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Figure 7. Qualitative results of our method on the ScanNet validation dataset [5]. This figure shows the original input scene as a
textured mesh, the semantic labeling results of SparseConvNet (SPC) [15] which we use as input and our instance labeling results as well
as the semantic groundtruth (GT). We further show multiple 3D instance segmentation baselines: connected component (CC) labeling on
the SPC semantic labeling, SPGN [50], and the groundtruth instance labels next to our labeling results.

5. Conclusion

We proposed a method for 3D instance segmentation of
voxel-based scenes. Our approach is based on metric learn-
ing and the first part assigns all voxels belonging to the same
object instance feature vectors that are in close vicinity.
Conversely, voxels belonging to different object instances
are assigned features that are further apart from each other
in the feature space. The second part estimates directional
information of object centers, which is used to score the
segmentation results generated by the first part.
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Dense Semantic 3D Reconstruction
Christian Häne, Christopher Zach, Andrea Cohen, and Marc Pollefeys, Fellow, IEEE

Abstract—Both image segmentation and dense 3D modeling from images represent an intrinsically ill-posed problem. Strong
regularizers are therefore required to constrain the solutions from being ’too noisy’. These priors generally yield overly smooth
reconstructions and/or segmentations in certain regions while they fail to constrain the solution sufficiently in other areas. In this paper,
we argue that image segmentation and dense 3D reconstruction contribute valuable information to each other’s task. As a
consequence, we propose a mathematical framework to formulate and solve a joint segmentation and dense reconstruction problem.
On the one hand knowing about the semantic class of the geometry provides information about the likelihood of the surface direction.
On the other hand the surface direction provides information about the likelihood of the semantic class. Experimental results on several
data sets highlight the advantages of our joint formulation. We show how weakly observed surfaces are reconstructed more faithfully
compared to a geometry only reconstruction. Thanks to the volumetric nature of our formulation we also infer surfaces which cannot be
directly observed for example the surface between the ground and a building. Finally, our method returns a semantic segmentation
which is consistent across the whole dataset.

Index Terms—Volumetric Reconstruction, Semantic Labeling, Convex Formulation, Multi-Label Segmentation, Semantic 3D Modeling
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1 INTRODUCTION

EVen though remarkable progress has been made in
recent years, both image segmentation and dense 3D

modeling from images remain intrinsically ill-posed prob-
lems. The standard approach to address this ill-posedness is
to regularize the solutions by introducing a respective prior.
Traditionally, the priors enforced in image segmentation ap-
proaches are stated entirely in the 2D image domain (e.g. a
contrast-sensitive spatial smoothness assumption), whereas
priors employed for image-based reconstruction typically
yield piece-wise smooth 3D surfaces, as their solutions. In
this paper we demonstrate that joint image segmentation
and dense 3D reconstruction is beneficial for both tasks.
While the advantages of a joint formulation for segmenta-
tion and depth estimation have already been observed and
utilized in [21], our main contribution is the introduction of
a rigorous mathematical framework to formulate and solve
a joint optimization for dense 3D reconstruction and class
segmentation. We extend volumetric scene reconstruction
methods, which segment a volume of interest into occu-
pied and free-space regions, to a multi-label volumetric
segmentation framework assigning semantic classes or a
free-space label to voxels. Thus, interfaces of the volumet-
ric segments correspond to surfaces of the reconstructed
objects. Thereby the interface between free-space and the
semantic classes describe the visible, observable surface and
interfaces between different semantic classes, for example
between ground and building, describe the hidden non-
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Fig. 1. (Top) from left to right: Example of input image, best label
image segmentation result, depthmap. (Bottom) our proposed joint op-
timization combines class segmentation and geometry resulting in an
accurately labeled 3D reconstruction

observable surfaces. On the one hand, such a joint approach
is highly beneficial since the associated appearance (and
therefore a likely semantic category) of surface elements can
influence the spatial smoothness prior. Thus, a class-specific
regularizer guided by image appearances can adaptively
enforce spatial smoothness and preferred orientations of
3D surfaces. This allows our method to correctly recover
weakly observed surfaces and even estimate non-observable
interfaces between two different semantic classes, for ex-
ample between ground and building. On the other hand,
densely reconstructed models induce image segmentations

[Häne	et	al.	CVPR]
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Figure 1: Graphical model of our joint CRF. The system takes a left (A) and right (B) image from a
stereo pair that has been rectified. Our formulation captures the co-dependencies between the object
class segmentation problem (E, §2.1) and the dense stereo reconstruction problem (F, §2.2) by allow-
ing interactions between them. These interactions are defined to act between the unary/pixel (blue)
and pairwise/edge variables (green) of both problems. The unary potentials are linked via a height
distribution (G,eq. (3)) learnt from our training set containing hand labelled disparities (§5). The
pairwise potentials encode that object class boundaries, and sudden changes in disparity are likely to
occur together. The combined optimisation results in an approximate object class segmentation (C)
and dense stereo reconstruction (D). See §3 and §4 for a full treatment of our model and §6 for further
results. View in colour.

creating hand labelled object class and disparity maps for 70 images. This data set will be
released to the public. Our experimental evaluation demonstrates that joint optimisation of
dense stereo reconstruction and object class segmentation leads to a substantial improvement
in the accuracy of final results.

The structure of the paper is as follows: In section 2 we give the generic formulation
of CRFs for dense image labelling, and describe how they can be applied to the problems
of object class segmentation and dense stereo reconstruction. Section 3 describes the for-
mulation allowing for the joint optimisation of these two problems, while section 4 shows
how the optimisation can be performed efficiently. The data set is described in section 5 and
experimental validation follows in 6.

2 Overview of Dense CRF Formulations
Our joint optimisation consists of two parts, object class segmentation and dense stereo re-
construction. Before we formulate our approach we give an overview of existing approaches
and introduce the notations used in §3. Both problems have previously been defined as a
dense CRF where the set of random variables Z = {Z1,Z2, . . . ,ZN} corresponds to the set of
all image pixels i 2 V = {1,2, . . . ,N}. Let N be the neighbourhood system of the random
field defined by the sets Ni,8i 2 V , where Ni denotes the neighbours of the variable Zi. A
clique c 2 C is a set of random variables Zc ✓ Z. Any possible assignment of labels to the
random variables will be called a labelling and denoted by z, similarly we use zc to denote
the labelling of a clique. Fig. 1 E & F depict this lattice structure as a blue dotted grid, the
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Joint Semantic Segmentation and 3D

Reconstruction from Monocular Video

Abhijit Kundu, Yin Li, Frank Daellert, Fuxin Li and James M. Rehg

Georgia Institute of Technology, Atlanta, USA

Abstract. We present an approach for joint inference of 3D scene struc-
ture and semantic labeling for monocular video. Starting with monocular
image stream, our framework produces a 3D volumetric semantic + occu-
pancy map, which is much more useful than a series of 2D semantic label
images or a sparse point cloud produced by traditional semantic segmen-
tation and Structure from Motion(SfM) pipelines respectively. We derive
a Conditional Random Field (CRF) model defined in the 3D space, that
jointly infers the semantic category and occupancy for each voxel. Such
a joint inference in the 3D CRF paves the way for more informed priors
and constraints, which is otherwise not possible if solved separately in
their traditional frameworks. We make use of class specific semantic cues
that constrain the 3D structure in areas, where multiview constraints are
weak. Our model comprises of higher order factors, which helps when the
depth is unobservable. We also make use of class specific semantic cues to
reduce either the degree of such higher order factors, or to approximately
model them with unaries if possible. We demonstrate improved 3D struc-
ture and temporally consistent semantic segmentation for di�cult, large
scale, forward moving monocular image sequences.

Fig. 1. Overview of our system. From monocular image sequence, we first obtain 2D semantic
segmentation, sparse 3D reconstruction and camera poses. We then build a volumetric 3D map
which depicts both 3D structure and semantic labels.

1 Introduction

To successfully navigate and perceive the 3D world, a robot needs to infer both its
own position and information of the 3D environment. Vision-based Simultaneous
Localization and Mapping (SLAM) estimates the location of the robot while
incrementally building a map of the environment. However, SLAM only reveals

[Kundu	et	al.	ECCV]
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Abstract
Scene understanding is an important yet very challeng-

ing problem in computer vision. In the past few years, re-
searchers have taken advantage of the recent diffusion of
depth-RGB (RGB-D) cameras to help simplify the problem
of inferring scene semantics. However, while the added 3D
geometry is certainly useful to segment out objects with dif-
ferent depth values, it also adds complications in that the
3D geometry is often incorrect because of noisy depth mea-
surements and the actual 3D extent of the objects is usually
unknown because of occlusions. In this paper we propose
a new method that allows us to jointly refine the 3D recon-
struction of the scene (raw depth values) while accurately
segmenting out the objects or scene elements from the 3D
reconstruction. This is achieved by introducing a new model
which we called Voxel-CRF. The Voxel-CRF model is based
on the idea of constructing a conditional random field over
a 3D volume of interest which captures the semantic and
3D geometric relationships among different elements (vox-
els) of the scene. Such model allows to jointly estimate (1) a
dense voxel-based 3D reconstruction and (2) the semantic
labels associated with each voxel even in presence of par-
tial occlusions using an approximate yet efficient inference
strategy. We evaluated our method on the challenging NYU
Depth dataset (Version 1 and 2). Experimental results show
that our method achieves competitive accuracy in inferring
scene semantics and visually appealing results in improving
the quality of the 3D reconstruction. We also demonstrate
an interesting application of object removal and scene com-
pletion from RGB-D images.

1. Introduction
Understanding the geometric and semantic structure of

a scene (scene understanding) is a critical problem in vari-
ous research fields including computer vision, robotics, and
augmented reality. For instance, consider a robot in the in-
door scene shown in the Fig. 1. In order to safely navigate
through the environment, the robot must perceive the free
space of the scene accurately (geometric structure). More-
over, in order for the robot to effectively interact with the
environment (e.g., to place a bottle on a table), it must rec-
ognize the objects in the scene (semantic structure).

Several methods have been proposed to solve the prob-
lem of scene understanding using a single RGB (2D) im-

Figure 1: Given a single depth-RGB image, our proposed Voxel-CRF
(V-CRF) model jointly estimates (1) a dense voxel-based 3D reconstruc-
tion of the scene and (2) the semantic labels associated with each voxel. In
the figure, red corresponds to ‘wall’, green to ‘floor’, orange to ‘table’ and
yellow to ‘picture’.

age. For instance, in [1, 2, 3, 4], the problem is formulated
in terms of the estimation of a consistent set of semantic la-
bels of local image regions (patches or pixels) assuming a
flat image world. Although the results were promising, such
methods do not provide information about the geometric
structure of the scene. Recently, attempts have been made
to jointly estimate the 3D and semantic properties of a scene
using a single image or multiple images [5, 6, 7, 8, 9]. The
efficacy of such methods in perceiving the scene geometry,
however, is limited due to the inherent geometric ambiguity
in a single image. To overcome the ambiguity, researchers
have considered using depth and RGB image data for scene
understanding [10, 11, 12]. Instead of labeling local 2D
image regions, these methods provide semantic description
of 3D elements (point clouds) acquired by a RGB-D cam-
era [13]. However, they rely on the assumption that the 3D
structure from the RGB-D device is accurate. This is not
always the case due to photometric interference, discretiza-
tion error, etc (see Fig. 2 for typical noisy reconstruction).

In this work, we propose a method to jointly estimate the
semantic and geometric structure of a scene given a single
RGB-D image. Unlike [10, 11, 12] where the true geomet-
ric structure is assumed to be given and fixed, we represent
a scene with a set of small cubic volume (voxel) in the space
of interest. We jointly estimate both the semantic labeling

1
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3D-SIS: 3D Semantic Instance Segmentation of RGB-D Scans

Ji Hou Angela Dai Matthias Nießner
Technical University of Munich

Figure 1: 3D-SIS performs 3D instance segmentation on RGB-D scan data, learning to jointly fuse both 2D RGB input
features with 3D scan geometry features. In combination with a fully-convolutional approach enabling inference on full 3D
scans at test time, we achieve accurate inference for object bounding boxes, class labels, and instance masks.

Abstract

We introduce 3D-SIS, a novel neural network architec-
ture for 3D semantic instance segmentation in commodity
RGB-D scans. The core idea of our method is to jointly
learn from both geometric and color signal, thus enabling
accurate instance predictions. Rather than operate solely
on 2D frames, we observe that most computer vision appli-
cations have multi-view RGB-D input available, which we
leverage to construct an approach for 3D instance segmen-
tation that effectively fuses together these multi-modal in-
puts. Our network leverages high-resolution RGB input by
associating 2D images with the volumetric grid based on
the pose alignment of the 3D reconstruction. For each im-
age, we first extract 2D features for each pixel with a series
of 2D convolutions; we then backproject the resulting fea-
ture vector to the associated voxel in the 3D grid. This com-
bination of 2D and 3D feature learning allows significantly
higher accuracy object detection and instance segmentation
than state-of-the-art alternatives. We show results on both
synthetic and real-world public benchmarks, achieving an
improvement in mAP of over 13 on real-world data.

1. Introduction

Semantic scene understanding is critical to many real-
world computer vision applications. It is fundamental to-
wards enabling interactivity, which is core to robotics in
both indoor and outdoor settings, such as autonomous cars,
drones, and assistive robotics, as well as upcoming scenar-
ios using mobile and AR/VR devices. In all these applica-
tions, we would not only want semantic inference of single
images, but importantly, also require understanding of spa-
tial relationships and layouts of objects in 3D environments.

With recent breakthroughs in deep learning and the in-
creasing prominence of convolutional neural networks, the
computer vision community has made tremendous progress
on analyzing images in the recent years. Specifically, we are
seeing rapid progress in the tasks of semantic segmentation
[18, 12, 20], object detection [10, 25], and semantic instance
segmentation [11]. The primary focus of these impressive
works lies in the analysis of visual input from a single im-
age; however, in many real-world computer vision scenar-
ios, we rarely find ourselves in such a single-image setting.
Instead, we typically record video streams of RGB input
sequences, or as in many robotics and AR/VR applications,
we have 3D sensors such as LIDAR or RGB-D cameras.
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3D	Instance	Segmentation

2018

2 I. Cherabier, J.L. Schönberger, M.R. Oswald, M. Pollefeys, A. Geiger

Input Cost Häne et al. [12] (50 iters.) Ours (50 iters.)

Input Cost TV-L1 (1K iters.) Ours (50 iters.)

Fig. 1: Semantic 3D reconstruction results. We learn semantic and geometric
neighborhood statistics to handle large amounts of noise, outliers, and missing data.
Compared to traditional TV-L1 and the state of the art [12], our approach requires
significantly less iterations and memory. Besides, it handles much larger label sets.

are hand-tuned and very simplistic, thus not able to fully capture the complex
semantic and geometric dependencies of our 3D world. Furthermore, inference
in those models requires thousands of iterations for convergence, limiting the
applicability of these methods.

This work revisits the problem of jointly estimating geometry and semantics
in a multi-view 3D reconstruction setting as shown in Fig. 1. Our approach com-
bines the advantages of classical variational approaches [10, 12, 13] with recent
advances in deep learning [32,39], resulting in a method that is simple, generic,
and substantially more scalable than previous solutions. In addition, our ap-
proach allows for automatically learning 3D representations from much fewer
training data than existing learning-based solutions. As a result, our approach
runs orders of magnitude faster than variational methods while producing better
reconstructions. Moreover, memory requirements are significantly reduced allow-
ing for larger label spaces. In summary, we make the following contributions:
• We present a novel framework for multi-view semantic 3D reconstruction
which unifies the advantages of variational methods with those of deep neural
networks, resulting in a simple, generic, and powerful model.

• We propose a multi-scale optimization strategy which accelerates inference,
increases the receptive field, and allows long-distance information propagation.

• Compared to existing variational reconstruction methods [13], our approach
learns semantic and geometric relationships end-to-end from data. Compared
to fully convolutional architectures, our model is lightweight and can be trained
from as little as five scenes without overfitting. Besides, formerly required
manual and scene-dependent parameter tuning is no longer necessary and all
meta-parameters, such as step sizes, are learned implicitly.

• Our experiments demonstrate that our method is able to achieve high qual-
ity results with only 50 unrolled optimization iterations compared to several
thousands of iterations using traditional variational optimization.

Surface	Optimization	
+	Learnng

[Cherabier	et	al.	ECCV]
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Semantic 3D Reconstruction [Häne et	al.,	CVPR	2013]
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Semantic 3D Reconstruction [Häne et	al.,	CVPR	2013]
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v31
<latexit sha1_base64="jAXuZwkDcC1u4egICdilptA/9kw=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20sWy2k3bpZhN2N4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCooZNMMfRZIhLVCqlGwSX6hhuBrVQhjUOBzXB4N/ObI1SaJ/LRjFMMYtqXPOKMGiv5o673dNktV9yqOwdZJV5OKpCj3i1/dXoJy2KUhgmqddtzUxNMqDKcCZyWOpnGlLIh7WPbUklj1MFkfuyUnFmlR6JE2ZKGzNXfExMaaz2OQ9sZUzPQy95M/M9rZya6CSZcpplByRaLokwQk5DZ56THFTIjxpZQpri9lbABVZQZm0/JhuAtv7xKGhdVz616D1eV2m0eRxFO4BTOwYNrqME91MEHBhye4RXeHOm8OO/Ox6K14OQzx/AHzucPMLOOQw==</latexit><latexit sha1_base64="jAXuZwkDcC1u4egICdilptA/9kw=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20sWy2k3bpZhN2N4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCooZNMMfRZIhLVCqlGwSX6hhuBrVQhjUOBzXB4N/ObI1SaJ/LRjFMMYtqXPOKMGiv5o673dNktV9yqOwdZJV5OKpCj3i1/dXoJy2KUhgmqddtzUxNMqDKcCZyWOpnGlLIh7WPbUklj1MFkfuyUnFmlR6JE2ZKGzNXfExMaaz2OQ9sZUzPQy95M/M9rZya6CSZcpplByRaLokwQk5DZ56THFTIjxpZQpri9lbABVZQZm0/JhuAtv7xKGhdVz616D1eV2m0eRxFO4BTOwYNrqME91MEHBhye4RXeHOm8OO/Ox6K14OQzx/AHzucPMLOOQw==</latexit><latexit sha1_base64="jAXuZwkDcC1u4egICdilptA/9kw=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20sWy2k3bpZhN2N4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCooZNMMfRZIhLVCqlGwSX6hhuBrVQhjUOBzXB4N/ObI1SaJ/LRjFMMYtqXPOKMGiv5o673dNktV9yqOwdZJV5OKpCj3i1/dXoJy2KUhgmqddtzUxNMqDKcCZyWOpnGlLIh7WPbUklj1MFkfuyUnFmlR6JE2ZKGzNXfExMaaz2OQ9sZUzPQy95M/M9rZya6CSZcpplByRaLokwQk5DZ56THFTIjxpZQpri9lbABVZQZm0/JhuAtv7xKGhdVz616D1eV2m0eRxFO4BTOwYNrqME91MEHBhye4RXeHOm8OO/Ox6K14OQzx/AHzucPMLOOQw==</latexit><latexit sha1_base64="jAXuZwkDcC1u4egICdilptA/9kw=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20sWy2k3bpZhN2N4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCooZNMMfRZIhLVCqlGwSX6hhuBrVQhjUOBzXB4N/ObI1SaJ/LRjFMMYtqXPOKMGiv5o673dNktV9yqOwdZJV5OKpCj3i1/dXoJy2KUhgmqddtzUxNMqDKcCZyWOpnGlLIh7WPbUklj1MFkfuyUnFmlR6JE2ZKGzNXfExMaaz2OQ9sZUzPQy95M/M9rZya6CSZcpplByRaLokwQk5DZ56THFTIjxpZQpri9lbABVZQZm0/JhuAtv7xKGhdVz616D1eV2m0eRxFO4BTOwYNrqME91MEHBhye4RXeHOm8OO/Ox6K14OQzx/AHzucPMLOOQw==</latexit>

vm1
<latexit sha1_base64="cbay915g+RPHYcOSekCWZVypm7E=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuBc8iV6l6tf8OdAqCQpShQKNXuWr21ckE1RawrExncBPbZRjbRnhdFruZoammIzwgHYclVhQE+XzY6fo3Cl9lCjtSlo0V39P5FgYMxGx6xTYDs2yNxP/8zqZTW6inMk0s1SSxaIk48gqNPsc9ZmmxPKJI5ho5m5FZIg1JtblU3YhBMsvr5LmZS3wa8HDVbV+W8RRglM4gwsI4BrqcA8NCIEAg2d4hTdPei/eu/exaF3zipkT+APv8weIm459</latexit><latexit sha1_base64="cbay915g+RPHYcOSekCWZVypm7E=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuBc8iV6l6tf8OdAqCQpShQKNXuWr21ckE1RawrExncBPbZRjbRnhdFruZoammIzwgHYclVhQE+XzY6fo3Cl9lCjtSlo0V39P5FgYMxGx6xTYDs2yNxP/8zqZTW6inMk0s1SSxaIk48gqNPsc9ZmmxPKJI5ho5m5FZIg1JtblU3YhBMsvr5LmZS3wa8HDVbV+W8RRglM4gwsI4BrqcA8NCIEAg2d4hTdPei/eu/exaF3zipkT+APv8weIm459</latexit><latexit sha1_base64="cbay915g+RPHYcOSekCWZVypm7E=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuBc8iV6l6tf8OdAqCQpShQKNXuWr21ckE1RawrExncBPbZRjbRnhdFruZoammIzwgHYclVhQE+XzY6fo3Cl9lCjtSlo0V39P5FgYMxGx6xTYDs2yNxP/8zqZTW6inMk0s1SSxaIk48gqNPsc9ZmmxPKJI5ho5m5FZIg1JtblU3YhBMsvr5LmZS3wa8HDVbV+W8RRglM4gwsI4BrqcA8NCIEAg2d4hTdPei/eu/exaF3zipkT+APv8weIm459</latexit><latexit sha1_base64="cbay915g+RPHYcOSekCWZVypm7E=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuBc8iV6l6tf8OdAqCQpShQKNXuWr21ckE1RawrExncBPbZRjbRnhdFruZoammIzwgHYclVhQE+XzY6fo3Cl9lCjtSlo0V39P5FgYMxGx6xTYDs2yNxP/8zqZTW6inMk0s1SSxaIk48gqNPsc9ZmmxPKJI5ho5m5FZIg1JtblU3YhBMsvr5LmZS3wa8HDVbV+W8RRglM4gwsI4BrqcA8NCIEAg2d4hTdPei/eu/exaF3zipkT+APv8weIm459</latexit>

X
<latexit sha1_base64="GauA5oGsRS7QbOWcmn8rizNPsOA=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPZuqfrXm1/05yCoJClKDAs1+9as3iFmquEYmqbXdwE8wzKhBwSSfVXqp5QllEzriXUc1VdyG2fzWGTlzyoAMY+NKI5mrvycyqqydqsh1Kopju+zl4n9eN8XhdZgJnaTINVssGqaSYEzyx8lAGM5QTh2hzAh3K2FjaihDF0/FhRAsv7xK2hf1wK8H95e1xk0RRxlO4BTOIYAraMAdNKEFDMbwDK/w5invxXv3PhatJa+YOYY/8D5/ADHrjlM=</latexit><latexit sha1_base64="GauA5oGsRS7QbOWcmn8rizNPsOA=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPZuqfrXm1/05yCoJClKDAs1+9as3iFmquEYmqbXdwE8wzKhBwSSfVXqp5QllEzriXUc1VdyG2fzWGTlzyoAMY+NKI5mrvycyqqydqsh1Kopju+zl4n9eN8XhdZgJnaTINVssGqaSYEzyx8lAGM5QTh2hzAh3K2FjaihDF0/FhRAsv7xK2hf1wK8H95e1xk0RRxlO4BTOIYAraMAdNKEFDMbwDK/w5invxXv3PhatJa+YOYY/8D5/ADHrjlM=</latexit><latexit sha1_base64="GauA5oGsRS7QbOWcmn8rizNPsOA=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPZuqfrXm1/05yCoJClKDAs1+9as3iFmquEYmqbXdwE8wzKhBwSSfVXqp5QllEzriXUc1VdyG2fzWGTlzyoAMY+NKI5mrvycyqqydqsh1Kopju+zl4n9eN8XhdZgJnaTINVssGqaSYEzyx8lAGM5QTh2hzAh3K2FjaihDF0/FhRAsv7xK2hf1wK8H95e1xk0RRxlO4BTOIYAraMAdNKEFDMbwDK/w5invxXv3PhatJa+YOYY/8D5/ADHrjlM=</latexit><latexit sha1_base64="GauA5oGsRS7QbOWcmn8rizNPsOA=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPZuqfrXm1/05yCoJClKDAs1+9as3iFmquEYmqbXdwE8wzKhBwSSfVXqp5QllEzriXUc1VdyG2fzWGTlzyoAMY+NKI5mrvycyqqydqsh1Kopju+zl4n9eN8XhdZgJnaTINVssGqaSYEzyx8lAGM5QTh2hzAh3K2FjaihDF0/FhRAsv7xK2hf1wK8H95e1xk0RRxlO4BTOIYAraMAdNKEFDMbwDK/w5invxXv3PhatJa+YOYY/8D5/ADHrjlM=</latexit>
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vm2
<latexit sha1_base64="rHvkbA76Xx2dWq2TpOU5wo72Trs=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsN+3S3U3Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTto5TRahPYh6rbog15UxS3zDDaTdRFIuQ0044ucv9zpQqzWL5aGYJDQQeSRYxgo2V/Omg8SQG1ZpbdxdA68QrSA0KtAbVr/4wJqmg0hCOte55bmKCDCvDCKfzSj/VNMFkgke0Z6nEguogWxw7RxdWGaIoVrakQQv190SGhdYzEdpOgc1Yr3q5+J/XS010E2RMJqmhkiwXRSlHJkb552jIFCWGzyzBRDF7KyJjrDAxNp+KDcFbfXmdtBt1z617D1e15m0RRxnO4BwuwYNraMI9tMAHAgye4RXeHOm8OO/Ox7K15BQzp/AHzucPiiGOfg==</latexit><latexit sha1_base64="rHvkbA76Xx2dWq2TpOU5wo72Trs=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsN+3S3U3Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTto5TRahPYh6rbog15UxS3zDDaTdRFIuQ0044ucv9zpQqzWL5aGYJDQQeSRYxgo2V/Omg8SQG1ZpbdxdA68QrSA0KtAbVr/4wJqmg0hCOte55bmKCDCvDCKfzSj/VNMFkgke0Z6nEguogWxw7RxdWGaIoVrakQQv190SGhdYzEdpOgc1Yr3q5+J/XS010E2RMJqmhkiwXRSlHJkb552jIFCWGzyzBRDF7KyJjrDAxNp+KDcFbfXmdtBt1z617D1e15m0RRxnO4BwuwYNraMI9tMAHAgye4RXeHOm8OO/Ox7K15BQzp/AHzucPiiGOfg==</latexit><latexit sha1_base64="rHvkbA76Xx2dWq2TpOU5wo72Trs=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsN+3S3U3Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTto5TRahPYh6rbog15UxS3zDDaTdRFIuQ0044ucv9zpQqzWL5aGYJDQQeSRYxgo2V/Omg8SQG1ZpbdxdA68QrSA0KtAbVr/4wJqmg0hCOte55bmKCDCvDCKfzSj/VNMFkgke0Z6nEguogWxw7RxdWGaIoVrakQQv190SGhdYzEdpOgc1Yr3q5+J/XS010E2RMJqmhkiwXRSlHJkb552jIFCWGzyzBRDF7KyJjrDAxNp+KDcFbfXmdtBt1z617D1e15m0RRxnO4BwuwYNraMI9tMAHAgye4RXeHOm8OO/Ox7K15BQzp/AHzucPiiGOfg==</latexit><latexit sha1_base64="rHvkbA76Xx2dWq2TpOU5wo72Trs=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsN+3S3U3Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTto5TRahPYh6rbog15UxS3zDDaTdRFIuQ0044ucv9zpQqzWL5aGYJDQQeSRYxgo2V/Omg8SQG1ZpbdxdA68QrSA0KtAbVr/4wJqmg0hCOte55bmKCDCvDCKfzSj/VNMFkgke0Z6nEguogWxw7RxdWGaIoVrakQQv190SGhdYzEdpOgc1Yr3q5+J/XS010E2RMJqmhkiwXRSlHJkb552jIFCWGzyzBRDF7KyJjrDAxNp+KDcFbfXmdtBt1z617D1e15m0RRxnO4BwuwYNraMI9tMAHAgye4RXeHOm8OO/Ox7K15BQzp/AHzucPiiGOfg==</latexit>

vmk
<latexit sha1_base64="9QrE4S8ygFN1DdMj+IJ4qsJpymA=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuDd6Er1K1a/5c6BVEhSkCgUavcpXt69IJqi0hGNjOoGf2ijH2jLC6bTczQxNMRnhAe04KrGgJsrnx07RuVP6KFHalbRorv6eyLEwZiJi1ymwHZplbyb+53Uym9xEOZNpZqkki0VJxpFVaPY56jNNieUTRzDRzN2KyBBrTKzLp+xCCJZfXiXNy1rg14KHq2r9toijBKdwBhcQwDXU4R4aEAIBBs/wCm+e9F68d+9j0brmFTMn8Afe5w/g9463</latexit><latexit sha1_base64="9QrE4S8ygFN1DdMj+IJ4qsJpymA=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuDd6Er1K1a/5c6BVEhSkCgUavcpXt69IJqi0hGNjOoGf2ijH2jLC6bTczQxNMRnhAe04KrGgJsrnx07RuVP6KFHalbRorv6eyLEwZiJi1ymwHZplbyb+53Uym9xEOZNpZqkki0VJxpFVaPY56jNNieUTRzDRzN2KyBBrTKzLp+xCCJZfXiXNy1rg14KHq2r9toijBKdwBhcQwDXU4R4aEAIBBs/wCm+e9F68d+9j0brmFTMn8Afe5w/g9463</latexit><latexit sha1_base64="9QrE4S8ygFN1DdMj+IJ4qsJpymA=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuDd6Er1K1a/5c6BVEhSkCgUavcpXt69IJqi0hGNjOoGf2ijH2jLC6bTczQxNMRnhAe04KrGgJsrnx07RuVP6KFHalbRorv6eyLEwZiJi1ymwHZplbyb+53Uym9xEOZNpZqkki0VJxpFVaPY56jNNieUTRzDRzN2KyBBrTKzLp+xCCJZfXiXNy1rg14KHq2r9toijBKdwBhcQwDXU4R4aEAIBBs/wCm+e9F68d+9j0brmFTMn8Afe5w/g9463</latexit><latexit sha1_base64="9QrE4S8ygFN1DdMj+IJ4qsJpymA=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuDd6Er1K1a/5c6BVEhSkCgUavcpXt69IJqi0hGNjOoGf2ijH2jLC6bTczQxNMRnhAe04KrGgJsrnx07RuVP6KFHalbRorv6eyLEwZiJi1ymwHZplbyb+53Uym9xEOZNpZqkki0VJxpFVaPY56jNNieUTRzDRzN2KyBBrTKzLp+xCCJZfXiXNy1rg14KHq2r9toijBKdwBhcQwDXU4R4aEAIBBs/wCm+e9F68d+9j0brmFTMn8Afe5w/g9463</latexit>

v12
<latexit sha1_base64="iDEN9kg96wnzBbDl9KlIApwO5FY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsbgql9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJUyeZYuizRCSqHVKNgkv0DTcC26lCGocCW+Hobu63xqg0T+SjmaQYxHQgecQZNVbyx73ak9crV9yquwBZJ15OKpCj0St/dfsJy2KUhgmqdcdzUxNMqTKcCZyVupnGlLIRHWDHUklj1MF0ceyMXFilT6JE2ZKGLNTfE1Maaz2JQ9sZUzPUq95c/M/rZCa6CaZcpplByZaLokwQk5D556TPFTIjJpZQpri9lbAhVZQZm0/JhuCtvrxOmrWq51a9h6tK/TaPowhncA6X4ME11OEeGuADAw7P8ApvjnRenHfnY9lacPKZU/gD5/MHLzGOQg==</latexit><latexit sha1_base64="iDEN9kg96wnzBbDl9KlIApwO5FY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsbgql9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJUyeZYuizRCSqHVKNgkv0DTcC26lCGocCW+Hobu63xqg0T+SjmaQYxHQgecQZNVbyx73ak9crV9yquwBZJ15OKpCj0St/dfsJy2KUhgmqdcdzUxNMqTKcCZyVupnGlLIRHWDHUklj1MF0ceyMXFilT6JE2ZKGLNTfE1Maaz2JQ9sZUzPUq95c/M/rZCa6CaZcpplByZaLokwQk5D556TPFTIjJpZQpri9lbAhVZQZm0/JhuCtvrxOmrWq51a9h6tK/TaPowhncA6X4ME11OEeGuADAw7P8ApvjnRenHfnY9lacPKZU/gD5/MHLzGOQg==</latexit><latexit sha1_base64="iDEN9kg96wnzBbDl9KlIApwO5FY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsbgql9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJUyeZYuizRCSqHVKNgkv0DTcC26lCGocCW+Hobu63xqg0T+SjmaQYxHQgecQZNVbyx73ak9crV9yquwBZJ15OKpCj0St/dfsJy2KUhgmqdcdzUxNMqTKcCZyVupnGlLIRHWDHUklj1MF0ceyMXFilT6JE2ZKGLNTfE1Maaz2JQ9sZUzPUq95c/M/rZCa6CaZcpplByZaLokwQk5D556TPFTIjJpZQpri9lbAhVZQZm0/JhuCtvrxOmrWq51a9h6tK/TaPowhncA6X4ME11OEeGuADAw7P8ApvjnRenHfnY9lacPKZU/gD5/MHLzGOQg==</latexit><latexit sha1_base64="iDEN9kg96wnzBbDl9KlIApwO5FY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsbgql9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJUyeZYuizRCSqHVKNgkv0DTcC26lCGocCW+Hobu63xqg0T+SjmaQYxHQgecQZNVbyx73ak9crV9yquwBZJ15OKpCj0St/dfsJy2KUhgmqdcdzUxNMqTKcCZyVupnGlLIRHWDHUklj1MF0ceyMXFilT6JE2ZKGLNTfE1Maaz2JQ9sZUzPUq95c/M/rZCa6CaZcpplByZaLokwQk5D556TPFTIjJpZQpri9lbAhVZQZm0/JhuCtvrxOmrWq51a9h6tK/TaPowhncA6X4ME11OEeGuADAw7P8ApvjnRenHfnY9lacPKZU/gD5/MHLzGOQg==</latexit>

v22
<latexit sha1_base64="l7DV5Ljcfj7bmQo0K1xXbKFEd+Q=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lst+3SzSbsTgol9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSKFQdf9dgobm1vbO8Xd0t7+weFR+fikaeJUM+6zWMa6HVLDpVDcR4GStxPNaRRK3grHd3O/NeHaiFg94jThQUSHSgwEo2glf9KrPdV65YpbdRcg68TLSQVyNHrlr24/ZmnEFTJJjel4boJBRjUKJvms1E0NTygb0yHvWKpoxE2QLY6dkQur9Mkg1rYUkoX6eyKjkTHTKLSdEcWRWfXm4n9eJ8XBTZAJlaTIFVsuGqSSYEzmn5O+0JyhnFpCmRb2VsJGVFOGNp+SDcFbfXmdNGtVz616D1eV+m0eRxHO4BwuwYNrqMM9NMAHBgKe4RXeHOW8OO/Ox7K14OQzp/AHzucPMLWOQw==</latexit><latexit sha1_base64="l7DV5Ljcfj7bmQo0K1xXbKFEd+Q=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lst+3SzSbsTgol9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSKFQdf9dgobm1vbO8Xd0t7+weFR+fikaeJUM+6zWMa6HVLDpVDcR4GStxPNaRRK3grHd3O/NeHaiFg94jThQUSHSgwEo2glf9KrPdV65YpbdRcg68TLSQVyNHrlr24/ZmnEFTJJjel4boJBRjUKJvms1E0NTygb0yHvWKpoxE2QLY6dkQur9Mkg1rYUkoX6eyKjkTHTKLSdEcWRWfXm4n9eJ8XBTZAJlaTIFVsuGqSSYEzmn5O+0JyhnFpCmRb2VsJGVFOGNp+SDcFbfXmdNGtVz616D1eV+m0eRxHO4BwuwYNrqMM9NMAHBgKe4RXeHOW8OO/Ox7K14OQzp/AHzucPMLWOQw==</latexit><latexit sha1_base64="l7DV5Ljcfj7bmQo0K1xXbKFEd+Q=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lst+3SzSbsTgol9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSKFQdf9dgobm1vbO8Xd0t7+weFR+fikaeJUM+6zWMa6HVLDpVDcR4GStxPNaRRK3grHd3O/NeHaiFg94jThQUSHSgwEo2glf9KrPdV65YpbdRcg68TLSQVyNHrlr24/ZmnEFTJJjel4boJBRjUKJvms1E0NTygb0yHvWKpoxE2QLY6dkQur9Mkg1rYUkoX6eyKjkTHTKLSdEcWRWfXm4n9eJ8XBTZAJlaTIFVsuGqSSYEzmn5O+0JyhnFpCmRb2VsJGVFOGNp+SDcFbfXmdNGtVz616D1eV+m0eRxHO4BwuwYNrqMM9NMAHBgKe4RXeHOW8OO/Ox7K14OQzp/AHzucPMLWOQw==</latexit><latexit sha1_base64="l7DV5Ljcfj7bmQo0K1xXbKFEd+Q=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lst+3SzSbsTgol9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSKFQdf9dgobm1vbO8Xd0t7+weFR+fikaeJUM+6zWMa6HVLDpVDcR4GStxPNaRRK3grHd3O/NeHaiFg94jThQUSHSgwEo2glf9KrPdV65YpbdRcg68TLSQVyNHrlr24/ZmnEFTJJjel4boJBRjUKJvms1E0NTygb0yHvWKpoxE2QLY6dkQur9Mkg1rYUkoX6eyKjkTHTKLSdEcWRWfXm4n9eJ8XBTZAJlaTIFVsuGqSSYEzmn5O+0JyhnFpCmRb2VsJGVFOGNp+SDcFbfXmdNGtVz616D1eV+m0eRxHO4BwuwYNrqMM9NMAHBgKe4RXeHOW8OO/Ox7K14OQzp/AHzucPMLWOQw==</latexit>

v32
<latexit sha1_base64="bXkQdi4xssrJ8CeLsFC8oani32E=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48VTC20sWy2m3bpZhN2J4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lfwyHtzP/ccS1EYl6wHHKg5j2lYgEo2glf9StPV10yxW36s5BVomXkwrkaHTLX51ewrKYK2SSGtP23BSDCdUomOTTUiczPKVsSPu8bamiMTfBZH7slJxZpUeiRNtSSObq74kJjY0Zx6HtjCkOzLI3E//z2hlG18FEqDRDrthiUZRJggmZfU56QnOGcmwJZVrYWwkbUE0Z2nxKNgRv+eVV0qxVPbfq3V9W6jd5HEU4gVM4Bw+uoA530AAfGAh4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/MjmORA==</latexit><latexit sha1_base64="bXkQdi4xssrJ8CeLsFC8oani32E=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48VTC20sWy2m3bpZhN2J4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lfwyHtzP/ccS1EYl6wHHKg5j2lYgEo2glf9StPV10yxW36s5BVomXkwrkaHTLX51ewrKYK2SSGtP23BSDCdUomOTTUiczPKVsSPu8bamiMTfBZH7slJxZpUeiRNtSSObq74kJjY0Zx6HtjCkOzLI3E//z2hlG18FEqDRDrthiUZRJggmZfU56QnOGcmwJZVrYWwkbUE0Z2nxKNgRv+eVV0qxVPbfq3V9W6jd5HEU4gVM4Bw+uoA530AAfGAh4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/MjmORA==</latexit><latexit sha1_base64="bXkQdi4xssrJ8CeLsFC8oani32E=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48VTC20sWy2m3bpZhN2J4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lfwyHtzP/ccS1EYl6wHHKg5j2lYgEo2glf9StPV10yxW36s5BVomXkwrkaHTLX51ewrKYK2SSGtP23BSDCdUomOTTUiczPKVsSPu8bamiMTfBZH7slJxZpUeiRNtSSObq74kJjY0Zx6HtjCkOzLI3E//z2hlG18FEqDRDrthiUZRJggmZfU56QnOGcmwJZVrYWwkbUE0Z2nxKNgRv+eVV0qxVPbfq3V9W6jd5HEU4gVM4Bw+uoA530AAfGAh4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/MjmORA==</latexit><latexit sha1_base64="bXkQdi4xssrJ8CeLsFC8oani32E=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48VTC20sWy2m3bpZhN2J4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lfwyHtzP/ccS1EYl6wHHKg5j2lYgEo2glf9StPV10yxW36s5BVomXkwrkaHTLX51ewrKYK2SSGtP23BSDCdUomOTTUiczPKVsSPu8bamiMTfBZH7slJxZpUeiRNtSSObq74kJjY0Zx6HtjCkOzLI3E//z2hlG18FEqDRDrthiUZRJggmZfU56QnOGcmwJZVrYWwkbUE0Z2nxKNgRv+eVV0qxVPbfq3V9W6jd5HEU4gVM4Bw+uoA530AAfGAh4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/MjmORA==</latexit>

v1k
<latexit sha1_base64="F5nVGWPEo8x6+iMXUC9hFKTXV6g=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68VjBtIU2ls120y7dbMLupFBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB03TZJpxn2WyES3Q2q4FIr7KFDydqo5jUPJW+Hobua3xlwbkahHnKQ8iOlAiUgwilbyx73Rk9erVN2aOwdZJV5BqlCg0at8dfsJy2KukElqTMdzUwxyqlEwyaflbmZ4StmIDnjHUkVjboJ8fuyUnFulT6JE21JI5urviZzGxkzi0HbGFIdm2ZuJ/3mdDKObIBcqzZArtlgUZZJgQmafk77QnKGcWEKZFvZWwoZUU4Y2n7INwVt+eZU0L2ueW/Merqr12yKOEpzCGVyAB9dQh3togA8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz+GB457</latexit><latexit sha1_base64="F5nVGWPEo8x6+iMXUC9hFKTXV6g=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68VjBtIU2ls120y7dbMLupFBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB03TZJpxn2WyES3Q2q4FIr7KFDydqo5jUPJW+Hobua3xlwbkahHnKQ8iOlAiUgwilbyx73Rk9erVN2aOwdZJV5BqlCg0at8dfsJy2KukElqTMdzUwxyqlEwyaflbmZ4StmIDnjHUkVjboJ8fuyUnFulT6JE21JI5urviZzGxkzi0HbGFIdm2ZuJ/3mdDKObIBcqzZArtlgUZZJgQmafk77QnKGcWEKZFvZWwoZUU4Y2n7INwVt+eZU0L2ueW/Merqr12yKOEpzCGVyAB9dQh3togA8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz+GB457</latexit><latexit sha1_base64="F5nVGWPEo8x6+iMXUC9hFKTXV6g=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68VjBtIU2ls120y7dbMLupFBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB03TZJpxn2WyES3Q2q4FIr7KFDydqo5jUPJW+Hobua3xlwbkahHnKQ8iOlAiUgwilbyx73Rk9erVN2aOwdZJV5BqlCg0at8dfsJy2KukElqTMdzUwxyqlEwyaflbmZ4StmIDnjHUkVjboJ8fuyUnFulT6JE21JI5urviZzGxkzi0HbGFIdm2ZuJ/3mdDKObIBcqzZArtlgUZZJgQmafk77QnKGcWEKZFvZWwoZUU4Y2n7INwVt+eZU0L2ueW/Merqr12yKOEpzCGVyAB9dQh3togA8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz+GB457</latexit><latexit sha1_base64="F5nVGWPEo8x6+iMXUC9hFKTXV6g=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KokIeix68VjBtIU2ls120y7dbMLupFBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB03TZJpxn2WyES3Q2q4FIr7KFDydqo5jUPJW+Hobua3xlwbkahHnKQ8iOlAiUgwilbyx73Rk9erVN2aOwdZJV5BqlCg0at8dfsJy2KukElqTMdzUwxyqlEwyaflbmZ4StmIDnjHUkVjboJ8fuyUnFulT6JE21JI5urviZzGxkzi0HbGFIdm2ZuJ/3mdDKObIBcqzZArtlgUZZJgQmafk77QnKGcWEKZFvZWwoZUU4Y2n7INwVt+eZU0L2ueW/Merqr12yKOEpzCGVyAB9dQh3togA8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz+GB457</latexit>

v2k
<latexit sha1_base64="KFBspZMzKGnlZOxc33srmTFBviQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsp+3SzSbsbgol9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSK4Nq777RQ2Nre2d4q7pb39g8Oj8vFJU8epYuizWMSqHVKNgkv0DTcC24lCGoUCW+H4bu63Jqg0j+WjmSYYRHQo+YAzaqzkT3rjp1qvXHGr7gJknXg5qUCORq/81e3HLI1QGiao1h3PTUyQUWU4EzgrdVONCWVjOsSOpZJGqINsceyMXFilTwaxsiUNWai/JzIaaT2NQtsZUTPSq95c/M/rpGZwE2RcJqlByZaLBqkgJibzz0mfK2RGTC2hTHF7K2EjqigzNp+SDcFbfXmdNGtVz616D1eV+m0eRxHO4BwuwYNrqMM9NMAHBhye4RXeHOm8OO/Ox7K14OQzp/AHzucPh4uOfA==</latexit><latexit sha1_base64="KFBspZMzKGnlZOxc33srmTFBviQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsp+3SzSbsbgol9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSK4Nq777RQ2Nre2d4q7pb39g8Oj8vFJU8epYuizWMSqHVKNgkv0DTcC24lCGoUCW+H4bu63Jqg0j+WjmSYYRHQo+YAzaqzkT3rjp1qvXHGr7gJknXg5qUCORq/81e3HLI1QGiao1h3PTUyQUWU4EzgrdVONCWVjOsSOpZJGqINsceyMXFilTwaxsiUNWai/JzIaaT2NQtsZUTPSq95c/M/rpGZwE2RcJqlByZaLBqkgJibzz0mfK2RGTC2hTHF7K2EjqigzNp+SDcFbfXmdNGtVz616D1eV+m0eRxHO4BwuwYNrqMM9NMAHBhye4RXeHOm8OO/Ox7K14OQzp/AHzucPh4uOfA==</latexit><latexit sha1_base64="KFBspZMzKGnlZOxc33srmTFBviQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsp+3SzSbsbgol9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSK4Nq777RQ2Nre2d4q7pb39g8Oj8vFJU8epYuizWMSqHVKNgkv0DTcC24lCGoUCW+H4bu63Jqg0j+WjmSYYRHQo+YAzaqzkT3rjp1qvXHGr7gJknXg5qUCORq/81e3HLI1QGiao1h3PTUyQUWU4EzgrdVONCWVjOsSOpZJGqINsceyMXFilTwaxsiUNWai/JzIaaT2NQtsZUTPSq95c/M/rpGZwE2RcJqlByZaLBqkgJibzz0mfK2RGTC2hTHF7K2EjqigzNp+SDcFbfXmdNGtVz616D1eV+m0eRxHO4BwuwYNrqMM9NMAHBhye4RXeHOm8OO/Ox7K14OQzp/AHzucPh4uOfA==</latexit><latexit sha1_base64="KFBspZMzKGnlZOxc33srmTFBviQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsp+3SzSbsbgol9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSK4Nq777RQ2Nre2d4q7pb39g8Oj8vFJU8epYuizWMSqHVKNgkv0DTcC24lCGoUCW+H4bu63Jqg0j+WjmSYYRHQo+YAzaqzkT3rjp1qvXHGr7gJknXg5qUCORq/81e3HLI1QGiao1h3PTUyQUWU4EzgrdVONCWVjOsSOpZJGqINsceyMXFilTwaxsiUNWai/JzIaaT2NQtsZUTPSq95c/M/rpGZwE2RcJqlByZaLBqkgJibzz0mfK2RGTC2hTHF7K2EjqigzNp+SDcFbfXmdNGtVz616D1eV+m0eRxHO4BwuwYNrqMM9NMAHBhye4RXeHOm8OO/Ox7K14OQzp/AHzucPh4uOfA==</latexit>

v3k
<latexit sha1_base64="ftMGII9csHMyyq2qhO16G4tLnvk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20sWy2m3bpZhN2J4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lb4bDu5nfHHFtRKIecZzyIKZ9JSLBKFrJH3WHT5fdcsWtunOQVeLlpAI56t3yV6eXsCzmCpmkxrQ9N8VgQjUKJvm01MkMTykb0j5vW6pozE0wmR87JWdW6ZEo0bYUkrn6e2JCY2PGcWg7Y4oDs+zNxP+8dobRTTARKs2QK7ZYFGWSYEJmn5Oe0JyhHFtCmRb2VsIGVFOGNp+SDcFbfnmVNC6qnlv1Hq4qtds8jiKcwCmcgwfXUIN7qIMPDAQ8wyu8Ocp5cd6dj0VrwclnjuEPnM8fiQ+OfQ==</latexit><latexit sha1_base64="ftMGII9csHMyyq2qhO16G4tLnvk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20sWy2m3bpZhN2J4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lb4bDu5nfHHFtRKIecZzyIKZ9JSLBKFrJH3WHT5fdcsWtunOQVeLlpAI56t3yV6eXsCzmCpmkxrQ9N8VgQjUKJvm01MkMTykb0j5vW6pozE0wmR87JWdW6ZEo0bYUkrn6e2JCY2PGcWg7Y4oDs+zNxP+8dobRTTARKs2QK7ZYFGWSYEJmn5Oe0JyhHFtCmRb2VsIGVFOGNp+SDcFbfnmVNC6qnlv1Hq4qtds8jiKcwCmcgwfXUIN7qIMPDAQ8wyu8Ocp5cd6dj0VrwclnjuEPnM8fiQ+OfQ==</latexit><latexit sha1_base64="ftMGII9csHMyyq2qhO16G4tLnvk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20sWy2m3bpZhN2J4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lb4bDu5nfHHFtRKIecZzyIKZ9JSLBKFrJH3WHT5fdcsWtunOQVeLlpAI56t3yV6eXsCzmCpmkxrQ9N8VgQjUKJvm01MkMTykb0j5vW6pozE0wmR87JWdW6ZEo0bYUkrn6e2JCY2PGcWg7Y4oDs+zNxP+8dobRTTARKs2QK7ZYFGWSYEJmn5Oe0JyhHFtCmRb2VsIGVFOGNp+SDcFbfnmVNC6qnlv1Hq4qtds8jiKcwCmcgwfXUIN7qIMPDAQ8wyu8Ocp5cd6dj0VrwclnjuEPnM8fiQ+OfQ==</latexit><latexit sha1_base64="ftMGII9csHMyyq2qhO16G4tLnvk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20sWy2m3bpZhN2J4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lb4bDu5nfHHFtRKIecZzyIKZ9JSLBKFrJH3WHT5fdcsWtunOQVeLlpAI56t3yV6eXsCzmCpmkxrQ9N8VgQjUKJvm01MkMTykb0j5vW6pozE0wmR87JWdW6ZEo0bYUkrn6e2JCY2PGcWg7Y4oDs+zNxP+8dobRTTARKs2QK7ZYFGWSYEJmn5Oe0JyhHFtCmRb2VsIGVFOGNp+SDcFbfnmVNC6qnlv1Hq4qtds8jiKcwCmcgwfXUIN7qIMPDAQ8wyu8Ocp5cd6dj0VrwclnjuEPnM8fiQ+OfQ==</latexit>

… …

+

skip

PD1

+

+

skip

skip

PD2 PD3 PDT

avg.	pooling

avg.	pooling

…

…

…

PD1 PD2 PD3 PDT

PD1 PD2 PD3 PDT

Output+

skip

Multi-label segmentation/
3D reconstruction

Sattel-point problem

Iterate primal-dual
update steps

[Cherabier,	Schönberger et	al.,	ECCV	2018]
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Semantic 3D Reconstruction

TV-L1	(50	iter.)Ground Truth Ours-300	(50	iter.)Ours-5	(50	iter.)

Results	on	ScanNet	dataset	(40	labels)

[Cherabier,	Schönberger et	al.,	ECCV	2018]
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Multi-Sensor Depth Map Fusion

Sensor	1

Sensor	2

Sensor	k

TSDF	Fusion

Feature
Aggregation

…

…

Images

Features 5	x	FC+ReLU

f1

c1v21<latexit sha1_base64="7/zxhJef7yQgHmPGx+Jei9NJQrg=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsbgql9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJUyeZYuizRCSqHVKNgkv0DTcC26lCGocCW+Hobu63xqg0T+SjmaQYxHQgecQZNVbyxz3vqdYrV9yquwBZJ15OKpCj0St/dfsJy2KUhgmqdcdzUxNMqTKcCZyVupnGlLIRHWDHUklj1MF0ceyMXFilT6JE2ZKGLNTfE1Maaz2JQ9sZUzPUq95c/M/rZCa6CaZcpplByZaLokwQk5D556TPFTIjJpZQpri9lbAhVZQZm0/JhuCtvrxOmrWq51a9h6tK/TaPowhncA6X4ME11OEeGuADAw7P8ApvjnRenHfnY9lacPKZU/gD5/MHLy+OQg==</latexit><latexit sha1_base64="7/zxhJef7yQgHmPGx+Jei9NJQrg=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsbgql9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJUyeZYuizRCSqHVKNgkv0DTcC26lCGocCW+Hobu63xqg0T+SjmaQYxHQgecQZNVbyxz3vqdYrV9yquwBZJ15OKpCj0St/dfsJy2KUhgmqdcdzUxNMqTKcCZyVupnGlLIRHWDHUklj1MF0ceyMXFilT6JE2ZKGLNTfE1Maaz2JQ9sZUzPUq95c/M/rZCa6CaZcpplByZaLokwQk5D556TPFTIjJpZQpri9lbAhVZQZm0/JhuCtvrxOmrWq51a9h6tK/TaPowhncA6X4ME11OEeGuADAw7P8ApvjnRenHfnY9lacPKZU/gD5/MHLy+OQg==</latexit><latexit sha1_base64="7/zxhJef7yQgHmPGx+Jei9NJQrg=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsbgql9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJUyeZYuizRCSqHVKNgkv0DTcC26lCGocCW+Hobu63xqg0T+SjmaQYxHQgecQZNVbyxz3vqdYrV9yquwBZJ15OKpCj0St/dfsJy2KUhgmqdcdzUxNMqTKcCZyVupnGlLIRHWDHUklj1MF0ceyMXFilT6JE2ZKGLNTfE1Maaz2JQ9sZUzPUq95c/M/rZCa6CaZcpplByZaLokwQk5D556TPFTIjJpZQpri9lbAhVZQZm0/JhuCtvrxOmrWq51a9h6tK/TaPowhncA6X4ME11OEeGuADAw7P8ApvjnRenHfnY9lacPKZU/gD5/MHLy+OQg==</latexit><latexit sha1_base64="7/zxhJef7yQgHmPGx+Jei9NJQrg=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsbgql9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJUyeZYuizRCSqHVKNgkv0DTcC26lCGocCW+Hobu63xqg0T+SjmaQYxHQgecQZNVbyxz3vqdYrV9yquwBZJ15OKpCj0St/dfsJy2KUhgmqdcdzUxNMqTKcCZyVupnGlLIRHWDHUklj1MF0ceyMXFilT6JE2ZKGLNTfE1Maaz2JQ9sZUzPUq95c/M/rZCa6CaZcpplByZaLokwQk5D556TPFTIjJpZQpri9lbAhVZQZm0/JhuCtvrxOmrWq51a9h6tK/TaPowhncA6X4ME11OEeGuADAw7P8ApvjnRenHfnY9lacPKZU/gD5/MHLy+OQg==</latexit>

v11<latexit sha1_base64="UpEN1PkaVeNkF+kLUMWcAn5vTno=">AAAB7HicbVBNSwMxEJ31s9avqkcvwSJ4KhsR9Fj04rGC2xbatWTTbBuaTZYkWyhLf4MXD4p49Qd589+YtnvQ1gcDj/dmmJkXpYIb6/vf3tr6xubWdmmnvLu3f3BYOTpuGpVpygKqhNLtiBgmuGSB5VawdqoZSSLBWtHobua3xkwbruSjnaQsTMhA8phTYp0UjHv4CfcqVb/mz4FWCS5IFQo0epWvbl/RLGHSUkGM6WA/tWFOtOVUsGm5mxmWEjoiA9ZxVJKEmTCfHztF507po1hpV9Kiufp7IieJMZMkcp0JsUOz7M3E/7xOZuObMOcyzSyTdLEozgSyCs0+R32uGbVi4gihmrtbER0STah1+ZRdCHj55VXSvKxhv4Yfrqr12yKOEpzCGVwAhmuowz00IAAKHJ7hFd486b14797HonXNK2ZO4A+8zx8tq45B</latexit><latexit sha1_base64="UpEN1PkaVeNkF+kLUMWcAn5vTno=">AAAB7HicbVBNSwMxEJ31s9avqkcvwSJ4KhsR9Fj04rGC2xbatWTTbBuaTZYkWyhLf4MXD4p49Qd589+YtnvQ1gcDj/dmmJkXpYIb6/vf3tr6xubWdmmnvLu3f3BYOTpuGpVpygKqhNLtiBgmuGSB5VawdqoZSSLBWtHobua3xkwbruSjnaQsTMhA8phTYp0UjHv4CfcqVb/mz4FWCS5IFQo0epWvbl/RLGHSUkGM6WA/tWFOtOVUsGm5mxmWEjoiA9ZxVJKEmTCfHztF507po1hpV9Kiufp7IieJMZMkcp0JsUOz7M3E/7xOZuObMOcyzSyTdLEozgSyCs0+R32uGbVi4gihmrtbER0STah1+ZRdCHj55VXSvKxhv4Yfrqr12yKOEpzCGVwAhmuowz00IAAKHJ7hFd486b14797HonXNK2ZO4A+8zx8tq45B</latexit><latexit sha1_base64="UpEN1PkaVeNkF+kLUMWcAn5vTno=">AAAB7HicbVBNSwMxEJ31s9avqkcvwSJ4KhsR9Fj04rGC2xbatWTTbBuaTZYkWyhLf4MXD4p49Qd589+YtnvQ1gcDj/dmmJkXpYIb6/vf3tr6xubWdmmnvLu3f3BYOTpuGpVpygKqhNLtiBgmuGSB5VawdqoZSSLBWtHobua3xkwbruSjnaQsTMhA8phTYp0UjHv4CfcqVb/mz4FWCS5IFQo0epWvbl/RLGHSUkGM6WA/tWFOtOVUsGm5mxmWEjoiA9ZxVJKEmTCfHztF507po1hpV9Kiufp7IieJMZMkcp0JsUOz7M3E/7xOZuObMOcyzSyTdLEozgSyCs0+R32uGbVi4gihmrtbER0STah1+ZRdCHj55VXSvKxhv4Yfrqr12yKOEpzCGVwAhmuowz00IAAKHJ7hFd486b14797HonXNK2ZO4A+8zx8tq45B</latexit><latexit sha1_base64="UpEN1PkaVeNkF+kLUMWcAn5vTno=">AAAB7HicbVBNSwMxEJ31s9avqkcvwSJ4KhsR9Fj04rGC2xbatWTTbBuaTZYkWyhLf4MXD4p49Qd589+YtnvQ1gcDj/dmmJkXpYIb6/vf3tr6xubWdmmnvLu3f3BYOTpuGpVpygKqhNLtiBgmuGSB5VawdqoZSSLBWtHobua3xkwbruSjnaQsTMhA8phTYp0UjHv4CfcqVb/mz4FWCS5IFQo0epWvbl/RLGHSUkGM6WA/tWFOtOVUsGm5mxmWEjoiA9ZxVJKEmTCfHztF507po1hpV9Kiufp7IieJMZMkcp0JsUOz7M3E/7xOZuObMOcyzSyTdLEozgSyCs0+R32uGbVi4gihmrtbER0STah1+ZRdCHj55VXSvKxhv4Yfrqr12yKOEpzCGVwAhmuowz00IAAKHJ7hFd486b14797HonXNK2ZO4A+8zx8tq45B</latexit>

v31<latexit sha1_base64="jAXuZwkDcC1u4egICdilptA/9kw=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20sWy2k3bpZhN2N4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCooZNMMfRZIhLVCqlGwSX6hhuBrVQhjUOBzXB4N/ObI1SaJ/LRjFMMYtqXPOKMGiv5o673dNktV9yqOwdZJV5OKpCj3i1/dXoJy2KUhgmqddtzUxNMqDKcCZyWOpnGlLIh7WPbUklj1MFkfuyUnFmlR6JE2ZKGzNXfExMaaz2OQ9sZUzPQy95M/M9rZya6CSZcpplByRaLokwQk5DZ56THFTIjxpZQpri9lbABVZQZm0/JhuAtv7xKGhdVz616D1eV2m0eRxFO4BTOwYNrqME91MEHBhye4RXeHOm8OO/Ox6K14OQzx/AHzucPMLOOQw==</latexit><latexit sha1_base64="jAXuZwkDcC1u4egICdilptA/9kw=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20sWy2k3bpZhN2N4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCooZNMMfRZIhLVCqlGwSX6hhuBrVQhjUOBzXB4N/ObI1SaJ/LRjFMMYtqXPOKMGiv5o673dNktV9yqOwdZJV5OKpCj3i1/dXoJy2KUhgmqddtzUxNMqDKcCZyWOpnGlLIh7WPbUklj1MFkfuyUnFmlR6JE2ZKGzNXfExMaaz2OQ9sZUzPQy95M/M9rZya6CSZcpplByRaLokwQk5DZ56THFTIjxpZQpri9lbABVZQZm0/JhuAtv7xKGhdVz616D1eV2m0eRxFO4BTOwYNrqME91MEHBhye4RXeHOm8OO/Ox6K14OQzx/AHzucPMLOOQw==</latexit><latexit sha1_base64="jAXuZwkDcC1u4egICdilptA/9kw=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20sWy2k3bpZhN2N4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCooZNMMfRZIhLVCqlGwSX6hhuBrVQhjUOBzXB4N/ObI1SaJ/LRjFMMYtqXPOKMGiv5o673dNktV9yqOwdZJV5OKpCj3i1/dXoJy2KUhgmqddtzUxNMqDKcCZyWOpnGlLIh7WPbUklj1MFkfuyUnFmlR6JE2ZKGzNXfExMaaz2OQ9sZUzPQy95M/M9rZya6CSZcpplByRaLokwQk5DZ56THFTIjxpZQpri9lbABVZQZm0/JhuAtv7xKGhdVz616D1eV2m0eRxFO4BTOwYNrqME91MEHBhye4RXeHOm8OO/Ox6K14OQzx/AHzucPMLOOQw==</latexit><latexit sha1_base64="jAXuZwkDcC1u4egICdilptA/9kw=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cKpi20sWy2k3bpZhN2N4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCooZNMMfRZIhLVCqlGwSX6hhuBrVQhjUOBzXB4N/ObI1SaJ/LRjFMMYtqXPOKMGiv5o673dNktV9yqOwdZJV5OKpCj3i1/dXoJy2KUhgmqddtzUxNMqDKcCZyWOpnGlLIh7WPbUklj1MFkfuyUnFmlR6JE2ZKGzNXfExMaaz2OQ9sZUzPQy95M/M9rZya6CSZcpplByRaLokwQk5DZ56THFTIjxpZQpri9lbABVZQZm0/JhuAtv7xKGhdVz616D1eV2m0eRxFO4BTOwYNrqME91MEHBhye4RXeHOm8OO/Ox6K14OQzx/AHzucPMLOOQw==</latexit>

vm1
<latexit sha1_base64="cbay915g+RPHYcOSekCWZVypm7E=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuBc8iV6l6tf8OdAqCQpShQKNXuWr21ckE1RawrExncBPbZRjbRnhdFruZoammIzwgHYclVhQE+XzY6fo3Cl9lCjtSlo0V39P5FgYMxGx6xTYDs2yNxP/8zqZTW6inMk0s1SSxaIk48gqNPsc9ZmmxPKJI5ho5m5FZIg1JtblU3YhBMsvr5LmZS3wa8HDVbV+W8RRglM4gwsI4BrqcA8NCIEAg2d4hTdPei/eu/exaF3zipkT+APv8weIm459</latexit><latexit sha1_base64="cbay915g+RPHYcOSekCWZVypm7E=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuBc8iV6l6tf8OdAqCQpShQKNXuWr21ckE1RawrExncBPbZRjbRnhdFruZoammIzwgHYclVhQE+XzY6fo3Cl9lCjtSlo0V39P5FgYMxGx6xTYDs2yNxP/8zqZTW6inMk0s1SSxaIk48gqNPsc9ZmmxPKJI5ho5m5FZIg1JtblU3YhBMsvr5LmZS3wa8HDVbV+W8RRglM4gwsI4BrqcA8NCIEAg2d4hTdPei/eu/exaF3zipkT+APv8weIm459</latexit><latexit sha1_base64="cbay915g+RPHYcOSekCWZVypm7E=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuBc8iV6l6tf8OdAqCQpShQKNXuWr21ckE1RawrExncBPbZRjbRnhdFruZoammIzwgHYclVhQE+XzY6fo3Cl9lCjtSlo0V39P5FgYMxGx6xTYDs2yNxP/8zqZTW6inMk0s1SSxaIk48gqNPsc9ZmmxPKJI5ho5m5FZIg1JtblU3YhBMsvr5LmZS3wa8HDVbV+W8RRglM4gwsI4BrqcA8NCIEAg2d4hTdPei/eu/exaF3zipkT+APv8weIm459</latexit><latexit sha1_base64="cbay915g+RPHYcOSekCWZVypm7E=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuBc8iV6l6tf8OdAqCQpShQKNXuWr21ckE1RawrExncBPbZRjbRnhdFruZoammIzwgHYclVhQE+XzY6fo3Cl9lCjtSlo0V39P5FgYMxGx6xTYDs2yNxP/8zqZTW6inMk0s1SSxaIk48gqNPsc9ZmmxPKJI5ho5m5FZIg1JtblU3YhBMsvr5LmZS3wa8HDVbV+W8RRglM4gwsI4BrqcA8NCIEAg2d4hTdPei/eu/exaF3zipkT+APv8weIm459</latexit>

X
<latexit sha1_base64="GauA5oGsRS7QbOWcmn8rizNPsOA=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPZuqfrXm1/05yCoJClKDAs1+9as3iFmquEYmqbXdwE8wzKhBwSSfVXqp5QllEzriXUc1VdyG2fzWGTlzyoAMY+NKI5mrvycyqqydqsh1Kopju+zl4n9eN8XhdZgJnaTINVssGqaSYEzyx8lAGM5QTh2hzAh3K2FjaihDF0/FhRAsv7xK2hf1wK8H95e1xk0RRxlO4BTOIYAraMAdNKEFDMbwDK/w5invxXv3PhatJa+YOYY/8D5/ADHrjlM=</latexit><latexit sha1_base64="GauA5oGsRS7QbOWcmn8rizNPsOA=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPZuqfrXm1/05yCoJClKDAs1+9as3iFmquEYmqbXdwE8wzKhBwSSfVXqp5QllEzriXUc1VdyG2fzWGTlzyoAMY+NKI5mrvycyqqydqsh1Kopju+zl4n9eN8XhdZgJnaTINVssGqaSYEzyx8lAGM5QTh2hzAh3K2FjaihDF0/FhRAsv7xK2hf1wK8H95e1xk0RRxlO4BTOIYAraMAdNKEFDMbwDK/w5invxXv3PhatJa+YOYY/8D5/ADHrjlM=</latexit><latexit sha1_base64="GauA5oGsRS7QbOWcmn8rizNPsOA=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPZuqfrXm1/05yCoJClKDAs1+9as3iFmquEYmqbXdwE8wzKhBwSSfVXqp5QllEzriXUc1VdyG2fzWGTlzyoAMY+NKI5mrvycyqqydqsh1Kopju+zl4n9eN8XhdZgJnaTINVssGqaSYEzyx8lAGM5QTh2hzAh3K2FjaihDF0/FhRAsv7xK2hf1wK8H95e1xk0RRxlO4BTOIYAraMAdNKEFDMbwDK/w5invxXv3PhatJa+YOYY/8D5/ADHrjlM=</latexit><latexit sha1_base64="GauA5oGsRS7QbOWcmn8rizNPsOA=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoNgFe5E0DJoYxnBxEByhL3NJlmyu3fszgnhyF+wsVDE1j9k579xL7lCEx8MPN6bYWZelEhh0fe/vdLa+sbmVnm7srO7t39QPTxq2zg1jLdYLGPTiajlUmjeQoGSdxLDqYokf4wmt7n/+MSNFbF+wGnCQ0VHWgwFo5hLPZuqfrXm1/05yCoJClKDAs1+9as3iFmquEYmqbXdwE8wzKhBwSSfVXqp5QllEzriXUc1VdyG2fzWGTlzyoAMY+NKI5mrvycyqqydqsh1Kopju+zl4n9eN8XhdZgJnaTINVssGqaSYEzyx8lAGM5QTh2hzAh3K2FjaihDF0/FhRAsv7xK2hf1wK8H95e1xk0RRxlO4BTOIYAraMAdNKEFDMbwDK/w5invxXv3PhatJa+YOYY/8D5/ADHrjlM=</latexit>
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vm2
<latexit sha1_base64="rHvkbA76Xx2dWq2TpOU5wo72Trs=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsN+3S3U3Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTto5TRahPYh6rbog15UxS3zDDaTdRFIuQ0044ucv9zpQqzWL5aGYJDQQeSRYxgo2V/Omg8SQG1ZpbdxdA68QrSA0KtAbVr/4wJqmg0hCOte55bmKCDCvDCKfzSj/VNMFkgke0Z6nEguogWxw7RxdWGaIoVrakQQv190SGhdYzEdpOgc1Yr3q5+J/XS010E2RMJqmhkiwXRSlHJkb552jIFCWGzyzBRDF7KyJjrDAxNp+KDcFbfXmdtBt1z617D1e15m0RRxnO4BwuwYNraMI9tMAHAgye4RXeHOm8OO/Ox7K15BQzp/AHzucPiiGOfg==</latexit><latexit sha1_base64="rHvkbA76Xx2dWq2TpOU5wo72Trs=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsN+3S3U3Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTto5TRahPYh6rbog15UxS3zDDaTdRFIuQ0044ucv9zpQqzWL5aGYJDQQeSRYxgo2V/Omg8SQG1ZpbdxdA68QrSA0KtAbVr/4wJqmg0hCOte55bmKCDCvDCKfzSj/VNMFkgke0Z6nEguogWxw7RxdWGaIoVrakQQv190SGhdYzEdpOgc1Yr3q5+J/XS010E2RMJqmhkiwXRSlHJkb552jIFCWGzyzBRDF7KyJjrDAxNp+KDcFbfXmdtBt1z617D1e15m0RRxnO4BwuwYNraMI9tMAHAgye4RXeHOm8OO/Ox7K15BQzp/AHzucPiiGOfg==</latexit><latexit sha1_base64="rHvkbA76Xx2dWq2TpOU5wo72Trs=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsN+3S3U3Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTto5TRahPYh6rbog15UxS3zDDaTdRFIuQ0044ucv9zpQqzWL5aGYJDQQeSRYxgo2V/Omg8SQG1ZpbdxdA68QrSA0KtAbVr/4wJqmg0hCOte55bmKCDCvDCKfzSj/VNMFkgke0Z6nEguogWxw7RxdWGaIoVrakQQv190SGhdYzEdpOgc1Yr3q5+J/XS010E2RMJqmhkiwXRSlHJkb552jIFCWGzyzBRDF7KyJjrDAxNp+KDcFbfXmdtBt1z617D1e15m0RRxnO4BwuwYNraMI9tMAHAgye4RXeHOm8OO/Ox7K15BQzp/AHzucPiiGOfg==</latexit><latexit sha1_base64="rHvkbA76Xx2dWq2TpOU5wo72Trs=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsN+3S3U3Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTto5TRahPYh6rbog15UxS3zDDaTdRFIuQ0044ucv9zpQqzWL5aGYJDQQeSRYxgo2V/Omg8SQG1ZpbdxdA68QrSA0KtAbVr/4wJqmg0hCOte55bmKCDCvDCKfzSj/VNMFkgke0Z6nEguogWxw7RxdWGaIoVrakQQv190SGhdYzEdpOgc1Yr3q5+J/XS010E2RMJqmhkiwXRSlHJkb552jIFCWGzyzBRDF7KyJjrDAxNp+KDcFbfXmdtBt1z617D1e15m0RRxnO4BwuwYNraMI9tMAHAgye4RXeHOm8OO/Ox7K15BQzp/AHzucPiiGOfg==</latexit>

vmk
<latexit sha1_base64="9QrE4S8ygFN1DdMj+IJ4qsJpymA=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuDd6Er1K1a/5c6BVEhSkCgUavcpXt69IJqi0hGNjOoGf2ijH2jLC6bTczQxNMRnhAe04KrGgJsrnx07RuVP6KFHalbRorv6eyLEwZiJi1ymwHZplbyb+53Uym9xEOZNpZqkki0VJxpFVaPY56jNNieUTRzDRzN2KyBBrTKzLp+xCCJZfXiXNy1rg14KHq2r9toijBKdwBhcQwDXU4R4aEAIBBs/wCm+e9F68d+9j0brmFTMn8Afe5w/g9463</latexit><latexit sha1_base64="9QrE4S8ygFN1DdMj+IJ4qsJpymA=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuDd6Er1K1a/5c6BVEhSkCgUavcpXt69IJqi0hGNjOoGf2ijH2jLC6bTczQxNMRnhAe04KrGgJsrnx07RuVP6KFHalbRorv6eyLEwZiJi1ymwHZplbyb+53Uym9xEOZNpZqkki0VJxpFVaPY56jNNieUTRzDRzN2KyBBrTKzLp+xCCJZfXiXNy1rg14KHq2r9toijBKdwBhcQwDXU4R4aEAIBBs/wCm+e9F68d+9j0brmFTMn8Afe5w/g9463</latexit><latexit sha1_base64="9QrE4S8ygFN1DdMj+IJ4qsJpymA=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuDd6Er1K1a/5c6BVEhSkCgUavcpXt69IJqi0hGNjOoGf2ijH2jLC6bTczQxNMRnhAe04KrGgJsrnx07RuVP6KFHalbRorv6eyLEwZiJi1ymwHZplbyb+53Uym9xEOZNpZqkki0VJxpFVaPY56jNNieUTRzDRzN2KyBBrTKzLp+xCCJZfXiXNy1rg14KHq2r9toijBKdwBhcQwDXU4R4aEAIBBs/wCm+e9F68d+9j0brmFTMn8Afe5w/g9463</latexit><latexit sha1_base64="9QrE4S8ygFN1DdMj+IJ4qsJpymA=">AAAB7HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCmwSSNcxOZpMh81hmZgNhyTd48aCIVz/Im3/jJNmDJhY0FFXddHfFKWfG+v63t7a+sbm1Xdop7+7tHxxWjo6bRmWa0JAornQ7xoZyJmlomeW0nWqKRcxpKx7dzfzWmGrDlHy0k5RGAg8kSxjB1knhuDd6Er1K1a/5c6BVEhSkCgUavcpXt69IJqi0hGNjOoGf2ijH2jLC6bTczQxNMRnhAe04KrGgJsrnx07RuVP6KFHalbRorv6eyLEwZiJi1ymwHZplbyb+53Uym9xEOZNpZqkki0VJxpFVaPY56jNNieUTRzDRzN2KyBBrTKzLp+xCCJZfXiXNy1rg14KHq2r9toijBKdwBhcQwDXU4R4aEAIBBs/wCm+e9F68d+9j0brmFTMn8Afe5w/g9463</latexit>

v12<latexit sha1_base64="iDEN9kg96wnzBbDl9KlIApwO5FY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsbgql9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJUyeZYuizRCSqHVKNgkv0DTcC26lCGocCW+Hobu63xqg0T+SjmaQYxHQgecQZNVbyx73ak9crV9yquwBZJ15OKpCj0St/dfsJy2KUhgmqdcdzUxNMqTKcCZyVupnGlLIRHWDHUklj1MF0ceyMXFilT6JE2ZKGLNTfE1Maaz2JQ9sZUzPUq95c/M/rZCa6CaZcpplByZaLokwQk5D556TPFTIjJpZQpri9lbAhVZQZm0/JhuCtvrxOmrWq51a9h6tK/TaPowhncA6X4ME11OEeGuADAw7P8ApvjnRenHfnY9lacPKZU/gD5/MHLzGOQg==</latexit><latexit sha1_base64="iDEN9kg96wnzBbDl9KlIApwO5FY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsbgql9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJUyeZYuizRCSqHVKNgkv0DTcC26lCGocCW+Hobu63xqg0T+SjmaQYxHQgecQZNVbyx73ak9crV9yquwBZJ15OKpCj0St/dfsJy2KUhgmqdcdzUxNMqTKcCZyVupnGlLIRHWDHUklj1MF0ceyMXFilT6JE2ZKGLNTfE1Maaz2JQ9sZUzPUq95c/M/rZCa6CaZcpplByZaLokwQk5D556TPFTIjJpZQpri9lbAhVZQZm0/JhuCtvrxOmrWq51a9h6tK/TaPowhncA6X4ME11OEeGuADAw7P8ApvjnRenHfnY9lacPKZU/gD5/MHLzGOQg==</latexit><latexit sha1_base64="iDEN9kg96wnzBbDl9KlIApwO5FY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsbgql9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJUyeZYuizRCSqHVKNgkv0DTcC26lCGocCW+Hobu63xqg0T+SjmaQYxHQgecQZNVbyx73ak9crV9yquwBZJ15OKpCj0St/dfsJy2KUhgmqdcdzUxNMqTKcCZyVupnGlLIRHWDHUklj1MF0ceyMXFilT6JE2ZKGLNTfE1Maaz2JQ9sZUzPUq95c/M/rZCa6CaZcpplByZaLokwQk5D556TPFTIjJpZQpri9lbAhVZQZm0/JhuCtvrxOmrWq51a9h6tK/TaPowhncA6X4ME11OEeGuADAw7P8ApvjnRenHfnY9lacPKZU/gD5/MHLzGOQg==</latexit><latexit sha1_base64="iDEN9kg96wnzBbDl9KlIApwO5FY=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsbgql9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJUyeZYuizRCSqHVKNgkv0DTcC26lCGocCW+Hobu63xqg0T+SjmaQYxHQgecQZNVbyx73ak9crV9yquwBZJ15OKpCj0St/dfsJy2KUhgmqdcdzUxNMqTKcCZyVupnGlLIRHWDHUklj1MF0ceyMXFilT6JE2ZKGLNTfE1Maaz2JQ9sZUzPUq95c/M/rZCa6CaZcpplByZaLokwQk5D556TPFTIjJpZQpri9lbAhVZQZm0/JhuCtvrxOmrWq51a9h6tK/TaPowhncA6X4ME11OEeGuADAw7P8ApvjnRenHfnY9lacPKZU/gD5/MHLzGOQg==</latexit>

v22<latexit sha1_base64="l7DV5Ljcfj7bmQo0K1xXbKFEd+Q=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lst+3SzSbsTgol9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSKFQdf9dgobm1vbO8Xd0t7+weFR+fikaeJUM+6zWMa6HVLDpVDcR4GStxPNaRRK3grHd3O/NeHaiFg94jThQUSHSgwEo2glf9KrPdV65YpbdRcg68TLSQVyNHrlr24/ZmnEFTJJjel4boJBRjUKJvms1E0NTygb0yHvWKpoxE2QLY6dkQur9Mkg1rYUkoX6eyKjkTHTKLSdEcWRWfXm4n9eJ8XBTZAJlaTIFVsuGqSSYEzmn5O+0JyhnFpCmRb2VsJGVFOGNp+SDcFbfXmdNGtVz616D1eV+m0eRxHO4BwuwYNrqMM9NMAHBgKe4RXeHOW8OO/Ox7K14OQzp/AHzucPMLWOQw==</latexit><latexit sha1_base64="l7DV5Ljcfj7bmQo0K1xXbKFEd+Q=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lst+3SzSbsTgol9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSKFQdf9dgobm1vbO8Xd0t7+weFR+fikaeJUM+6zWMa6HVLDpVDcR4GStxPNaRRK3grHd3O/NeHaiFg94jThQUSHSgwEo2glf9KrPdV65YpbdRcg68TLSQVyNHrlr24/ZmnEFTJJjel4boJBRjUKJvms1E0NTygb0yHvWKpoxE2QLY6dkQur9Mkg1rYUkoX6eyKjkTHTKLSdEcWRWfXm4n9eJ8XBTZAJlaTIFVsuGqSSYEzmn5O+0JyhnFpCmRb2VsJGVFOGNp+SDcFbfXmdNGtVz616D1eV+m0eRxHO4BwuwYNrqMM9NMAHBgKe4RXeHOW8OO/Ox7K14OQzp/AHzucPMLWOQw==</latexit><latexit sha1_base64="l7DV5Ljcfj7bmQo0K1xXbKFEd+Q=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lst+3SzSbsTgol9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSKFQdf9dgobm1vbO8Xd0t7+weFR+fikaeJUM+6zWMa6HVLDpVDcR4GStxPNaRRK3grHd3O/NeHaiFg94jThQUSHSgwEo2glf9KrPdV65YpbdRcg68TLSQVyNHrlr24/ZmnEFTJJjel4boJBRjUKJvms1E0NTygb0yHvWKpoxE2QLY6dkQur9Mkg1rYUkoX6eyKjkTHTKLSdEcWRWfXm4n9eJ8XBTZAJlaTIFVsuGqSSYEzmn5O+0JyhnFpCmRb2VsJGVFOGNp+SDcFbfXmdNGtVz616D1eV+m0eRxHO4BwuwYNrqMM9NMAHBgKe4RXeHOW8OO/Ox7K14OQzp/AHzucPMLWOQw==</latexit><latexit sha1_base64="l7DV5Ljcfj7bmQo0K1xXbKFEd+Q=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lst+3SzSbsTgol9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSKFQdf9dgobm1vbO8Xd0t7+weFR+fikaeJUM+6zWMa6HVLDpVDcR4GStxPNaRRK3grHd3O/NeHaiFg94jThQUSHSgwEo2glf9KrPdV65YpbdRcg68TLSQVyNHrlr24/ZmnEFTJJjel4boJBRjUKJvms1E0NTygb0yHvWKpoxE2QLY6dkQur9Mkg1rYUkoX6eyKjkTHTKLSdEcWRWfXm4n9eJ8XBTZAJlaTIFVsuGqSSYEzmn5O+0JyhnFpCmRb2VsJGVFOGNp+SDcFbfXmdNGtVz616D1eV+m0eRxHO4BwuwYNrqMM9NMAHBgKe4RXeHOW8OO/Ox7K14OQzp/AHzucPMLWOQw==</latexit>

v32<latexit sha1_base64="bXkQdi4xssrJ8CeLsFC8oani32E=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48VTC20sWy2m3bpZhN2J4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lfwyHtzP/ccS1EYl6wHHKg5j2lYgEo2glf9StPV10yxW36s5BVomXkwrkaHTLX51ewrKYK2SSGtP23BSDCdUomOTTUiczPKVsSPu8bamiMTfBZH7slJxZpUeiRNtSSObq74kJjY0Zx6HtjCkOzLI3E//z2hlG18FEqDRDrthiUZRJggmZfU56QnOGcmwJZVrYWwkbUE0Z2nxKNgRv+eVV0qxVPbfq3V9W6jd5HEU4gVM4Bw+uoA530AAfGAh4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/MjmORA==</latexit><latexit sha1_base64="bXkQdi4xssrJ8CeLsFC8oani32E=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48VTC20sWy2m3bpZhN2J4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lfwyHtzP/ccS1EYl6wHHKg5j2lYgEo2glf9StPV10yxW36s5BVomXkwrkaHTLX51ewrKYK2SSGtP23BSDCdUomOTTUiczPKVsSPu8bamiMTfBZH7slJxZpUeiRNtSSObq74kJjY0Zx6HtjCkOzLI3E//z2hlG18FEqDRDrthiUZRJggmZfU56QnOGcmwJZVrYWwkbUE0Z2nxKNgRv+eVV0qxVPbfq3V9W6jd5HEU4gVM4Bw+uoA530AAfGAh4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/MjmORA==</latexit><latexit sha1_base64="bXkQdi4xssrJ8CeLsFC8oani32E=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48VTC20sWy2m3bpZhN2J4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lfwyHtzP/ccS1EYl6wHHKg5j2lYgEo2glf9StPV10yxW36s5BVomXkwrkaHTLX51ewrKYK2SSGtP23BSDCdUomOTTUiczPKVsSPu8bamiMTfBZH7slJxZpUeiRNtSSObq74kJjY0Zx6HtjCkOzLI3E//z2hlG18FEqDRDrthiUZRJggmZfU56QnOGcmwJZVrYWwkbUE0Z2nxKNgRv+eVV0qxVPbfq3V9W6jd5HEU4gVM4Bw+uoA530AAfGAh4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/MjmORA==</latexit><latexit sha1_base64="bXkQdi4xssrJ8CeLsFC8oani32E=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48VTC20sWy2m3bpZhN2J4VS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MJXCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNEmmGfdZIhPdCqnhUijuo0DJW6nmNA4lfwyHtzP/ccS1EYl6wHHKg5j2lYgEo2glf9StPV10yxW36s5BVomXkwrkaHTLX51ewrKYK2SSGtP23BSDCdUomOTTUiczPKVsSPu8bamiMTfBZH7slJxZpUeiRNtSSObq74kJjY0Zx6HtjCkOzLI3E//z2hlG18FEqDRDrthiUZRJggmZfU56QnOGcmwJZVrYWwkbUE0Z2nxKNgRv+eVV0qxVPbfq3V9W6jd5HEU4gVM4Bw+uoA530AAfGAh4hld4c5Tz4rw7H4vWgpPPHMMfOJ8/MjmORA==</latexit>
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Multi-Sensor Depth Map Fusion

Inputs Standard	TSDF	Fusion	+	Semantics Learned	Semantic	Fusion

[Roszumnyi et	al.,	ICCVW	2019]
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Multi-Sensor Depth Map Fusion

Expert	System for	Stero - Semantic	Accuracy

[Roszumnyi et	al.,	ICCVW	2019]
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3D Instance Segmentation
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Abstract

We propose a novel method for instance label segmen-
tation of dense 3D voxel grids. We target volumetric scene
representations which have been acquired with depth sen-
sors or multi-view stereo methods and which have been pro-
cessed with semantic 3D reconstruction or scene comple-
tion methods. The main task is to learn shape information
about individual object instances in order to accurately sep-
arate them if there are touching or if they were incompletely
scanned. We solve the 3D instance-labeling problem with a
multi-task learning strategy. The first goal is to learn an ab-
stract feature embedding which groups voxels with the same
instance label close to each other while separating clusters
with different instance labels from each other. The second
goal is to learn instance information by estimating direc-
tional information of the instance’ center of mass densely
for each voxel. This is particularly useful to find instance
boundaries in the clustering post-processing step, as well
as for scoring the quality of segmentations for the first goal.
Both synthetic and real-world experiments demonstrate the
viability of our approach.

1. Introduction
A central goal of computer vision research is high-level

scene understanding. Recent progress now allows for reli-
able results for a variety of computer vision problems in-
cluding image classification [23, 42, 46], image segmenta-
tion [1, 31, 40], object detection [13, 28, 37–39] or instance
segmentation on 2D images [2, 7–9, 17, 20, 25, 26, 30, 35].
Further, it is now possible to recover highly-detailed 3D
geometry with low-cost depth sensors [19, 34, 45, 52] or
with image-based 3D reconstruction algorithms [11,21,41].
Likewise, many algorithms have been proposed for 3D
scene and object classification [32, 43, 49], 3D object de-
tection [50] as well as method for joint 3D reconstruction
and semantic labeling [3, 5, 6, 24, 47].

Advances in 2D instance segmentation was mainly fu-
eled by the large number of datasets and challenges avail-
able in the 2D setting. When compared to the plethora of

Input Scene Our Instance Label

Ground truth Instance Labels Our Instance Labels

Figure 1. Example results of our method.

powerful methods for instance segmentation of 2D images,
the problem in a 3D setting has been less explored in the
literature. In addition to the lack of datasets, the majority of
the 2D methods are not applicable to the 3D setting or their
extension is by no means straightforward.

With the emergence of labeled datasets and benchmarks
for 3D instance segmentation such as ScanNet [4], numer-
ous works have surfaced to tackle 3D object instance seg-
mentation. In many cases, the work in 3D benefits from
the pioneering works in 2D, with modifications that al-
low processing of information in 3D. The 3D processing in
many cases is similar to other 3D understanding techniques,
mainly semantic segmentation.

In this paper, we address the problem of 3D instance seg-
mentation: Given the 3D geometry of a scene, we want
to label all the geometry that belongs to the same object
with a unique label. Unlike previous methods that entan-
gle instance labeling with semantic labeling, we propose a
technique that would mainly focus on the instance labeling
through grouping/clustering of information pertaining to a
single object. Our method still benefits from semantic infor-

1

[Lahoud	et	al.,	ICCV	2019]
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3D Instance Segmentation

Adopt	2D	
instance	label	
from	the	2D	

images

Bounding	box	
prediction	then	

mask	

Learn	a	feature	
embedding	(3D	
point,	voxel,…)

Type	1	 Type	2	 Type	3	

𝑒"
𝑒#
𝑒$
⋮



15

Metric Feature Learning

Input
Voxel	Grid

Network	inspired	
from	SSC-Net

Feature	
Embedding

Learn	a	feature	embedding	which	groups	parts	of	the	same	object

[SSC-Net:	Song	S	et	al.	Semantic	scene	completion	from	a	single	depth	image,	CVPR	2017]
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Learn Feature Embedding

Instance	1 Instance	2

Introduced	for	2D	instance	segmentation	by	
[De	Brabandere et	al.,	ArXiv	2017]

Applied	to	3D	point	clouds	in	concurrent	work	of	
[Pham	et	al.,	CVPR	2019]

Difficult	to	learn	with:
(1) Larger	areas	with	many	instances
(2) Similar	instances	outside	the	receptive	field	
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Multi-task Metric Feature Learning

Input
Voxel	Grid

Network	inspired	
from	SSC-Net

co
nv

co
nv

Direction
Embedding

Feature	
Embedding

3D	instance-labeling	problem	as	a	multi-task	learning	strategy:
(1) Learn	a	feature	embedding	which	groups	parts	of	the	same	object
(2) Estimate	directional	information	of	the	instances'	center	of	mass
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Multi-task Metric Feature Learning
World	Space

Feature	Embedding	Space Direction	Embedding	Space
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3D Instance Labeling Results
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3D Instance Labeling Results
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Input (RGB) Feature Label GT Feature Label Ours GT Label Clustering Label
Figure 6. Visualization of the feature embedding and labelling. This figure shows the input 3D colored scene plots the generated 3D
feature embeddings, along with the GT label and our instance labeling result after the the mean-shift clustering (colors of the instances are
random and do not correspond to GT).

Input (RGB) Semantic GT SparseConvNet [14] Instance GT Ours

Figure 7. Qualitative results of our method on the ScanNet validation dataset [4]. This figure shows semantic labeling results of [14]
which we use as input and our instance labeling results next to the corresponding ground truth labeling and the original input RGB scene.

7
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3D Instance Labeling Results



Learned Multi-View Texture Super-Resolution
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o Reconstruct accurate 3D geometry → 3D Modeling
o Generate high-fidelity surface texture → Appearance Modeling

Limited to the resolution of the input images !

Appearance Modeling 

Appearance Modeling
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o Reconstruct accurate 3D geometry → 3D Modeling
o Generate high-fidelity surface texture → Appearance ModelingAppearance Modeling 

→ We need super-resolution (SR) techniques that exploit multi-view information

Appearance Modeling
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View redundancy
o Leveraging input data (oversampling)
o Typically x2, x4 upsampling factor
o Limited to fixed number images with very
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View redundancy

𝐼(
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𝐼)*…

Image sequence + optical flow

Input video
Bicubic

[Mitzel et al. GCPR’09]

[Unger et al. GCPR’10]

I1 I2 IN

Sub-pixel flow

Super-resolution (SR)
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[Mitzel et al. GCPR’09, Unger et al. GCPR’10]
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[Mitzel et al. GCPR’09, Unger et al. GCPR’10]
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View redundancy

Input image close-up Weighted average Super-resolution result

Super-resolution (SR)
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[Mitzel et al. GCPR’09, Unger et al. GCPR’10]
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[Goldluecke et al. ICCV’09, Tsiminaki et al. CVPR’14]
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[Mitzel et al. GCPR’09, Unger et al. GCPR’10]
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Prior knowledge

[Goldluecke et al. ICCV’09, Tsiminaki et al. CVPR’14]

o Typically x2 or x4 upsampling factor
o Does not work for missing data

o Learn structure and shape properties from datasets

Super-resolution (SR)
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Prior knowledge
bicubic SRResNet SRGAN original

(21.59dB/0.6423) (23.53dB/0.7832) (21.15dB/0.6868)

Figure 2: From left to right: bicubic interpolation, deep residual network optimized for MSE, deep residual generative
adversarial network optimized for a loss more sensitive to human perception, original HR image. Corresponding PSNR and
SSIM are shown in brackets. [4× upscaling]

perceptual difference between the super-resolved and orig-
inal image means that the recovered image is not photo-
realistic as defined by Ferwerda [15].

In this work we propose a super-resolution generative
adversarial network (SRGAN) for which we employ a
deep residual network (ResNet) with skip-connection and
diverge from MSE as the sole optimization target. Different
from previous works, we define a novel perceptual loss us-
ing high-level feature maps of the VGG network [48, 32, 4]
combined with a discriminator that encourages solutions
perceptually hard to distinguish from the HR reference
images. An example photo-realistic image that was super-
resolved with a 4× upscaling factor is shown in Figure 1.

1.1. Related work

1.1.1 Image super-resolution

Recent overview articles on image SR include Nasrollahi
and Moeslund [42] or Yang et al. [60]. Here we will focus
on single image super-resolution (SISR) and will not further
discuss approaches that recover HR images from multiple
images [3, 14].

Prediction-based methods were among the first methods
to tackle SISR. While these filtering approaches, e.g. linear,
bicubic or Lanczos [13] filtering, can be very fast, they
oversimplify the SISR problem and usually yield solutions
with overly smooth textures. Methods that put particularly
focus on edge-preservation have been proposed [1, 38].

More powerful approaches aim to establish a complex
mapping between low- and high-resolution image informa-
tion and usually rely on training data. Many methods that
are based on example-pairs rely on LR training patches for

which the corresponding HR counterparts are known. Early
work was presented by Freeman et al. [17, 16]. Related ap-
proaches to the SR problem originate in compressed sensing
[61, 11, 68]. In Glasner et al. [20] the authors exploit patch
redundancies across scales within the image to drive the SR.
This paradigm of self-similarity is also employed in Huang
et al. [30], where self dictionaries are extended by further
allowing for small transformations and shape variations. Gu
et al. [24] proposed a convolutional sparse coding approach
that improves consistency by processing the whole image
rather than overlapping patches.

To reconstruct realistic texture detail while avoiding
edge artifacts, Tai et al. [51] combine an edge-directed SR
algorithm based on a gradient profile prior [49] with the
benefits of learning-based detail synthesis. Zhang et al. [69]
propose a multi-scale dictionary to capture redundancies of
similar image patches at different scales. To super-resolve
landmark images, Yue et al. [66] retrieve correlating HR
images with similar content from the web and propose a
structure-aware matching criterion for alignment.

Neighborhood embedding approaches upsample a LR
image patch by finding similar LR training patches in a low
dimensional manifold and combining their corresponding
HR patches for reconstruction [53, 54]. In Kim and Kwon
[34] the authors emphasize the tendency of neighborhood
approaches to overfit and formulate a more general map of
example pairs using kernel ridge regression. The regression
problem can also be solved with Gaussian process regres-
sion [26], trees [45] or Random Forests [46]. In Dai et al.
[5] a multitude of patch-specific regressors is learned and
the most appropriate regressors selected during testing.

Recently convolutional neural network (CNN) based SR
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o Leveraging input data (oversampling)
o Typically x2, x4 upsampling factor
o Limited to fixed number images with very

small view point changes

[Mitzel et al. GCPR’09, Unger et al. GCPR’10]
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[Goldluecke et al. ICCV’09, Tsiminaki et al. CVPR’14]

o Typically x2 or x4 upsampling factor
o Limited to fixed number images with

very small view point changes

o Learn structure and shape properties from datasets

Prior knowledge

Te
xt

ur
e

[Ledig et al. CVPR'17, Hui et al. CVPR'18, Timofte et al. ACCV’14, etc.]

Super-resolution (SR)
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Prior knowledge

Input picture Output albedo map Rendering Rendering (zoom) Rendering Rendering (zoom)

Super-resolution (SR)
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[Mitzel et al. GCPR’09, Unger et al. GCPR’10]

2D
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View redundancy

Pr
op

er
tie

s o Leveraging input data (oversampling)
o Typically x2, x4 upsampling factor
o Limited to fixed number images with very

small view point changes
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Prior knowledge

[Goldluecke et al. ICCV’09, Tsiminaki et al. CVPR’14]

o Typically x2 or x4 upsampling factor
o Limited to fixed number images with

very small view point changes

o Learn structure and shape properties from datasets

[Ledig et al. CVPR'17, Hui et al. CVPR'18, Timofte et al., etc.]

[Saito et al. CVPR’17, Huynh et al. CVPR’18]

Super-resolution (SR)
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[Mitzel et al. GCPR’09, Unger et al. GCPR’10]

View redundancy
o Leveraging input data (oversampling)

Prior knowledge

[Goldluecke et al. ICCV’09, Tsiminaki et al. CVPR’14]

o Typically x2 or x4 upsampling factor
o Does not work for missing data

o Learn structure and shape properties from datasets

[Ledig et al. CVPR'17, Hui et al. CVPR'18, Timofte et al., etc.]

[Saito et al. CVPR’17, Huynh et al. CVPR’18]

o Typically x2 – x4 upsampling factor
o Educated guess, not based on target scene
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s
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Super-resolution (SR)
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Multi-view Aggregation 
Subnet (MVA) 

Based on [Tsiminaki et al. CVPR'14]

Single-image Prior 
Subnet (SIP)

Based on [Hui et al. CVPR'18]

Unify the two SR concepts

LR input
images

Intermediate HR atlas 

HR atlas
(super-resolved)

Our Approach
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Sampling the surface at different positions
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Sub-pixel flow
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MVA SIPRedundancy Principle
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Re-projection error Weighted TV

o g is manually set in classical SR methods
o We locally estimate it with a small CNN 

o 𝑲𝒊	: blurring kernel per view with standard deviation 𝜎0
o A small CNN adjusts 𝝈𝒊 for each view 𝑖

Variational optimization numerically solved with 1st order primal-dual 
Unrolling fixed number of optim steps: each update cycle represents one network layer in MVA 

MVA SIPSR Multi-view Energy
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MVA SIPSIP Subnet
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Classical ResNet architecture (e.g. x4) :

Co
nv

+	
Re

LU

Co
nv

+	
Re

LU

Co
nv

+	
Re

LU

Serie of convolutional layers that learn a residual correction

HR Atlas (super-resolved) 

U
ps

x4Single input LR 
image

MVA SIP

Bicubic x4

SIP Subnet



45

Skip connection
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from MVA subnet (already x4) 

Bicubic x4

Classical ResNet architecture (e.g. x4) :
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Initial blurry atlas

Appearance
projection operator

Optical flow
Set of calibrated low-resolution images and 3D mesh

Ground truth atlasData
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SIP Subnet
Upsampling factor x1
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Upsampling factor x4

Predicted texture atlas T;

Less views

𝑳𝟏 loss

MVA Subnet
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Input [Goldlücke et al.] [Tsiminaki et al.] Ours

o Upsampling factor x2 (SOTA results only available for x2)

Comparison with State of the Art
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o Upsampling factor x2 (SOTA results only available for x2)

Input

State of the art

Ours

Comparison with State of the Art
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o Upsampling factor x4, same initial texture atlas
o Evaluated on: Beethoven 33 views, Bird 20 views, Bunny 36 views

Baselines
- [Tsiminaki et al. CVPR'14] with L1-dataterm
- [Hui et al. CVPR'18] pre-trained on DIV2K dataset

Our proposed network

Quantitative Comparison
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Input Groundtruth Ours (MVA + SIP) MVA SIP

o Upsampling factor x4

Ablation Study
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o Combine the two SR concepts
o Handle arbitrary number of input images in neural network
o End-to-end trainable

SOTA Texturing [Waechter et al.] SOTA SR Texturing [Tsiminaki et al.] Ours

Take Home Messages on SR
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• Learning	Priors	for	Semantic	3D	Reconstruction	
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(Denys	Rozumny,	Ian	Cherabier,	Marc	Pollefeys,	Martin	Oswald	– ICCVW’19)

• 3D	Instance	Segmentation
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• Learned	Multi-view	Texture	Super-resolution
(Audrey	Richard,	Ian	Cherabier,	Martin	Oswald,	Vagia	Tsiminaki,	
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Abstract

We propose a novel method for instance label segmen-
tation of dense 3D voxel grids. We target volumetric scene
representations which have been acquired with depth sen-
sors or multi-view stereo methods and which have been pro-
cessed with semantic 3D reconstruction or scene comple-
tion methods. The main task is to learn shape information
about individual object instances in order to accurately sep-
arate them if there are touching or if they were incompletely
scanned. We solve the 3D instance-labeling problem with a
multi-task learning strategy. The first goal is to learn an ab-
stract feature embedding which groups voxels with the same
instance label close to each other while separating clusters
with different instance labels from each other. The second
goal is to learn instance information by estimating direc-
tional information of the instance’ center of mass densely
for each voxel. This is particularly useful to find instance
boundaries in the clustering post-processing step, as well
as for scoring the quality of segmentations for the first goal.
Both synthetic and real-world experiments demonstrate the
viability of our approach.

1. Introduction
A central goal of computer vision research is high-level

scene understanding. Recent progress now allows for reli-
able results for a variety of computer vision problems in-
cluding image classification [23, 42, 46], image segmenta-
tion [1, 31, 40], object detection [13, 28, 37–39] or instance
segmentation on 2D images [2, 7–9, 17, 20, 25, 26, 30, 35].
Further, it is now possible to recover highly-detailed 3D
geometry with low-cost depth sensors [19, 34, 45, 52] or
with image-based 3D reconstruction algorithms [11,21,41].
Likewise, many algorithms have been proposed for 3D
scene and object classification [32, 43, 49], 3D object de-
tection [50] as well as method for joint 3D reconstruction
and semantic labeling [3, 5, 6, 24, 47].

Advances in 2D instance segmentation was mainly fu-
eled by the large number of datasets and challenges avail-
able in the 2D setting. When compared to the plethora of

Input Scene Our Instance Label

Ground truth Instance Labels Our Instance Labels

Figure 1. Example results of our method.

powerful methods for instance segmentation of 2D images,
the problem in a 3D setting has been less explored in the
literature. In addition to the lack of datasets, the majority of
the 2D methods are not applicable to the 3D setting or their
extension is by no means straightforward.

With the emergence of labeled datasets and benchmarks
for 3D instance segmentation such as ScanNet [4], numer-
ous works have surfaced to tackle 3D object instance seg-
mentation. In many cases, the work in 3D benefits from
the pioneering works in 2D, with modifications that al-
low processing of information in 3D. The 3D processing in
many cases is similar to other 3D understanding techniques,
mainly semantic segmentation.

In this paper, we address the problem of 3D instance seg-
mentation: Given the 3D geometry of a scene, we want
to label all the geometry that belongs to the same object
with a unique label. Unlike previous methods that entan-
gle instance labeling with semantic labeling, we propose a
technique that would mainly focus on the instance labeling
through grouping/clustering of information pertaining to a
single object. Our method still benefits from semantic infor-
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Figure 2. Proposed multi-view super-resolution network architecture. Our network combines the concepts of redundancy-based multi-
view SR (blue) and prior-based single image SR (green) in a single end-to-end trainable architecture. The multi-view aggregation (MVA)
subnet leverages the view redundancy to construct a HR texture atlas. The single-image prior (SIP) subnet learns the differences of the
MVA subnet output and the ground truth to further boost the SR performance.

and applied separately and is still likely to outperform clas-
sical energy minimization techniques as we estimate (meta-
)parameters without the need of hand-tuning.

3.2. Multi-view Aggregation

The goal of the multi-view aggregation is to generate a
super-resolved texture atlas by leveraging the multi-view re-
dundancy. The corresponding network network part (MVA-
subnet) is shown in the bottom part (blue box) in Fig. 2.
The network exploits the image formation model in order
to handle arbitrary number of inputs and to explicitly de-
fine the texture-to-input correspondence via projection as
problem-specific network layers.
Motivation. In a multi-view setting the number of views
that are useful for reconstructing the texture at a particular
surface point varies as it depends on the camera setup and
the surface geometry that might partially occlude camera
views. In order to deal with an arbitrary amount of inputs
deep learning methods typically use either average-pooling,
max-pooling [41, 2] or recurrent network architectures (e.g.
LSTMs [20]). We argue that none of them is well-suited
for redundancy-based SR: The average pooling operation
accumulates valuable input information into a single value,
which is counter-productive when aiming to recover HR in-
formation. Max-Pooling selects only a single information
source, which also neglects most of the input data. Ac-
cording to the image formation model the LR inputs con-
tains blurred information aggregated by integtating the HR
ground truth, which a simple selection process is unable
to recover. Besides the fact that recurrent networks are
usually harder to train, their result depends on the order in
which the images are processed, which contradicts the im-

age formation model. Instead, we propose to incorporate
the (inverse) image formation model into the network in the
form of special layers that perform redundancy-based multi-
image SR, explicitly modelling blurring and downsampling
to relate LR input with HR output, for any number of input
images.
Notation. We are given a set of N camera images {Ii}Ni=1,
with Ii : ⌦i ⇢ R2 ! R3 with corresponding known pro-
jection matrices {Pi}Ni=1, Pi : R3 ! R2. The input scene
geometry is provided as a mesh M and output texture atlas
will be denoted by T : T ⇢ R2 ! R3.
Image Formation Model. We aim to exploit the redundant
information from multiple views to compute a texture map
with higher resolution than any of the input images. Each
input image is depicting the same 3D geometry from a dif-
ferent angle and with a different discretization. The set of
input images is hence oversampling the surface, which al-
lows us to extract higher resolution information on the sur-
face. In order to recover that high resolution signal, we aim
to invert the image formation process in camera. Namely,
the camera lens is blurs the incoming light rays and the
camera sensor is integrates (averages) the contribution of all
incoming photons within each pixel area. Mathematically,
this can be described with the following Eq. [13].

Ii = DKiWiPi · T+ ei (1)

This means that a LR input image Ii can be computed from
the HR texture T via a sequence of operations including per-
spective projection Pi, blurring with convolution kernel Ki,
downsampling with operator D and adding noise ei. The
additional warp operator Wi accounts for geometric inac-
curacies and camera calibration errors with an optical flow
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Figure 2. Proposed multi-view super-resolution network architecture. Our network combines the concepts of redundancy-based multi-
view SR (blue) and prior-based single image SR (green) in a single end-to-end trainable architecture. The multi-view aggregation (MVA)
subnet leverages the view redundancy to construct a HR texture atlas. The single-image prior (SIP) subnet learns the differences of the
MVA subnet output and the ground truth to further boost the SR performance.

and applied separately and is still likely to outperform clas-
sical energy minimization techniques as we estimate (meta-
)parameters without the need of hand-tuning.

3.2. Multi-view Aggregation

The goal of the multi-view aggregation is to generate a
super-resolved texture atlas by leveraging the multi-view re-
dundancy. The corresponding network network part (MVA-
subnet) is shown in the bottom part (blue box) in Fig. 2.
The network exploits the image formation model in order
to handle arbitrary number of inputs and to explicitly de-
fine the texture-to-input correspondence via projection as
problem-specific network layers.
Motivation. In a multi-view setting the number of views
that are useful for reconstructing the texture at a particular
surface point varies as it depends on the camera setup and
the surface geometry that might partially occlude camera
views. In order to deal with an arbitrary amount of inputs
deep learning methods typically use either average-pooling,
max-pooling [41, 2] or recurrent network architectures (e.g.
LSTMs [20]). We argue that none of them is well-suited
for redundancy-based SR: The average pooling operation
accumulates valuable input information into a single value,
which is counter-productive when aiming to recover HR in-
formation. Max-Pooling selects only a single information
source, which also neglects most of the input data. Ac-
cording to the image formation model the LR inputs con-
tains blurred information aggregated by integtating the HR
ground truth, which a simple selection process is unable
to recover. Besides the fact that recurrent networks are
usually harder to train, their result depends on the order in
which the images are processed, which contradicts the im-

age formation model. Instead, we propose to incorporate
the (inverse) image formation model into the network in the
form of special layers that perform redundancy-based multi-
image SR, explicitly modelling blurring and downsampling
to relate LR input with HR output, for any number of input
images.
Notation. We are given a set of N camera images {Ii}Ni=1,
with Ii : ⌦i ⇢ R2 ! R3 with corresponding known pro-
jection matrices {Pi}Ni=1, Pi : R3 ! R2. The input scene
geometry is provided as a mesh M and output texture atlas
will be denoted by T : T ⇢ R2 ! R3.
Image Formation Model. We aim to exploit the redundant
information from multiple views to compute a texture map
with higher resolution than any of the input images. Each
input image is depicting the same 3D geometry from a dif-
ferent angle and with a different discretization. The set of
input images is hence oversampling the surface, which al-
lows us to extract higher resolution information on the sur-
face. In order to recover that high resolution signal, we aim
to invert the image formation process in camera. Namely,
the camera lens is blurs the incoming light rays and the
camera sensor is integrates (averages) the contribution of all
incoming photons within each pixel area. Mathematically,
this can be described with the following Eq. [13].

Ii = DKiWiPi · T+ ei (1)

This means that a LR input image Ii can be computed from
the HR texture T via a sequence of operations including per-
spective projection Pi, blurring with convolution kernel Ki,
downsampling with operator D and adding noise ei. The
additional warp operator Wi accounts for geometric inac-
curacies and camera calibration errors with an optical flow

4

2 I. Cherabier, J.L. Schönberger, M.R. Oswald, M. Pollefeys, A. Geiger

Input Cost Häne et al. [12] (50 iters.) Ours (50 iters.)

Input Cost TV-L1 (1K iters.) Ours (50 iters.)

Fig. 1: Semantic 3D reconstruction results. We learn semantic and geometric
neighborhood statistics to handle large amounts of noise, outliers, and missing data.
Compared to traditional TV-L1 and the state of the art [12], our approach requires
significantly less iterations and memory. Besides, it handles much larger label sets.

are hand-tuned and very simplistic, thus not able to fully capture the complex
semantic and geometric dependencies of our 3D world. Furthermore, inference
in those models requires thousands of iterations for convergence, limiting the
applicability of these methods.

This work revisits the problem of jointly estimating geometry and semantics
in a multi-view 3D reconstruction setting as shown in Fig. 1. Our approach com-
bines the advantages of classical variational approaches [10, 12, 13] with recent
advances in deep learning [32,39], resulting in a method that is simple, generic,
and substantially more scalable than previous solutions. In addition, our ap-
proach allows for automatically learning 3D representations from much fewer
training data than existing learning-based solutions. As a result, our approach
runs orders of magnitude faster than variational methods while producing better
reconstructions. Moreover, memory requirements are significantly reduced allow-
ing for larger label spaces. In summary, we make the following contributions:
• We present a novel framework for multi-view semantic 3D reconstruction
which unifies the advantages of variational methods with those of deep neural
networks, resulting in a simple, generic, and powerful model.

• We propose a multi-scale optimization strategy which accelerates inference,
increases the receptive field, and allows long-distance information propagation.

• Compared to existing variational reconstruction methods [13], our approach
learns semantic and geometric relationships end-to-end from data. Compared
to fully convolutional architectures, our model is lightweight and can be trained
from as little as five scenes without overfitting. Besides, formerly required
manual and scene-dependent parameter tuning is no longer necessary and all
meta-parameters, such as step sizes, are learned implicitly.

• Our experiments demonstrate that our method is able to achieve high qual-
ity results with only 50 unrolled optimization iterations compared to several
thousands of iterations using traditional variational optimization.
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from as little as five scenes without overfitting. Besides, formerly required
manual and scene-dependent parameter tuning is no longer necessary and all
meta-parameters, such as step sizes, are learned implicitly.

• Our experiments demonstrate that our method is able to achieve high qual-
ity results with only 50 unrolled optimization iterations compared to several
thousands of iterations using traditional variational optimization.
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Network Architecture
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o Saddle-point problem :

o Update steps at each iteration :

(1)

(2a)
(2b)
(2c)
(2d)

Numerical Optimization
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𝝉𝝅𝒊

𝑷𝒊 = 	𝝅𝒊 	∘ 𝝉

Projection Operator
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o Upsampling factor x4
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Network Behavior


