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Figure 2. The detailed system architecture of our 121 (image to image) Adapt framework. The pathways to the loss modules
denote the inputs to these modules, which are used for training. Best viewed in color.

Hoffman et al. [12] utilized fully convolutional networks with domain adversarial training to obtain domain agnostic
features (i.e. shared space) for the source and target domains, while constraining the shared space to be discriminative for
the source domain. Hence, by learning the mappings from source and target domains to the shared space (i.e. f; and f,in
Figure 2), and learning the mapping from the shared space to annotations (i.e. h in Figure 2), their approach effectively
enables the learned classifier to be applicable to both domains. The Deep Reconstruction Classification Network (DRCN)
of Ghifary et al. [0], utilizes a similar approach but with a constraint that the embedding must be decodable, and learns a
mapping from the embed-ding space to the target domain (i.e. g, in Figure 2). The image-to-image translation work by
Isola et al. [15] maps the source domain to the target domain by an adversarial learning of f and g, and composing them
gyofz: X — Y. In their framework the target and source images were assumed to be paired, in the sense that for each
source image there exists a known corresponding target image. This assumption was lifted in the follow-up work of Zhu
et al. [40] and Royer et al.[28], where cycle consistency was used to learn the mappings based on unpaired source and
target im-ages. While the approaches of Isola et al. [15] and Zhu et al. [40] do not address the domain adaptation
problem, yet.
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