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TABLE 3
Pose estimation performance with or without conditional parsing input.

Average precision of keypoints (APK)

Method Head  Shoulder Elbow  Wrist Hip Knee Ankle Mean
Baseline 0.9956 0.9879 0.8882 0.5702 0.7908 0.8609 0.8149 0.8440
Clothing 1.0000 0.9927 0.8770 0.5601 0.8937 0.8868 0.8367  0.8639
- Ground truth  1.0000 0.9966 09119 0.6411 0.8658 0.9063 0.8586  0.8829
Foreground 1.0000 0.9926 0.8873 0.5441 0.8704 0.8522 0.7760  0.8461
- Ground truth  0.9976 0.9949 0.9244 05819 0.8527 0.8736 0.8118 0.8624
Percentage of correct keypoints (PCK)
Method Head Shoulder Elbow  Wrist Hip Knee Ankle Mean
Baseline 0.9956 0.9891 09148 07031 0.8690 0.9017 0.8646 0.8911
Clothing 1.0000 0.9934 09127 0.6965 0.9345 09148 0.8843 0.9052
- Ground truth  1.0000 0.9978 0.9323 0.7467 0.9192 09367 0.9017 0.9192
Foreground 1.0000 0.9934 09148 0.6878 0.9127 0.8996 0.8450 0.8933
- Ground truth  0.9978 0.9956 09389 0.7183 0.9105 0.9214 0.8734 0.9080
Mean APK Foreground Accuracy
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Fig. 12. Pose estimation performance over iterations.

mation quality for such end parts is the key challenge
in pose estimation, while state-of-the-art methods can
already accurately locate major parts such as head or
torso. We believe that semantic parsing provides a strong
context to improve localization of minor parts that often
suffer from part articulation.

8.1 lterating parsing and pose estimation

We have demonstrated that pose estimation can benefit
from parsing. Since clothing parsing also depends on
pose estimation, we also evaluate the effect of iterat-
ing between pose estimation and clothing parsing. This
iterative process starts by clothing parsing with the
baseline pose estimator, followed by pose estimation
conditioned on clothing parsing. Then, we replace the
pose estimation input to the parsing pipeline with the
output of the conditional pose estimator, and continue
the same process for several iterations. Denoting parsing
with Y and pose configuration with Z, the process can
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Fig. 13. Parsing performance over iterations.

be expressed for iteration ¢t = 0,1, ..., n:

Zy = argmaxP(Z), (10)
z

Y; = argmaxP(Y|Z;), (11)
Y

Zir1 = argmax P(Z|Y;), (12)
z

where P(Z) is the baseline pose estimator, P(Y|Z) is
the parsing model, and P(Z|Y) is the conditional pose
estimator.

We evaluate the performance of pose estimation and
parsing over iterations using the Fashionista dataset.
Figure [I2] and [13| plot the performance. The plot shows
that the performance starts to oscillate after the first pose
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re-estimation by the conditional pose model. There is
no clear benefit from repeated iterations in parsing for
a few reasonable number of iterations, and the rate of
improvement, if any, seems to be extremely slow. This
result indicates that a slight change in pose estimation
does not greatly affect the final parsing quality.

Oscillation happens because our model does not guar-
antee convergence. In this paper, we independently solve
pose estimation and clothing parsing, and thus there is
a discrepancy in the objective in this iterative process.
To make the iterative approach converge, we need to
consider a joint model of pose and parsing, and try to
optimize for the global objective. Such an approach is an
interesting future direction [45].

We conclude from this result that 1) the condi-
tional pose estimator improves performance of pose re-
estimation, but 2) there is little evidence that further it-
erations provide significant improved performance, and
if anything, the rate of improvement is extremely slow.

9 CONCLUSION

We describe a clothing parsing method based on fash-
ion image retrieval. Our system combines global parse
models, nearest-neighbor parse models, and transferred
parse predictions. Experimental evaluation shows suc-
cessful results, demonstrating a significant boost of over-
all accuracy and especially foreground parsing accuracy
over previous work in both detection and localization
scenarios. The experimental results indicate that our
data-driven approach is particularly beneficial in the
detection scenario, where we need to both identify and
localize clothing items without any prior knowledge
about depicted clothing items. We also empirically show
that pose estimation can benefit from the semantic infor-
mation provided by clothing parsing.
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