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Problem Statement

 Source domain D% = {xs,yS}NS

* Target domain Dt = {x?t, yt}" iz 1,Nt & NS orDt = {xt}

* Goal: Improve the performance of an existing model Mps for Dt by
adapting the knowledge of the model learned from DS to Dt



Proposed Method: d-SNE

e Consider the distance between the features from the source and
target domain
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* The probability that target samples xjt € D! has the same label as the
source samples x; € DS
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Proposed Method: d-SNE (2)

* Given p; for one sample, the objective function for the domain
adaptation problem can be derived as minimizing the ratio of intra-
class distances to inter-class distance in the latent space.
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e Relaxation

L = sup{ala € d(x,x;)} - inf{ala € d(x,x;)}
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d-SNE: End-to-end learning

* Siamese network
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d-SNE: Semi-supervised Extension

e Teacher-Student Network




Evaluation Datasets & Protocols

* Digits Datasets MNIST |
* MNIST, USPS, MNIST-M, SVHN MNIST-

* 1-10 samples/class labeled in the target S

domain usPs

e Office31 Datasets -

* Small scale dataset with 31 classes DSLRE

* 3samplesin the target domain

* VisDA-C Datasets :
VisDA-C :
* Large scale synthetic-real dataset sythetic ;

* 10 samples/class in the target domain VisDA_Cé
real ©

Webcam
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Results: Digits - Quantitative Results

mmn l\l\::m:.:_e MNIST>USPS | USPS>MNIST | MNIST>SVHN | SVHN->MNIST

DIRT-TW 98.90 54.50 99.40
SE2 - 98.23 99.54 71.40 92.00
Zi’?\ﬁﬁ' - 99.40 95.04 97.60 61.08 76.14
G2AM - 95.30 90.80 - 92.40
FADAIS! 7 - 94.40 91.50 47.00 87.20
CCSAlS! . o 78.29 97.22 95.71 37.63 94.57
SNE 7 84.62 97.53 97.52 53.19 95.68

10 87.80 99.00 98.49 61.73 96.45
d-SNE ss 10 94.12 - - 77.63 97.60
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Results: Digits - Qualitative Results

After Adaptation:
Source Acc. 99.51%

gt%%bt Acc. 87.99%
bl

Before Adaptation:
Source Acc. 99.45%
Target Acc. 51.66%

MNIST -> MNIST-M
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Conclusions

e Use of stochastic neighborhood embedding and
large margin nearest neighbor to learn a domain
agnostic latent-space for few-shot supervised
learning

e Extension to semi-supervised settings pushing the
states-of-the-art further.
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