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Abstract
Despite the large improvements in performance attained by deep learning in computer vision, one can often further improve results with some additional post-processing
that exploits the geometric nature of the underlying task. This commonly involves displacing the posterior distribution of a CNN in a way that makes it more appropriate for
the task at hand, e.g. better aligned with local image features, or more compact. In this
work we integrate this geometric post-processing within a deep architecture, introducing
a differentiable and probabilistically sound counterpart to the common geometric voting
technique used for evidence accumulation in vision. We refer to the resulting neural models as Mass Displacement Networks (MDNs), and apply them to human pose estimation
in two distinct setups: (a) landmark localization, where we collapse a distribution to a
point, allowing for precise localization of body keypoints and (b) communication across
body parts, where we transfer evidence from one part to the other, allowing for a globally
consistent pose estimate. We evaluate on large-scale pose estimation benchmarks, such
as MPII Human Pose and COCO datasets, and report systematic improvements.
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Introduction

The advent of deep learning has reduced the amount of hand-engineered processing required
for computer vision by integrating many operations such as pooling, normalization, and resampling within Convolutional Neural Networks (CNN). The succession of such operations
gradually discards the effects of irrelevant signal transformations, allowing the higher layers
of CNNs to exhibit increased robustness to small input perturbations. While this invariance
is desirable for high-level vision tasks, it can harm tasks such as pose estimation where one
aims at precise spatial localization, rather than abstraction.
It is therefore common to apply some form of computer vision-based post-processing on
top of CNN-based scores to obtain sharp, localized geometric features. One of the first steps
in this direction has been the use of structured prediction on top of semantic segmentation,
e.g. by combining image-based DenseCRF [21] inference with CNNs for semantic segmentation [10], training both systems jointly [38], or more recently learning CNN-based pairwise
terms in structured prediction modules [9, 23]. All of these works involve coupling decisions
so as to reach some consistency in the labeling of global structures, typically coming in the
form of smoothness constraints. While this is meaningful for tasks where information is
spread out, such as semantic segmentation, we are interested in more general transformations, some of which are illustrated in Fig. 1. For instance, we consider the task of keypoint
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