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1. Shape Consistence Under
Domain Shift

Goal: Adapting a 2D keypoint estimator from a labelled

source domain to an unlabelled target domain. While
keeping its shape.

Challenge: The two domains may have different input
as well as output distributions, e.g.:

Source domain

2. Feature alignment

Domain specific BN layers force different domains to be
aligned to the same distribution.
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3. Label space alighment

Shape Consistent 2D Keypoint Estimation
Under Domain Shift

ldea: combine an adversarial term for ensuring aligned predictions in the output space and a geometric consistency term
which guarantees coherent predictions between a target sample and its perturbed version.

® Train a regression model on source domain

e During adaptation, we exploit the structure knowledge from the source domain by aplying an adversarial term.
e To improve the model’s flexibility, we enforce geometric equivariance between predictions of an input image and its

pertubed version.
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4. Full Framework

® Feature and label alignment are performed
simultaneously

® Feature alignment is performed at every layer

® An adversarial term is used during adaptation
to perform Label space alignment

® During adaptation, geometric equivariance is
used as a regularization term to improve
model’s flexibility.
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5. Quantitative Results

TABLE II
COMPARISON WITH STATE OF THE ART METHODS ON THREE DATASETS
0.6
—arm— LSP MPII PENN
PCK MSE PCK MSE PCK MSE
0.5 - W Feature alignment Source Only 0.0906 0.3185 | 0.1229 0.2501 | 0.2332  0.3832
B Discriminator AutoDIAL [10] 0.1456  0.3240 | 0.1845 0.2140 | 0.2731  0.3262
. ADDA [13] 0.1497  0.1627 | 0.2132  0.1734 | 0.2943  0.2247
0.4 - mmm Consistency Ours 0.1764 0.1539 | 02337 0.1547 | 0.3032 0.2264
B Discriminator + Consistency
2S5 6.3 =
.

TABLE 1
ABLATION STUDY ON DIFFERENT DISCRIMINATOR MODELS.

LSP MPII
Discriminator Type PCK MSE PCK MSE
Single Scale 0.1564 0.1639 | 0.2341 0.1551
Multi Scale 0.1764 0.1539 | 0.2337 0.1547

Datasets

6. Qualitative Results
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