithm: the network is trained by alternately
minimizing
and
using backpropagation

Recall a semi-supervised learning formulation proposed by
[COZ’2006]. Suppose that samples are taken from the target
distribution, i.e.,
with probabilities taking the
labeled samples and
taking the unlabeled samples.
Theorem 4.1 in [COZ’06] states that semi-supervised learning
solves the following MLE:

We inspect a certain condition where (2) and (3) are closely
related. Denote by
a source distribution with a covariate
. The empirical
shift assumption [SHI’00]:
MLE (3) can be written as

2. Related Work
Related work
 Unsupervised domain adaptation (uDA) is concerned with
solving the dataset bias problem [TOR’11] in which labeled
target data are not available
 Deep learning has played a major role in the advancement
of domain adaptation in object recognition [DON’14, GAN’15],
but we are still awaiting more powerful solutions
Background
 Generative model hypothesis: when labeled (target) data
are lacking, modelling both the label and the structure of
the data would induce a better discriminative model than
modelling the label alone
 In uDA, however, labeled target data do not exist; we need
to ‘borrow’ labels from somewhere else for training
 Our method follows from the generative model hypothesis
above by approximating target labels with source labels

The code implementation is available at https://github.com/ghif/drcn

 Data augmentation by some image transformations is
applied when training the labelling function, while the
denoising trick (reconstructing clean images given their
noisy counterparts) [VIN’10] is also utilized when training the
reconstruction function
 Dropout regularization [SRI’14] is used only on the fully
connected layers

5. Experiments
 6 cross-domain object classification from some benchmarks:
SVHN (SV), MNIST (MN), USPS (US), STL-10 (ST), CIFAR-10 (CI)
9 ~8% performance gain over ReverseGrad [GAN’15] on SVHN
Æ MNIST

3. Deep Reconstruction-Classification Networks
(DRCN)
 Based on the aforementioned background, DRCN jointly
learns two functions with a shared encoding representation
1. Labelling function
2. Reconstruction function
where the labelling function is trained on a labelled source
domain and the reconstruction function is trained on an
unlabeled target domain.
 Given labelled source sample
and unlabelled
target sample
, define two empirical losses:

where
•
and
are the classification loss and the reconstruction
loss functions, respectively (e.g., cross-entropy loss and
mean-squared loss),
•
and
are the model
parameters.
 DRCN aims to solve the following objective

Relation to semi-supervised learning: Let
be a
parametric distribution with
. DRCN can be interpreted
probabilistically by assuming that
is Gaussian and
is a
multinomial distribution, fit by logistic regression. Thus,
objective (1) is equivalent to the empirical MLE:

The first term follows from the covariate shift assumption,
while the second term defines an ergodic Markov chain whose
asymptotic marginal distribution of X converges to
.

Uselessness of unlabeled source samples: we argue that
unlabeled source samples may not contribute to the crossdomain performance improvement, which explains that DRCNs
DRCNst are no better than DRCN t . Expand the first term of (4):

On the second term, as
Hence, since

,

will converge to
.
, adding more

unlabeled source data will only result in a constant.

References
 Comparison with other DRCN flavors: DRCNs and DRCNst
• DRCNs : reconstructing source images only
• DRCNst : reconstructing both source and target images
9 DRCN consistently performs better than DRCN s and
DRCNst

 Results on the Office dataset [SAE’10]
•
•

finetuning AlexNet via reconstructing the conv4 feature maps
: conv4->conv5->fc6->fc7->label,
: conv4->conv5->fc6->fc7>fc6’->conv5’->conv4’

9

DRCN benefits from a target domain with many
unlabelled data

Architecture: a convolutional net as the labelling function and a convolutional autoencoder as
the reconstruction function, where the encoding layers are shared.
In the experiment I, the label prediction pipeline has three convolutional layers: 100 5x5 filters
(CONV1), 150 5x5 filters (CONV2), and 200 3x3 filters (CONV3), two max-pooling layers of size
2x2 (POOL1 and POOL2), followed by three fully-connected layers (FC4, FC5, and FC_OUT).
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Insight from data reconstruction
9 DRCN reconstructs source images into those that look like target images
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Target data reconstruction as a
‘domain-adaptive’ regularizer

