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* d-SNE

% Computer Vision and Pattern Recognition(CVPR), 2019

d-SNE: Domain adaptation using stochastic neighborhood embedding
X Xu, X Zhou, R Venkatesan... - Proceedings of the .., 2019 - openaccess thecvf.com

On the one hand, deep neural networks are effective in leaming large datasets. On the
other, they are inefficient with their data usage. They often require copious amount of

labeled-data to train their scads of parameters. Training larger and deeper networks is hard ...
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Abstract

Deep neural networks often require copious amount of
labeled-data to train their scads of parameters. Training
larger and deeper networks is hard without appropriate reg-
ularization, particularly while using a small dataset. Lat-
erally, collecting well-annotated data is expensive, time-
consuming and often infeasible. A popular way to regu-
larize these networks is to simply train the network with
mare data from an alternate representative dataset. This
can lead to adverse effects if the statistics of the represen-
tative dataset are dissimilar to our target. This predica-
ment is due to the problem of domain shift. Data from a
shifted domain might not produce bespoke features when
a feature extractor from the representative domain is used.
In this paper, we propose a new technique (d-SNE) of do-
main adaptation that cleverly uses stochastic neighborhood
embedding techniques and a novel modified-Hausdorff dis-
tance. The proposed technique is learnable end-to-end and
is therefore, ideally suited to train neural networks. Exten-
sive experiments demonstrate that d-SNE outperforms the
current states-of-the-art and is robust to the variances in
different datasets, even in the one-shot and semi-supervised
learning settings. d-SNE also demonstrates the ability to
generalize to multiple domains concurrently.
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Figure 1: Domain adaptation in the true data space: Expec-
tation vs. Reality.

The user should be able to repurpose the model Mp= to
work with dataset D*. Unless the user is extremely lucky as
shown in the top case of figure 1, such a deployment will not
work. This is due to domain-shift. Features become mean-
ingless and their spaces get transformed, therefore classifier
boundaries have to be redrawn. The class of such problems
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Method | [DL|. Wk | Setting | MNIST — MNISTM MNIST — USPS USPS — MNIST MNIST — SVHN SVHN — MNIST
PixelDA [1] 08.20 05.90 -
ADA [10] 87.47 - - 97.60
I21[17] U - 95.1 92.2 - 92.1
DIRT-T [25] 98.90 - - 54.50 99.40
SE [6] - 98.26 =+ 0.11 08.07 + 2.82 13.96 = 4.41 99.18 + 0.12
SBADA-GAN [21] 99.40 05.04 97.60 61.08 76.14
G2A [23] - 95.30 =+ 0.70 90.80 =+ 1.30 - 92.40 + 0.90
FADA [15] 7 s - 94.40 91.50 47.00 87.20
CCSA [16] 10 78.20 + 2.00 97.27 + 0.10 05.71 &+ 0.42 37.63 + 3.62 94.57 + 0.40
0 50.08 + 1.64 93.16 + 0.71 83.37 +0.93 26.22 + 2.02 66.02 + 0.72
d-SNE 7 s 84.62 &+ 0.04 97.53 + 0.10 97.52 + 0.08 53.10 + 0.28 05.68 + 0.03
10 §7.80 + 0.16 99.00 =+ 0.08 98.49 + 0.35 61.73 + 0.47 96.45 + 0.20
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Figure 5: t-SNE visualizations without (top) and with (bottom) domain adaptations.
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CCSA: Unified Deep Supervised Domain Adaptation and Generalization, 2017
FADA: Few-Shot Adversarial Domain Adaptation, 2017

PixelDA: Unsupervised pixel-level domain adaptation with generative adversarial networks,
2017

ADA: Associative Domain Adaptation, 2017

|2]: Image to image translation for domain adaptation, 2018

DIRT-T: A DIRT-T Approach to unsupervised Domain Adaption, 2018

SE: Self-Ensembling for Visual Domain Adaptation, 2017

SBADA-GAN: symmetric bi-directional adaptive GAN, 2018

G2A: Aligning Domains using Generative Adversarial Networks, 2018
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