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Figure 1: Our proposed Deep Domain Adaptation Network (DDAN).
Source and target domains are modeled jointly with knowledge transfer occurring at multiple levels of the hierarchy through alignment cost layers.
Describing people in detail is an important task for many applications.
For instance, criminal investigation processes often involve searching for
suspects based on detailed descriptions provided by eyewitnesses or compiled from images captured by surveillance cameras. The FBI list of nationwide wanted bank robbers (https://bankrobbers.fbi.gov/) has clear examples of such fine-grained descriptions, including attributes covering detailed
color information (e.g., “light blue” “khaki”, “burgundy”), a variety of clothing types (e.g., ‘leather jacket”, “polo-style shirt”, “zip-up windbreaker”)
and also detailed clothing patterns (e.g., “narrow horizontal stripes”, “LA
printed text”, “checkered”).
Traditional computer vision methods for describing people, however,
have only focused on a small set of coarse-grained attributes. As an example, the recent work of Zhang et al. [7] achieves impressive attribute prediction performance in unconstrained scenarios, but only considers nine human
attributes. Existing systems for fashion analysis [1, 4, 6] and people search
in surveillance videos [2, 5] also rely on a relatively small set of clothing
attributes. Our work instead addresses the problem of describing people
with very fine-grained clothing attributes. A natural question that arises in
this setting is how to obtain a sufficient number of training samples for each
attribute without significant annotation cost.

way, the output of the same middle layer of the two paths can be directly
compared. We further connect these paths through several alignment cost
layers where the cost function is correlated with the similarity of the two
input images. These alignment cost layers are included to ensure that (1)
the feature learning parameters for the two domains are not too far away
and (2) the high-level features have sufficient similarity along with the label
consistency.
We also design a merging layer whose input is from the two network
paths, which are merged and share parameters in the subsequent layers. This
design is used to deploy the model after the co-training. We take the merging
operation as the simple max operation, i.e. f (Xs , Xt ) = max(Xs , Xt ), where
Xs and Xt are the feature representations of the source and target connecting
layers, respectively. So we can simply drop out this layer at testing time,
when just the target domain images are available.
Our proposed deep domain adaptation network (DDAN) achieves better performance than traditional domain adaptation methods based on deep
learning, such as backpropagation fine-tuning at a lower learning rate and
re-training of the last network layer.

R-CNN body detector: Our body detection module is based on the
R-CNN framework [3], with several enhancements made specifically for
the clothing detection problem (see Figure 2). It consists of three submodules. First, selective search is adopted to generate candidate region
proposals. Then, a Network-in-Network (NIN) model is used to extract
features for each candidate region. Finally, linear support vector regression
(SVR) is used to predict the Intersection-over-Union (IoU) overlap of candidate patches with ground-truth bounding boxes. Our method achieves better results when compared to traditional R-CNN and deformable part-based
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