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ABSTRACT OF THE DISSERTATION

Geometric Reconstruction for Visual data Interpretation

By

Minhaeng Lee

Doctor of Philosophy in Computer Science

University of California, Irvine, 2019

Charless C Fowlkes, Chair

Reconstruction happens in the human brain every day. When humans watch their surrounding

scene, they effortlessly infer dynamic representations of scene geometry from sequences of im-

ages. This higher dimensional reconstruction not only helps to interpret the input data but also

provides an important basis for performing complex, higher level tasks. In spite of the importance

of scene reconstruction, it has been considered a difficult task since the amount of information

in the input image (2D) is insufficient to fully reconstruct scene geometry (3D). Performing such

a task clearly requires the use of prior knowledge. In this thesis, we explore the advantages of

machine learning-based techniques in order to reconstruct geometric information from images or

videos. We utilize deep neural networks and probabilistic models and demonstrate their effective-

ness in reconstructing geometric information.

As the first part of this thesis, we estimate 2D motion flow from video, leveraging constraints

of camera ego-motion and scene geometry. From a sequence of images, we first predict relative

ego-motion between the input frames, and then reconstruct the camera trajectory. By considering

the cycle consistency between 2D motion, depth and camera ego-motion, we train a model to

reconstruct scene depth without additional supervision. These processes are trained using a self-

supervised end-to-end convolutional neural network (CNN) architecture with motion field driven

photometric consistency loss. To minimize accumulated error from imperfect local estimates, we

xiii



predict relative reliability scores between every connected pair of input frames and then utilize

them in global refinement.

In the second part, we reconstruct spatio-temporal 4D model from a set of 3D models. From a set

of multiple 3D models, we optimize transformation parameters from each model space to global

space using a Gaussian mixture to model point observations. We optimize alignment parameters

using expectation-maximization algorithm and estimate the temporal extent for each 3D patches

by maximizing expected posterior probability over time. This spatial-temporal model allows us to

perform object segmentation as well as infer the existence of occluded objects.

xiv



Chapter 1

Introduction

1.1 Motivations

Inferring geometry from visual cues happens unconsciously in our real life and more frequent than

we aware. This process helps us to understand our environment even from limited amount of

information. The process includes reconstruction from lower dimension to higher, and sometimes

we use our prior knowledge to fill out the gap between low and high dimensional data. In this

thesis, we cover three aspects of inferring geometry : scene geometry, camera ego-motion, and

temporal extent.

Scene geoemtry: Within a real environment, we recognize scene geometry or depth with stereop-

sis through our two eyes. However, we are able to infer geometry even with a single image. From

a monocular image, since the amount of information is limited to reconstruct scene geometry, we

use our prior knowledge to fill out the missing information. For example, we can use the approx-

imated size of the objects we have seen before in order to reconstruct rough scene geometry. We

can specify this inference process as the reconstruction from 2D to 2.5D which includes relative

depth prediction.

1



NVIDA Blog

Ambista

Space.com

Self-driving Car Exploring Mars

AR Face Decoration
Verge

AR Navigation AR Virtual Furniture

Surveillance Camera into 3D map

TechCrunch

Walkabout worlds

Figure 1.1: Example applications. If we know about scene geometry, then we can do many things.

Camera ego-motion: From motions in an image sequence, we can recognize the velocity and

direction of objects relative to the camera. For example, the magnitude of motions when we walk

and drive have big differences, and the magnitude implies how fast we were moving. Also, the

angle of motions tells us how objects were moving relative to us. We call the 2D motion in the

image optical flow and inferring the 2D motion helps us to estimate 3D camera motion.

Temporal extent: When we try to understand temporal scene geometry, we infer temporal interval

of scene objects. An easy scenario is that after we lost our belongings and try to trace them. We

might ask to ourselves a question ”when did I last see it?”. By answering this question, we can

infer the temporal interval of objects. We also assume object permanence to reason about existence

of objects even when they cannot be perceived. We can specify this process as a reconstruction

from 2D video to 4D temporal extent.

If we train machines to do make these inferences, then we can build many useful applications as

displayed in Figure 1.1 such as autonomous vehicle, exploring robot, surveillance camera system or

augmented reality (AR) included navigation, face decoration and even virtual furniture placement1.

1We do not focus on recognition part so every object in our output is considered as an ”object” but a specific object.

2



Barber’s poll Optical flow Motion field

Figure 1.2: Illustration of difference between optical flow and motion field. While optical flow
depends on visual appearance, motion field describes actual object motion.

1.2 Background

In this section, we briefly describe necessary background to understand how to get two essential

things: camera poses and depth. We use the term camera ego-motion to mean the 6 degree of

freedom (DoF) 3D motion including rotation and translation of an agent within an environment.

For example, when a person is holding a camera and recording a scene while walking, then the

person’s motion is the ego-motion. We assume the scene geometry is static when we find camera

pose in order to simplify the problem.

1.2.1 Optical flow and motion field

In this thesis, we use two different types of 2D motions: optical flow and motion field. Optical flow

and motion field share common things but they are fundamentally different in terms of definition,

applications, and methods to find them.

Definitions The optical flow describes a pattern of apparent motion of objects or surfaces in a

visual scene caused by relative motion. The relative motion can caused by either the agent or the

3



(a) (b)

Figure 1.3: A sphere with different illumination sources. In this example, optical flow and motion
field between (a) and (b) are completely different.

scene objects. Under the brightness consistency assumption, we can define the optical flow from

given two images Ii and Ij . When a pixel coordinate x in image Ii and x + ∆x in Ij have similar

pixel intensity, then we can call the 2D motion (∆x,∆y) is the optical flow. We can describe the

relationship between them as:

Ii(x, y) = Ij(x+ ∆x, y + ∆y)). (1.1)

In contrast, motion field is a representation of 3D motion projected into image space.

In a certain condition, the motion field looks similar to optical flow in terms of describing 2D

motion. However, it represents physical 3D motions of objects while optical flow represents image

appearance (i.e. pixel intensity). As displayed in Figure 1.2, we can see a fundamental difference

between them. On the left, a barber’s pole is rotating right to left. The rotating motion makes a

visual illusion, the stripes look like they are moving up. So, as shown in the middle, we can find

the corresponding optical flows. There are many different optical flows displayed at the middle

since it only requires appearance constraint as described in Equation (1.1). However, in terms of

motion field, the pole surface is moving right to left direction not bottom to up as visually seen. So

there is only one motion field which can be drawn left directional arrows as shown in right image.
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Another example displayed in Figure 1.3. There is a sphere with different illumination sources:

left (a), and right (b). For both cases, the sphere is not moving but illumination source has moves.

In this case, the motion field from (a) to (b) is completely zero but optical flow is not.

Applications Video compression and motion estimation are two popular applications using opti-

cal flow research. For the video compression, the estimated optical flow is used to reconstruct from

previous frame to next frame so that it helps to compress the size of input video. Specifically, an

image frame It can be reconstructed from It−1 and estimated optical flow from t− 1 to t-th frame

vt−1→t. This allows compression since the estimated flow can be less expensive than image.

Another example is motion estimation for object tracking. In this case, the optical flow is used

to find an actual motion of objects for tracking. The estimated optical flow is used as a proxy of

motion field.

Classic methods There are several classical methods to find optical flow. The first example

is Lucas-Kansde method [71] which assumes that the displacement of the image content nearby

frame is small approximately constant within a certain size of window. Its limitation is that it

only estimates constant optical flow within a given window and cannot recover dense optical flow.

In contrast, Horn-Schunck method [45] assumes that the preferred flow is smooth over the entire

image and tries to minimize irregular motions in flows. This method allows us to predict dense

optical flow even in texture-less region but we need to set the weight of smoothness term carefully,

and it is sensitive to noise.

There has been a large amount of work on optical flow in the intervening 38 years since these

algorithms were first proposed (e.g., [30, 115, 89]). The primary focus has been on developing

better regularization and optimization methods (e.g. using MRFs or variational methods), along

with more explicit models of occlusion.
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Optical flow with trainable networks There are a few limitations when we use classic methods

for optical flow estimation. At first, we need to set regularization parameters carefully depending

on input image distribution. As described above, the Horn-Schunck method has a smoothness

regularization term and it determines the smoothness of estimated optical flow. Depending on

the input image and preferred optical flow type, we need to set different weight parameter for the

smoothness term. However, it is almost impossible to find the best weight for every possible input

image. Also, it is hard to handle under-constrained scenes with classical methods. For example, for

a texture-less scene, it is difficult to estimate fully filled optical flow since the region without texture

has many trivial solutions that satisfy the photometric constraints described in Equation (1.1).

If we use a trainable network for optical flow estimation, then we can handle the limitations de-

scribed above. Since the network includes very large number of trainable parameters to predict op-

tical flow, it learns the regularization parameters naturally. Moreover, it is also possible to handle

under-constrained scenes by training with a large number of training examples. With those advan-

tages, learning based motion prediction methods are becoming more popular in modern computer

vision communities.

Visual odometry from ego-motion and motion field

Since depth, camera ego-motion and the motion field have close relationship between them, we

can estimate camera ego-motion given the depth and the motion field. In Figure 1.4, we display

two possible cases of 3D motions. The first case (a), an object is static and camera is moving.

Another case (b) is that the camera is static but the object is moving. In image space (c), those two

cases show exactly the same 2D motion x→ x′. As a result, it is impossible to distinguish whether

the camera or object is moving. In order to make the problem simpler, we assume that the camera

is moving and consider the moving objects as the noise and outliers.

The 2D velocity in image space can be computed from 3D velocity. We map 3D object coordinates
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<latexit sha1_base64="mtBYRS1YlxrrLl0JTgn8k+pm3S0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNjUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasIbP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSv02j6MIZ3AOl+DBNdThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzmfP7xpjWw=</latexit><latexit sha1_base64="mtBYRS1YlxrrLl0JTgn8k+pm3S0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNjUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasIbP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSv02j6MIZ3AOl+DBNdThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzmfP7xpjWw=</latexit><latexit sha1_base64="mtBYRS1YlxrrLl0JTgn8k+pm3S0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNjUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasIbP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSv02j6MIZ3AOl+DBNdThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzmfP7xpjWw=</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="hAzyCl209dkzv9uVnhg4XQAOJrA=">AAAB33icbZBLSwMxFIXv1FetVatbN8EiuCoz3ehS6MZlRfuAdiiZ9LYNzWSG5I5Qhv4ENy4U8V+589+YPhbaeiDwcU5C7j1RqqQl3//2Cju7e/sHxcPSUfn45LRyVm7bJDMCWyJRielG3KKSGlskSWE3NcjjSGEnmjYWeecZjZWJfqJZimHMx1qOpODkrMfGoD6oVP2avxTbhmANVVirOah89YeJyGLUJBS3thf4KYU5NySFwnmpn1lMuZjyMfYcah6jDfPlqHN25ZwhGyXGHU1s6f5+kfPY2lkcuZsxp4ndzBbmf1kvo9FtmEudZoRarD4aZYpRwhZ7s6E0KEjNHHBhpJuViQk3XJBrp+RKCDZX3oZ2vRY4fvChCBdwCdcQwA3cwT00oQUCxvACb/DuKe/V+1jVVfDWvZ3DH3mfP6NPjBc=</latexit><latexit sha1_base64="hAzyCl209dkzv9uVnhg4XQAOJrA=">AAAB33icbZBLSwMxFIXv1FetVatbN8EiuCoz3ehS6MZlRfuAdiiZ9LYNzWSG5I5Qhv4ENy4U8V+589+YPhbaeiDwcU5C7j1RqqQl3//2Cju7e/sHxcPSUfn45LRyVm7bJDMCWyJRielG3KKSGlskSWE3NcjjSGEnmjYWeecZjZWJfqJZimHMx1qOpODkrMfGoD6oVP2avxTbhmANVVirOah89YeJyGLUJBS3thf4KYU5NySFwnmpn1lMuZjyMfYcah6jDfPlqHN25ZwhGyXGHU1s6f5+kfPY2lkcuZsxp4ndzBbmf1kvo9FtmEudZoRarD4aZYpRwhZ7s6E0KEjNHHBhpJuViQk3XJBrp+RKCDZX3oZ2vRY4fvChCBdwCdcQwA3cwT00oQUCxvACb/DuKe/V+1jVVfDWvZ3DH3mfP6NPjBc=</latexit><latexit sha1_base64="HL1RR99QnWkWD+UFpQn/Eke8kI0=">AAAB6nicbZA9TwJBEIbn8AvxC7W02UhMrMgdjZREGkuM8pHAhewte7Bhb++yO2dCLvwEGwuNsfUX2flvXOAKBd9kkyfvzGRn3iCRwqDrfjuFre2d3b3ifung8Oj4pHx61jFxqhlvs1jGuhdQw6VQvI0CJe8lmtMokLwbTJuLeveJayNi9YizhPsRHSsRCkbRWg/NYW1YrrhVdymyCV4OFcjVGpa/BqOYpRFXyCQ1pu+5CfoZ1SiY5PPSIDU8oWxKx7xvUdGIGz9brjonV9YZkTDW9ikkS/f3REYjY2ZRYDsjihOzXluY/9X6KYZ1PxMqSZErtvooTCXBmCzuJiOhOUM5s0CZFnZXwiZUU4Y2nZINwVs/eRM6tapn+d6tNG7zOIpwAZdwDR7cQAPuoAVtYDCGZ3iFN0c6L86787FqLTj5zDn8kfP5A7spjWg=</latexit><latexit sha1_base64="mtBYRS1YlxrrLl0JTgn8k+pm3S0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNjUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasIbP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSv02j6MIZ3AOl+DBNdThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzmfP7xpjWw=</latexit><latexit sha1_base64="mtBYRS1YlxrrLl0JTgn8k+pm3S0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNjUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasIbP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSv02j6MIZ3AOl+DBNdThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzmfP7xpjWw=</latexit><latexit sha1_base64="mtBYRS1YlxrrLl0JTgn8k+pm3S0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNjUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasIbP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSv02j6MIZ3AOl+DBNdThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzmfP7xpjWw=</latexit><latexit sha1_base64="mtBYRS1YlxrrLl0JTgn8k+pm3S0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNjUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasIbP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSv02j6MIZ3AOl+DBNdThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzmfP7xpjWw=</latexit><latexit sha1_base64="mtBYRS1YlxrrLl0JTgn8k+pm3S0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNjUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasIbP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSv02j6MIZ3AOl+DBNdThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzmfP7xpjWw=</latexit><latexit sha1_base64="mtBYRS1YlxrrLl0JTgn8k+pm3S0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNjUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasIbP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSv02j6MIZ3AOl+DBNdThDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzmfP7xpjWw=</latexit>

R, t
<latexit sha1_base64="qEzK0cYaZAf8groxZ2RXLZzvnj0=">AAAB63icbZBNS8NAEIYn9avWr6pHL4tF8CAlEUGPRS8eq1hbaEPZbDft0t0k7E6EEvoXvHhQxKt/yJv/xk2bg7a+sPDwzgw78waJFAZd99sprayurW+UNytb2zu7e9X9g0cTp5rxFotlrDsBNVyKiLdQoOSdRHOqAsnbwfgmr7efuDYijh5wknBf0WEkQsEo5tb9GcF+tebW3ZnIMngF1KBQs1/96g1ilioeIZPUmK7nJuhnVKNgkk8rvdTwhLIxHfKuxYgqbvxstuuUnFhnQMJY2xchmbm/JzKqjJmowHYqiiOzWMvN/2rdFMMrPxNRkiKP2PyjMJUEY5IfTgZCc4ZyYoEyLeyuhI2opgxtPBUbgrd48jI8ntc9y3cXtcZ1EUcZjuAYTsGDS2jALTShBQxG8Ayv8OYo58V5dz7mrSWnmDmEP3I+fwA/4Y20</latexit><latexit sha1_base64="qEzK0cYaZAf8groxZ2RXLZzvnj0=">AAAB63icbZBNS8NAEIYn9avWr6pHL4tF8CAlEUGPRS8eq1hbaEPZbDft0t0k7E6EEvoXvHhQxKt/yJv/xk2bg7a+sPDwzgw78waJFAZd99sprayurW+UNytb2zu7e9X9g0cTp5rxFotlrDsBNVyKiLdQoOSdRHOqAsnbwfgmr7efuDYijh5wknBf0WEkQsEo5tb9GcF+tebW3ZnIMngF1KBQs1/96g1ilioeIZPUmK7nJuhnVKNgkk8rvdTwhLIxHfKuxYgqbvxstuuUnFhnQMJY2xchmbm/JzKqjJmowHYqiiOzWMvN/2rdFMMrPxNRkiKP2PyjMJUEY5IfTgZCc4ZyYoEyLeyuhI2opgxtPBUbgrd48jI8ntc9y3cXtcZ1EUcZjuAYTsGDS2jALTShBQxG8Ayv8OYo58V5dz7mrSWnmDmEP3I+fwA/4Y20</latexit><latexit sha1_base64="qEzK0cYaZAf8groxZ2RXLZzvnj0=">AAAB63icbZBNS8NAEIYn9avWr6pHL4tF8CAlEUGPRS8eq1hbaEPZbDft0t0k7E6EEvoXvHhQxKt/yJv/xk2bg7a+sPDwzgw78waJFAZd99sprayurW+UNytb2zu7e9X9g0cTp5rxFotlrDsBNVyKiLdQoOSdRHOqAsnbwfgmr7efuDYijh5wknBf0WEkQsEo5tb9GcF+tebW3ZnIMngF1KBQs1/96g1ilioeIZPUmK7nJuhnVKNgkk8rvdTwhLIxHfKuxYgqbvxstuuUnFhnQMJY2xchmbm/JzKqjJmowHYqiiOzWMvN/2rdFMMrPxNRkiKP2PyjMJUEY5IfTgZCc4ZyYoEyLeyuhI2opgxtPBUbgrd48jI8ntc9y3cXtcZ1EUcZjuAYTsGDS2jALTShBQxG8Ayv8OYo58V5dz7mrSWnmDmEP3I+fwA/4Y20</latexit><latexit sha1_base64="qEzK0cYaZAf8groxZ2RXLZzvnj0=">AAAB63icbZBNS8NAEIYn9avWr6pHL4tF8CAlEUGPRS8eq1hbaEPZbDft0t0k7E6EEvoXvHhQxKt/yJv/xk2bg7a+sPDwzgw78waJFAZd99sprayurW+UNytb2zu7e9X9g0cTp5rxFotlrDsBNVyKiLdQoOSdRHOqAsnbwfgmr7efuDYijh5wknBf0WEkQsEo5tb9GcF+tebW3ZnIMngF1KBQs1/96g1ilioeIZPUmK7nJuhnVKNgkk8rvdTwhLIxHfKuxYgqbvxstuuUnFhnQMJY2xchmbm/JzKqjJmowHYqiiOzWMvN/2rdFMMrPxNRkiKP2PyjMJUEY5IfTgZCc4ZyYoEyLeyuhI2opgxtPBUbgrd48jI8ntc9y3cXtcZ1EUcZjuAYTsGDS2jALTShBQxG8Ayv8OYo58V5dz7mrSWnmDmEP3I+fwA/4Y20</latexit>

x0
<latexit sha1_base64="9squO0SGSnXTf+7asmr5iHlAgU4=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqeyKoMeiF48V7AO6a8lms21oHkuSFctS8K948aCIV3+HN/+N2XYP2joQMsx8H5lMlDKqjed9O0vLK6tr65WN6ubW9s6uu7ff1jJTmLSwZFJ1I6QJo4K0DDWMdFNFEI8Y6USj68LvPBClqRR3ZpySkKOBoAnFyFip7x4GkWSxHnN75Y+T+yBVlJO+W/Pq3hRwkfglqYESzb77FcQSZ5wIgxnSuud7qQlzpAzFjEyqQaZJivAIDUjPUoE40WE+jT+BJ1aJYSKVPcLAqfp7I0dcFwntJEdmqOe9QvzP62UmuQxzKtLMEIFnDyUZg0bCogsYU0WwYWNLEFbUZoV4iBTCxjZWtSX4819eJO2zum/57XmtcVXWUQFH4BicAh9cgAa4AU3QAhjk4Bm8gjfnyXlx3p2P2eiSU+4cgD9wPn8AT3mWVw==</latexit><latexit sha1_base64="9squO0SGSnXTf+7asmr5iHlAgU4=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqeyKoMeiF48V7AO6a8lms21oHkuSFctS8K948aCIV3+HN/+N2XYP2joQMsx8H5lMlDKqjed9O0vLK6tr65WN6ubW9s6uu7ff1jJTmLSwZFJ1I6QJo4K0DDWMdFNFEI8Y6USj68LvPBClqRR3ZpySkKOBoAnFyFip7x4GkWSxHnN75Y+T+yBVlJO+W/Pq3hRwkfglqYESzb77FcQSZ5wIgxnSuud7qQlzpAzFjEyqQaZJivAIDUjPUoE40WE+jT+BJ1aJYSKVPcLAqfp7I0dcFwntJEdmqOe9QvzP62UmuQxzKtLMEIFnDyUZg0bCogsYU0WwYWNLEFbUZoV4iBTCxjZWtSX4819eJO2zum/57XmtcVXWUQFH4BicAh9cgAa4AU3QAhjk4Bm8gjfnyXlx3p2P2eiSU+4cgD9wPn8AT3mWVw==</latexit><latexit sha1_base64="9squO0SGSnXTf+7asmr5iHlAgU4=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqeyKoMeiF48V7AO6a8lms21oHkuSFctS8K948aCIV3+HN/+N2XYP2joQMsx8H5lMlDKqjed9O0vLK6tr65WN6ubW9s6uu7ff1jJTmLSwZFJ1I6QJo4K0DDWMdFNFEI8Y6USj68LvPBClqRR3ZpySkKOBoAnFyFip7x4GkWSxHnN75Y+T+yBVlJO+W/Pq3hRwkfglqYESzb77FcQSZ5wIgxnSuud7qQlzpAzFjEyqQaZJivAIDUjPUoE40WE+jT+BJ1aJYSKVPcLAqfp7I0dcFwntJEdmqOe9QvzP62UmuQxzKtLMEIFnDyUZg0bCogsYU0WwYWNLEFbUZoV4iBTCxjZWtSX4819eJO2zum/57XmtcVXWUQFH4BicAh9cgAa4AU3QAhjk4Bm8gjfnyXlx3p2P2eiSU+4cgD9wPn8AT3mWVw==</latexit><latexit sha1_base64="9squO0SGSnXTf+7asmr5iHlAgU4=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqeyKoMeiF48V7AO6a8lms21oHkuSFctS8K948aCIV3+HN/+N2XYP2joQMsx8H5lMlDKqjed9O0vLK6tr65WN6ubW9s6uu7ff1jJTmLSwZFJ1I6QJo4K0DDWMdFNFEI8Y6USj68LvPBClqRR3ZpySkKOBoAnFyFip7x4GkWSxHnN75Y+T+yBVlJO+W/Pq3hRwkfglqYESzb77FcQSZ5wIgxnSuud7qQlzpAzFjEyqQaZJivAIDUjPUoE40WE+jT+BJ1aJYSKVPcLAqfp7I0dcFwntJEdmqOe9QvzP62UmuQxzKtLMEIFnDyUZg0bCogsYU0WwYWNLEFbUZoV4iBTCxjZWtSX4819eJO2zum/57XmtcVXWUQFH4BicAh9cgAa4AU3QAhjk4Bm8gjfnyXlx3p2P2eiSU+4cgD9wPn8AT3mWVw==</latexit>

IC1
<latexit sha1_base64="KyqOSH+3IapC0guwS/In7oNexRc=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY7EVvFewHtCFstpt26WYTdidCCf0RXjwo4tXf481/47bNQasvLDy8M8POvGEqhUHX/XJKa+sbm1vl7crO7t7+QfXwqGOSTDPeZolMdC+khkuheBsFSt5LNadxKHk3nDTn9e4j10Yk6gGnKfdjOlIiEoyitbp3Qd4MvFlQrbl1dyHyF7wCalCoFVQ/B8OEZTFXyCQ1pu+5Kfo51SiY5LPKIDM8pWxCR7xvUdGYGz9frDsjZ9YZkijR9ikkC/fnRE5jY6ZxaDtjimOzWpub/9X6GUbXfi5UmiFXbPlRlEmCCZnfToZCc4ZyaoEyLeyuhI2ppgxtQhUbgrd68l/oXNQ9y/eXtcZNEUcZTuAUzsGDK2jALbSgDQwm8AQv8OqkzrPz5rwvW0tOMXMMv+R8fAPLjo8z</latexit><latexit sha1_base64="KyqOSH+3IapC0guwS/In7oNexRc=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY7EVvFewHtCFstpt26WYTdidCCf0RXjwo4tXf481/47bNQasvLDy8M8POvGEqhUHX/XJKa+sbm1vl7crO7t7+QfXwqGOSTDPeZolMdC+khkuheBsFSt5LNadxKHk3nDTn9e4j10Yk6gGnKfdjOlIiEoyitbp3Qd4MvFlQrbl1dyHyF7wCalCoFVQ/B8OEZTFXyCQ1pu+5Kfo51SiY5LPKIDM8pWxCR7xvUdGYGz9frDsjZ9YZkijR9ikkC/fnRE5jY6ZxaDtjimOzWpub/9X6GUbXfi5UmiFXbPlRlEmCCZnfToZCc4ZyaoEyLeyuhI2ppgxtQhUbgrd68l/oXNQ9y/eXtcZNEUcZTuAUzsGDK2jALbSgDQwm8AQv8OqkzrPz5rwvW0tOMXMMv+R8fAPLjo8z</latexit><latexit sha1_base64="KyqOSH+3IapC0guwS/In7oNexRc=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY7EVvFewHtCFstpt26WYTdidCCf0RXjwo4tXf481/47bNQasvLDy8M8POvGEqhUHX/XJKa+sbm1vl7crO7t7+QfXwqGOSTDPeZolMdC+khkuheBsFSt5LNadxKHk3nDTn9e4j10Yk6gGnKfdjOlIiEoyitbp3Qd4MvFlQrbl1dyHyF7wCalCoFVQ/B8OEZTFXyCQ1pu+5Kfo51SiY5LPKIDM8pWxCR7xvUdGYGz9frDsjZ9YZkijR9ikkC/fnRE5jY6ZxaDtjimOzWpub/9X6GUbXfi5UmiFXbPlRlEmCCZnfToZCc4ZyaoEyLeyuhI2ppgxtQhUbgrd68l/oXNQ9y/eXtcZNEUcZTuAUzsGDK2jALbSgDQwm8AQv8OqkzrPz5rwvW0tOMXMMv+R8fAPLjo8z</latexit><latexit sha1_base64="KyqOSH+3IapC0guwS/In7oNexRc=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY7EVvFewHtCFstpt26WYTdidCCf0RXjwo4tXf481/47bNQasvLDy8M8POvGEqhUHX/XJKa+sbm1vl7crO7t7+QfXwqGOSTDPeZolMdC+khkuheBsFSt5LNadxKHk3nDTn9e4j10Yk6gGnKfdjOlIiEoyitbp3Qd4MvFlQrbl1dyHyF7wCalCoFVQ/B8OEZTFXyCQ1pu+5Kfo51SiY5LPKIDM8pWxCR7xvUdGYGz9frDsjZ9YZkijR9ikkC/fnRE5jY6ZxaDtjimOzWpub/9X6GUbXfi5UmiFXbPlRlEmCCZnfToZCc4ZyaoEyLeyuhI2ppgxtQhUbgrd68l/oXNQ9y/eXtcZNEUcZTuAUzsGDK2jALbSgDQwm8AQv8OqkzrPz5rwvW0tOMXMMv+R8fAPLjo8z</latexit>

x
<latexit sha1_base64="LlcxfOHeXPIQwEm33jqcOn/n7lo=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWQymTY0kwxJRi1D/8ONC0Xc+i/u/Bsz7Sy09UDI4Zx7yckJEs60cd1vp7Syura+Ud6sbG3v7O5V9w/aWqaK0BaRXKpugDXlTNCWYYbTbqIojgNOO8H4Ovc7D1RpJsWdmSTUj/FQsIgRbKx03w8kD/Uktlf2NB1Ua27dnQEtE68gNSjQHFS/+qEkaUyFIRxr3fPcxPgZVoYRTqeVfqppgskYD2nPUoFjqv1slnqKTqwSokgqe4RBM/X3RoZjnUezkzE2I73o5eJ/Xi810aWfMZGkhgoyfyhKOTIS5RWgkClKDJ9YgoliNisiI6wwMbaoii3BW/zyMmmf1T3Lb89rjauijjIcwTGcggcX0IAbaEILCCh4hld4cx6dF+fd+ZiPlpxi5xD+wPn8AVNOkwk=</latexit><latexit sha1_base64="LlcxfOHeXPIQwEm33jqcOn/n7lo=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWQymTY0kwxJRi1D/8ONC0Xc+i/u/Bsz7Sy09UDI4Zx7yckJEs60cd1vp7Syura+Ud6sbG3v7O5V9w/aWqaK0BaRXKpugDXlTNCWYYbTbqIojgNOO8H4Ovc7D1RpJsWdmSTUj/FQsIgRbKx03w8kD/Uktlf2NB1Ua27dnQEtE68gNSjQHFS/+qEkaUyFIRxr3fPcxPgZVoYRTqeVfqppgskYD2nPUoFjqv1slnqKTqwSokgqe4RBM/X3RoZjnUezkzE2I73o5eJ/Xi810aWfMZGkhgoyfyhKOTIS5RWgkClKDJ9YgoliNisiI6wwMbaoii3BW/zyMmmf1T3Lb89rjauijjIcwTGcggcX0IAbaEILCCh4hld4cx6dF+fd+ZiPlpxi5xD+wPn8AVNOkwk=</latexit><latexit sha1_base64="LlcxfOHeXPIQwEm33jqcOn/n7lo=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWQymTY0kwxJRi1D/8ONC0Xc+i/u/Bsz7Sy09UDI4Zx7yckJEs60cd1vp7Syura+Ud6sbG3v7O5V9w/aWqaK0BaRXKpugDXlTNCWYYbTbqIojgNOO8H4Ovc7D1RpJsWdmSTUj/FQsIgRbKx03w8kD/Uktlf2NB1Ua27dnQEtE68gNSjQHFS/+qEkaUyFIRxr3fPcxPgZVoYRTqeVfqppgskYD2nPUoFjqv1slnqKTqwSokgqe4RBM/X3RoZjnUezkzE2I73o5eJ/Xi810aWfMZGkhgoyfyhKOTIS5RWgkClKDJ9YgoliNisiI6wwMbaoii3BW/zyMmmf1T3Lb89rjauijjIcwTGcggcX0IAbaEILCCh4hld4cx6dF+fd+ZiPlpxi5xD+wPn8AVNOkwk=</latexit><latexit sha1_base64="LlcxfOHeXPIQwEm33jqcOn/n7lo=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWQymTY0kwxJRi1D/8ONC0Xc+i/u/Bsz7Sy09UDI4Zx7yckJEs60cd1vp7Syura+Ud6sbG3v7O5V9w/aWqaK0BaRXKpugDXlTNCWYYbTbqIojgNOO8H4Ovc7D1RpJsWdmSTUj/FQsIgRbKx03w8kD/Uktlf2NB1Ua27dnQEtE68gNSjQHFS/+qEkaUyFIRxr3fPcxPgZVoYRTqeVfqppgskYD2nPUoFjqv1slnqKTqwSokgqe4RBM/X3RoZjnUezkzE2I73o5eJ/Xi810aWfMZGkhgoyfyhKOTIS5RWgkClKDJ9YgoliNisiI6wwMbaoii3BW/zyMmmf1T3Lb89rjauijjIcwTGcggcX0IAbaEILCCh4hld4cx6dF+fd+ZiPlpxi5xD+wPn8AVNOkwk=</latexit>

v = x0 � x
<latexit sha1_base64="HmTgAcgCA0iHSx/O/f+qmtxapJQ=">AAACIHicbVDLSsNAFJ3UV62vqEs3g0VwY0lEqBuh6MZlBfuAJpbJZNIOnWTCzKRYQj7Fjb/ixoUiutOvcdJmUVsPDHM4517uvceLGZXKsr6N0srq2vpGebOytb2zu2fuH7QlTwQmLcwZF10PScJoRFqKKka6sSAo9BjpeKOb3O+MiZCUR/dqEhM3RIOIBhQjpaW+WXc8znw5CfWXjjN4BeeFx+zBiQUNCTxb0Ptm1apZU8BlYhekCgo0++aX43OchCRSmCEpe7YVKzdFQlHMSFZxEklihEdoQHqaRigk0k2nB2bwRCs+DLjQL1Jwqs53pCiU+Wq6MkRqKBe9XPzP6yUquHRTGsWJIhGeDQoSBhWHeVrQp4JgxSaaICyo3hXiIRIIK51pRYdgL568TNrnNVvzu4tq47qIowyOwDE4BTaogwa4BU3QAhg8gRfwBt6NZ+PV+DA+Z6Ulo+g5BH9g/PwCzwKkmQ==</latexit><latexit sha1_base64="HmTgAcgCA0iHSx/O/f+qmtxapJQ=">AAACIHicbVDLSsNAFJ3UV62vqEs3g0VwY0lEqBuh6MZlBfuAJpbJZNIOnWTCzKRYQj7Fjb/ixoUiutOvcdJmUVsPDHM4517uvceLGZXKsr6N0srq2vpGebOytb2zu2fuH7QlTwQmLcwZF10PScJoRFqKKka6sSAo9BjpeKOb3O+MiZCUR/dqEhM3RIOIBhQjpaW+WXc8znw5CfWXjjN4BeeFx+zBiQUNCTxb0Ptm1apZU8BlYhekCgo0++aX43OchCRSmCEpe7YVKzdFQlHMSFZxEklihEdoQHqaRigk0k2nB2bwRCs+DLjQL1Jwqs53pCiU+Wq6MkRqKBe9XPzP6yUquHRTGsWJIhGeDQoSBhWHeVrQp4JgxSaaICyo3hXiIRIIK51pRYdgL568TNrnNVvzu4tq47qIowyOwDE4BTaogwa4BU3QAhg8gRfwBt6NZ+PV+DA+Z6Ulo+g5BH9g/PwCzwKkmQ==</latexit><latexit sha1_base64="HmTgAcgCA0iHSx/O/f+qmtxapJQ=">AAACIHicbVDLSsNAFJ3UV62vqEs3g0VwY0lEqBuh6MZlBfuAJpbJZNIOnWTCzKRYQj7Fjb/ixoUiutOvcdJmUVsPDHM4517uvceLGZXKsr6N0srq2vpGebOytb2zu2fuH7QlTwQmLcwZF10PScJoRFqKKka6sSAo9BjpeKOb3O+MiZCUR/dqEhM3RIOIBhQjpaW+WXc8znw5CfWXjjN4BeeFx+zBiQUNCTxb0Ptm1apZU8BlYhekCgo0++aX43OchCRSmCEpe7YVKzdFQlHMSFZxEklihEdoQHqaRigk0k2nB2bwRCs+DLjQL1Jwqs53pCiU+Wq6MkRqKBe9XPzP6yUquHRTGsWJIhGeDQoSBhWHeVrQp4JgxSaaICyo3hXiIRIIK51pRYdgL568TNrnNVvzu4tq47qIowyOwDE4BTaogwa4BU3QAhg8gRfwBt6NZ+PV+DA+Z6Ulo+g5BH9g/PwCzwKkmQ==</latexit><latexit sha1_base64="HmTgAcgCA0iHSx/O/f+qmtxapJQ=">AAACIHicbVDLSsNAFJ3UV62vqEs3g0VwY0lEqBuh6MZlBfuAJpbJZNIOnWTCzKRYQj7Fjb/ixoUiutOvcdJmUVsPDHM4517uvceLGZXKsr6N0srq2vpGebOytb2zu2fuH7QlTwQmLcwZF10PScJoRFqKKka6sSAo9BjpeKOb3O+MiZCUR/dqEhM3RIOIBhQjpaW+WXc8znw5CfWXjjN4BeeFx+zBiQUNCTxb0Ptm1apZU8BlYhekCgo0++aX43OchCRSmCEpe7YVKzdFQlHMSFZxEklihEdoQHqaRigk0k2nB2bwRCs+DLjQL1Jwqs53pCiU+Wq6MkRqKBe9XPzP6yUquHRTGsWJIhGeDQoSBhWHeVrQp4JgxSaaICyo3hXiIRIIK51pRYdgL568TNrnNVvzu4tq47qIowyOwDE4BTaogwa4BU3QAhg8gRfwBt6NZ+PV+DA+Z6Ulo+g5BH9g/PwCzwKkmQ==</latexit>

X =
⇥
X Y Z

⇤|
<latexit sha1_base64="Gfe302pRWavJ9W9t7cVLlJlwo9I="></latexit><latexit sha1_base64="Gfe302pRWavJ9W9t7cVLlJlwo9I="></latexit><latexit sha1_base64="Gfe302pRWavJ9W9t7cVLlJlwo9I="></latexit><latexit sha1_base64="Gfe302pRWavJ9W9t7cVLlJlwo9I="></latexit>

V = X 0 � X
<latexit sha1_base64="eAAH9JCUF6QNy9+h3ZAwTDZ5Knw=">AAACIHicbVDLSgMxFM3UV62vUZdugkVwY5kRoW6EohuXFewDOmPJZDJtaCYZkoxQhvkUN/6KGxeK6E6/xkzbRW09EHI4517uvSdIGFXacb6t0srq2vpGebOytb2zu2fvH7SVSCUmLSyYkN0AKcIoJy1NNSPdRBIUB4x0gtFN4XceiVRU8Hs9TogfowGnEcVIG6lv171AsFCNY/Nl7RxewXmhmz94iaQxgWcLet+uOjVnArhM3BmpghmaffvLCwVOY8I1Zkipnusk2s+Q1BQzkle8VJEE4REakJ6hHMVE+dnkwByeGCWEkZDmcQ0n6nxHhmJVrGYqY6SHatErxP+8XqqjSz+jPEk14Xg6KEoZ1AIWacGQSoI1GxuCsKRmV4iHSCKsTaYVE4K7ePIyaZ/XXMPvLqqN61kcZXAEjsEpcEEdNMAtaIIWwOAJvIA38G49W6/Wh/U5LS1Zs55D8AfWzy81AqQ5</latexit><latexit sha1_base64="eAAH9JCUF6QNy9+h3ZAwTDZ5Knw=">AAACIHicbVDLSgMxFM3UV62vUZdugkVwY5kRoW6EohuXFewDOmPJZDJtaCYZkoxQhvkUN/6KGxeK6E6/xkzbRW09EHI4517uvSdIGFXacb6t0srq2vpGebOytb2zu2fvH7SVSCUmLSyYkN0AKcIoJy1NNSPdRBIUB4x0gtFN4XceiVRU8Hs9TogfowGnEcVIG6lv171AsFCNY/Nl7RxewXmhmz94iaQxgWcLet+uOjVnArhM3BmpghmaffvLCwVOY8I1Zkipnusk2s+Q1BQzkle8VJEE4REakJ6hHMVE+dnkwByeGCWEkZDmcQ0n6nxHhmJVrGYqY6SHatErxP+8XqqjSz+jPEk14Xg6KEoZ1AIWacGQSoI1GxuCsKRmV4iHSCKsTaYVE4K7ePIyaZ/XXMPvLqqN61kcZXAEjsEpcEEdNMAtaIIWwOAJvIA38G49W6/Wh/U5LS1Zs55D8AfWzy81AqQ5</latexit><latexit sha1_base64="eAAH9JCUF6QNy9+h3ZAwTDZ5Knw=">AAACIHicbVDLSgMxFM3UV62vUZdugkVwY5kRoW6EohuXFewDOmPJZDJtaCYZkoxQhvkUN/6KGxeK6E6/xkzbRW09EHI4517uvSdIGFXacb6t0srq2vpGebOytb2zu2fvH7SVSCUmLSyYkN0AKcIoJy1NNSPdRBIUB4x0gtFN4XceiVRU8Hs9TogfowGnEcVIG6lv171AsFCNY/Nl7RxewXmhmz94iaQxgWcLet+uOjVnArhM3BmpghmaffvLCwVOY8I1Zkipnusk2s+Q1BQzkle8VJEE4REakJ6hHMVE+dnkwByeGCWEkZDmcQ0n6nxHhmJVrGYqY6SHatErxP+8XqqjSz+jPEk14Xg6KEoZ1AIWacGQSoI1GxuCsKRmV4iHSCKsTaYVE4K7ePIyaZ/XXMPvLqqN61kcZXAEjsEpcEEdNMAtaIIWwOAJvIA38G49W6/Wh/U5LS1Zs55D8AfWzy81AqQ5</latexit><latexit sha1_base64="eAAH9JCUF6QNy9+h3ZAwTDZ5Knw=">AAACIHicbVDLSgMxFM3UV62vUZdugkVwY5kRoW6EohuXFewDOmPJZDJtaCYZkoxQhvkUN/6KGxeK6E6/xkzbRW09EHI4517uvSdIGFXacb6t0srq2vpGebOytb2zu2fvH7SVSCUmLSyYkN0AKcIoJy1NNSPdRBIUB4x0gtFN4XceiVRU8Hs9TogfowGnEcVIG6lv171AsFCNY/Nl7RxewXmhmz94iaQxgWcLet+uOjVnArhM3BmpghmaffvLCwVOY8I1Zkipnusk2s+Q1BQzkle8VJEE4REakJ6hHMVE+dnkwByeGCWEkZDmcQ0n6nxHhmJVrGYqY6SHatErxP+8XqqjSz+jPEk14Xg6KEoZ1AIWacGQSoI1GxuCsKRmV4iHSCKsTaYVE4K7ePIyaZ/XXMPvLqqN61kcZXAEjsEpcEEdNMAtaIIWwOAJvIA38G49W6/Wh/U5LS1Zs55D8AfWzy81AqQ5</latexit>C1

<latexit sha1_base64="NzdE2iTmB5y4EBKXM6PkHQA3kfc=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNj4A3KFbfqLkTWwcuhArmag/JXfxizNEJpmKBa9zw3MX5GleFM4KzUTzUmlE3oCHsWJY1Q+9li1Rm5sM6QhLGyTxqycH9PZDTSehoFtjOiZqxXa3Pzv1ovNeGNn3GZpAYlW34UpoKYmMzvJkOukBkxtUCZ4nZXwsZUUWZsOiUbgrd68jq0r6qe5fvrSv02j6MIZ3AOl+BBDepwB01oAYMRPMMrvDnCeXHenY9la8HJZ07hj5zPH7rljWs=</latexit><latexit sha1_base64="NzdE2iTmB5y4EBKXM6PkHQA3kfc=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNj4A3KFbfqLkTWwcuhArmag/JXfxizNEJpmKBa9zw3MX5GleFM4KzUTzUmlE3oCHsWJY1Q+9li1Rm5sM6QhLGyTxqycH9PZDTSehoFtjOiZqxXa3Pzv1ovNeGNn3GZpAYlW34UpoKYmMzvJkOukBkxtUCZ4nZXwsZUUWZsOiUbgrd68jq0r6qe5fvrSv02j6MIZ3AOl+BBDepwB01oAYMRPMMrvDnCeXHenY9la8HJZ07hj5zPH7rljWs=</latexit><latexit sha1_base64="NzdE2iTmB5y4EBKXM6PkHQA3kfc=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNj4A3KFbfqLkTWwcuhArmag/JXfxizNEJpmKBa9zw3MX5GleFM4KzUTzUmlE3oCHsWJY1Q+9li1Rm5sM6QhLGyTxqycH9PZDTSehoFtjOiZqxXa3Pzv1ovNeGNn3GZpAYlW34UpoKYmMzvJkOukBkxtUCZ4nZXwsZUUWZsOiUbgrd68jq0r6qe5fvrSv02j6MIZ3AOl+BBDepwB01oAYMRPMMrvDnCeXHenY9la8HJZ07hj5zPH7rljWs=</latexit><latexit sha1_base64="NzdE2iTmB5y4EBKXM6PkHQA3kfc=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx2IvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk8a83nlCpXksH800QT+iI8lDzqix1kNj4A3KFbfqLkTWwcuhArmag/JXfxizNEJpmKBa9zw3MX5GleFM4KzUTzUmlE3oCHsWJY1Q+9li1Rm5sM6QhLGyTxqycH9PZDTSehoFtjOiZqxXa3Pzv1ovNeGNn3GZpAYlW34UpoKYmMzvJkOukBkxtUCZ4nZXwsZUUWZsOiUbgrd68jq0r6qe5fvrSv02j6MIZ3AOl+BBDepwB01oAYMRPMMrvDnCeXHenY9la8HJZ07hj5zPH7rljWs=</latexit>

IC2
<latexit sha1_base64="bH8/6wThhQiAphXyIlEho8Cqt/o=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IveKtgPaEPYbKft0s0m7G6EEvojvHhQxKu/x5v/xm2bg7a+sPDwzgw784aJ4Nq47rdT2Njc2t4p7pb29g8Oj8rHJ20dp4phi8UiVt2QahRcYstwI7CbKKRRKLATThrzeucJleaxfDTTBP2IjiQfckaNtTr3QdYIarOgXHGr7kJkHbwcKpCrGZS/+oOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izKGmE2s8W687IhXUGZBgr+6QhC/f3REYjradRaDsjasZ6tTY3/6v1UjO88TMuk9SgZMuPhqkgJibz28mAK2RGTC1QprjdlbAxVZQZm1DJhuCtnrwO7VrVs/xwVanf5nEU4QzO4RI8uIY63EETWsBgAs/wCm9O4rw4787HsrXg5DOn8EfO5w/NE480</latexit><latexit sha1_base64="bH8/6wThhQiAphXyIlEho8Cqt/o=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IveKtgPaEPYbKft0s0m7G6EEvojvHhQxKu/x5v/xm2bg7a+sPDwzgw784aJ4Nq47rdT2Njc2t4p7pb29g8Oj8rHJ20dp4phi8UiVt2QahRcYstwI7CbKKRRKLATThrzeucJleaxfDTTBP2IjiQfckaNtTr3QdYIarOgXHGr7kJkHbwcKpCrGZS/+oOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izKGmE2s8W687IhXUGZBgr+6QhC/f3REYjradRaDsjasZ6tTY3/6v1UjO88TMuk9SgZMuPhqkgJibz28mAK2RGTC1QprjdlbAxVZQZm1DJhuCtnrwO7VrVs/xwVanf5nEU4QzO4RI8uIY63EETWsBgAs/wCm9O4rw4787HsrXg5DOn8EfO5w/NE480</latexit><latexit sha1_base64="bH8/6wThhQiAphXyIlEho8Cqt/o=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IveKtgPaEPYbKft0s0m7G6EEvojvHhQxKu/x5v/xm2bg7a+sPDwzgw784aJ4Nq47rdT2Njc2t4p7pb29g8Oj8rHJ20dp4phi8UiVt2QahRcYstwI7CbKKRRKLATThrzeucJleaxfDTTBP2IjiQfckaNtTr3QdYIarOgXHGr7kJkHbwcKpCrGZS/+oOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izKGmE2s8W687IhXUGZBgr+6QhC/f3REYjradRaDsjasZ6tTY3/6v1UjO88TMuk9SgZMuPhqkgJibz28mAK2RGTC1QprjdlbAxVZQZm1DJhuCtnrwO7VrVs/xwVanf5nEU4QzO4RI8uIY63EETWsBgAs/wCm9O4rw4787HsrXg5DOn8EfO5w/NE480</latexit><latexit sha1_base64="bH8/6wThhQiAphXyIlEho8Cqt/o=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IveKtgPaEPYbKft0s0m7G6EEvojvHhQxKu/x5v/xm2bg7a+sPDwzgw784aJ4Nq47rdT2Njc2t4p7pb29g8Oj8rHJ20dp4phi8UiVt2QahRcYstwI7CbKKRRKLATThrzeucJleaxfDTTBP2IjiQfckaNtTr3QdYIarOgXHGr7kJkHbwcKpCrGZS/+oOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izKGmE2s8W687IhXUGZBgr+6QhC/f3REYjradRaDsjasZ6tTY3/6v1UjO88TMuk9SgZMuPhqkgJibz28mAK2RGTC1QprjdlbAxVZQZm1DJhuCtnrwO7VrVs/xwVanf5nEU4QzO4RI8uIY63EETWsBgAs/wCm9O4rw4787HsrXg5DOn8EfO5w/NE480</latexit>

x0
<latexit sha1_base64="9squO0SGSnXTf+7asmr5iHlAgU4=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqeyKoMeiF48V7AO6a8lms21oHkuSFctS8K948aCIV3+HN/+N2XYP2joQMsx8H5lMlDKqjed9O0vLK6tr65WN6ubW9s6uu7ff1jJTmLSwZFJ1I6QJo4K0DDWMdFNFEI8Y6USj68LvPBClqRR3ZpySkKOBoAnFyFip7x4GkWSxHnN75Y+T+yBVlJO+W/Pq3hRwkfglqYESzb77FcQSZ5wIgxnSuud7qQlzpAzFjEyqQaZJivAIDUjPUoE40WE+jT+BJ1aJYSKVPcLAqfp7I0dcFwntJEdmqOe9QvzP62UmuQxzKtLMEIFnDyUZg0bCogsYU0WwYWNLEFbUZoV4iBTCxjZWtSX4819eJO2zum/57XmtcVXWUQFH4BicAh9cgAa4AU3QAhjk4Bm8gjfnyXlx3p2P2eiSU+4cgD9wPn8AT3mWVw==</latexit><latexit sha1_base64="9squO0SGSnXTf+7asmr5iHlAgU4=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqeyKoMeiF48V7AO6a8lms21oHkuSFctS8K948aCIV3+HN/+N2XYP2joQMsx8H5lMlDKqjed9O0vLK6tr65WN6ubW9s6uu7ff1jJTmLSwZFJ1I6QJo4K0DDWMdFNFEI8Y6USj68LvPBClqRR3ZpySkKOBoAnFyFip7x4GkWSxHnN75Y+T+yBVlJO+W/Pq3hRwkfglqYESzb77FcQSZ5wIgxnSuud7qQlzpAzFjEyqQaZJivAIDUjPUoE40WE+jT+BJ1aJYSKVPcLAqfp7I0dcFwntJEdmqOe9QvzP62UmuQxzKtLMEIFnDyUZg0bCogsYU0WwYWNLEFbUZoV4iBTCxjZWtSX4819eJO2zum/57XmtcVXWUQFH4BicAh9cgAa4AU3QAhjk4Bm8gjfnyXlx3p2P2eiSU+4cgD9wPn8AT3mWVw==</latexit><latexit sha1_base64="9squO0SGSnXTf+7asmr5iHlAgU4=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqeyKoMeiF48V7AO6a8lms21oHkuSFctS8K948aCIV3+HN/+N2XYP2joQMsx8H5lMlDKqjed9O0vLK6tr65WN6ubW9s6uu7ff1jJTmLSwZFJ1I6QJo4K0DDWMdFNFEI8Y6USj68LvPBClqRR3ZpySkKOBoAnFyFip7x4GkWSxHnN75Y+T+yBVlJO+W/Pq3hRwkfglqYESzb77FcQSZ5wIgxnSuud7qQlzpAzFjEyqQaZJivAIDUjPUoE40WE+jT+BJ1aJYSKVPcLAqfp7I0dcFwntJEdmqOe9QvzP62UmuQxzKtLMEIFnDyUZg0bCogsYU0WwYWNLEFbUZoV4iBTCxjZWtSX4819eJO2zum/57XmtcVXWUQFH4BicAh9cgAa4AU3QAhjk4Bm8gjfnyXlx3p2P2eiSU+4cgD9wPn8AT3mWVw==</latexit><latexit sha1_base64="9squO0SGSnXTf+7asmr5iHlAgU4=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqeyKoMeiF48V7AO6a8lms21oHkuSFctS8K948aCIV3+HN/+N2XYP2joQMsx8H5lMlDKqjed9O0vLK6tr65WN6ubW9s6uu7ff1jJTmLSwZFJ1I6QJo4K0DDWMdFNFEI8Y6USj68LvPBClqRR3ZpySkKOBoAnFyFip7x4GkWSxHnN75Y+T+yBVlJO+W/Pq3hRwkfglqYESzb77FcQSZ5wIgxnSuud7qQlzpAzFjEyqQaZJivAIDUjPUoE40WE+jT+BJ1aJYSKVPcLAqfp7I0dcFwntJEdmqOe9QvzP62UmuQxzKtLMEIFnDyUZg0bCogsYU0WwYWNLEFbUZoV4iBTCxjZWtSX4819eJO2zum/57XmtcVXWUQFH4BicAh9cgAa4AU3QAhjk4Bm8gjfnyXlx3p2P2eiSU+4cgD9wPn8AT3mWVw==</latexit>

X 0 = R>X � t
<latexit sha1_base64="BW731yzHtd5WOek9ic8aSAE4EL0=">AAACGHicbVDLSgMxFM3UV62vUZdugkVwY50RQTdC0Y3LKvYBnWnJpGkbmpkMyR2hDP0MN/6KGxeKuO3OvzHTdmFbD4QczrmXe+8JYsE1OM6PlVtZXVvfyG8WtrZ3dvfs/YOalomirEqlkKoREM0Ej1gVOAjWiBUjYSBYPRjcZX79mSnNZfQEw5j5IelFvMspASO17XMvkKKjh6H50sao5cWKhwzf4MeWBzIuzNtn0LaLTsmZAC8Td0aKaIZK2x57HUmTkEVABdG66Tox+ClRwKlgo4KXaBYTOiA91jQ0IiHTfjo5bIRPjNLBXanMiwBP1L8dKQl1tpypDAn09aKXif95zQS6137KozgBFtHpoG4iMEicpYQ7XDEKYmgIoYqbXTHtE0UomCwLJgR38eRlUrsouYY/XBbLt7M48ugIHaNT5KIrVEb3qIKqiKIX9IY+0Kf1ar1bX9b3tDRnzXoO0Rys8S97E6Cl</latexit><latexit sha1_base64="BW731yzHtd5WOek9ic8aSAE4EL0=">AAACGHicbVDLSgMxFM3UV62vUZdugkVwY50RQTdC0Y3LKvYBnWnJpGkbmpkMyR2hDP0MN/6KGxeKuO3OvzHTdmFbD4QczrmXe+8JYsE1OM6PlVtZXVvfyG8WtrZ3dvfs/YOalomirEqlkKoREM0Ej1gVOAjWiBUjYSBYPRjcZX79mSnNZfQEw5j5IelFvMspASO17XMvkKKjh6H50sao5cWKhwzf4MeWBzIuzNtn0LaLTsmZAC8Td0aKaIZK2x57HUmTkEVABdG66Tox+ClRwKlgo4KXaBYTOiA91jQ0IiHTfjo5bIRPjNLBXanMiwBP1L8dKQl1tpypDAn09aKXif95zQS6137KozgBFtHpoG4iMEicpYQ7XDEKYmgIoYqbXTHtE0UomCwLJgR38eRlUrsouYY/XBbLt7M48ugIHaNT5KIrVEb3qIKqiKIX9IY+0Kf1ar1bX9b3tDRnzXoO0Rys8S97E6Cl</latexit><latexit sha1_base64="BW731yzHtd5WOek9ic8aSAE4EL0=">AAACGHicbVDLSgMxFM3UV62vUZdugkVwY50RQTdC0Y3LKvYBnWnJpGkbmpkMyR2hDP0MN/6KGxeKuO3OvzHTdmFbD4QczrmXe+8JYsE1OM6PlVtZXVvfyG8WtrZ3dvfs/YOalomirEqlkKoREM0Ej1gVOAjWiBUjYSBYPRjcZX79mSnNZfQEw5j5IelFvMspASO17XMvkKKjh6H50sao5cWKhwzf4MeWBzIuzNtn0LaLTsmZAC8Td0aKaIZK2x57HUmTkEVABdG66Tox+ClRwKlgo4KXaBYTOiA91jQ0IiHTfjo5bIRPjNLBXanMiwBP1L8dKQl1tpypDAn09aKXif95zQS6137KozgBFtHpoG4iMEicpYQ7XDEKYmgIoYqbXTHtE0UomCwLJgR38eRlUrsouYY/XBbLt7M48ugIHaNT5KIrVEb3qIKqiKIX9IY+0Kf1ar1bX9b3tDRnzXoO0Rys8S97E6Cl</latexit><latexit sha1_base64="BW731yzHtd5WOek9ic8aSAE4EL0=">AAACGHicbVDLSgMxFM3UV62vUZdugkVwY50RQTdC0Y3LKvYBnWnJpGkbmpkMyR2hDP0MN/6KGxeKuO3OvzHTdmFbD4QczrmXe+8JYsE1OM6PlVtZXVvfyG8WtrZ3dvfs/YOalomirEqlkKoREM0Ej1gVOAjWiBUjYSBYPRjcZX79mSnNZfQEw5j5IelFvMspASO17XMvkKKjh6H50sao5cWKhwzf4MeWBzIuzNtn0LaLTsmZAC8Td0aKaIZK2x57HUmTkEVABdG66Tox+ClRwKlgo4KXaBYTOiA91jQ0IiHTfjo5bIRPjNLBXanMiwBP1L8dKQl1tpypDAn09aKXif95zQS6137KozgBFtHpoG4iMEicpYQ7XDEKYmgIoYqbXTHtE0UomCwLJgR38eRlUrsouYY/XBbLt7M48ugIHaNT5KIrVEb3qIKqiKIX9IY+0Kf1ar1bX9b3tDRnzXoO0Rys8S97E6Cl</latexit>

IC1
<latexit sha1_base64="KyqOSH+3IapC0guwS/In7oNexRc=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY7EVvFewHtCFstpt26WYTdidCCf0RXjwo4tXf481/47bNQasvLDy8M8POvGEqhUHX/XJKa+sbm1vl7crO7t7+QfXwqGOSTDPeZolMdC+khkuheBsFSt5LNadxKHk3nDTn9e4j10Yk6gGnKfdjOlIiEoyitbp3Qd4MvFlQrbl1dyHyF7wCalCoFVQ/B8OEZTFXyCQ1pu+5Kfo51SiY5LPKIDM8pWxCR7xvUdGYGz9frDsjZ9YZkijR9ikkC/fnRE5jY6ZxaDtjimOzWpub/9X6GUbXfi5UmiFXbPlRlEmCCZnfToZCc4ZyaoEyLeyuhI2ppgxtQhUbgrd68l/oXNQ9y/eXtcZNEUcZTuAUzsGDK2jALbSgDQwm8AQv8OqkzrPz5rwvW0tOMXMMv+R8fAPLjo8z</latexit><latexit sha1_base64="KyqOSH+3IapC0guwS/In7oNexRc=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY7EVvFewHtCFstpt26WYTdidCCf0RXjwo4tXf481/47bNQasvLDy8M8POvGEqhUHX/XJKa+sbm1vl7crO7t7+QfXwqGOSTDPeZolMdC+khkuheBsFSt5LNadxKHk3nDTn9e4j10Yk6gGnKfdjOlIiEoyitbp3Qd4MvFlQrbl1dyHyF7wCalCoFVQ/B8OEZTFXyCQ1pu+5Kfo51SiY5LPKIDM8pWxCR7xvUdGYGz9frDsjZ9YZkijR9ikkC/fnRE5jY6ZxaDtjimOzWpub/9X6GUbXfi5UmiFXbPlRlEmCCZnfToZCc4ZyaoEyLeyuhI2ppgxtQhUbgrd68l/oXNQ9y/eXtcZNEUcZTuAUzsGDK2jALbSgDQwm8AQv8OqkzrPz5rwvW0tOMXMMv+R8fAPLjo8z</latexit><latexit sha1_base64="KyqOSH+3IapC0guwS/In7oNexRc=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY7EVvFewHtCFstpt26WYTdidCCf0RXjwo4tXf481/47bNQasvLDy8M8POvGEqhUHX/XJKa+sbm1vl7crO7t7+QfXwqGOSTDPeZolMdC+khkuheBsFSt5LNadxKHk3nDTn9e4j10Yk6gGnKfdjOlIiEoyitbp3Qd4MvFlQrbl1dyHyF7wCalCoFVQ/B8OEZTFXyCQ1pu+5Kfo51SiY5LPKIDM8pWxCR7xvUdGYGz9frDsjZ9YZkijR9ikkC/fnRE5jY6ZxaDtjimOzWpub/9X6GUbXfi5UmiFXbPlRlEmCCZnfToZCc4ZyaoEyLeyuhI2ppgxtQhUbgrd68l/oXNQ9y/eXtcZNEUcZTuAUzsGDK2jALbSgDQwm8AQv8OqkzrPz5rwvW0tOMXMMv+R8fAPLjo8z</latexit><latexit sha1_base64="KyqOSH+3IapC0guwS/In7oNexRc=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY7EVvFewHtCFstpt26WYTdidCCf0RXjwo4tXf481/47bNQasvLDy8M8POvGEqhUHX/XJKa+sbm1vl7crO7t7+QfXwqGOSTDPeZolMdC+khkuheBsFSt5LNadxKHk3nDTn9e4j10Yk6gGnKfdjOlIiEoyitbp3Qd4MvFlQrbl1dyHyF7wCalCoFVQ/B8OEZTFXyCQ1pu+5Kfo51SiY5LPKIDM8pWxCR7xvUdGYGz9frDsjZ9YZkijR9ikkC/fnRE5jY6ZxaDtjimOzWpub/9X6GUbXfi5UmiFXbPlRlEmCCZnfToZCc4ZyaoEyLeyuhI2ppgxtQhUbgrd68l/oXNQ9y/eXtcZNEUcZTuAUzsGDK2jALbSgDQwm8AQv8OqkzrPz5rwvW0tOMXMMv+R8fAPLjo8z</latexit>

IC2
<latexit sha1_base64="bH8/6wThhQiAphXyIlEho8Cqt/o=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IveKtgPaEPYbKft0s0m7G6EEvojvHhQxKu/x5v/xm2bg7a+sPDwzgw784aJ4Nq47rdT2Njc2t4p7pb29g8Oj8rHJ20dp4phi8UiVt2QahRcYstwI7CbKKRRKLATThrzeucJleaxfDTTBP2IjiQfckaNtTr3QdYIarOgXHGr7kJkHbwcKpCrGZS/+oOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izKGmE2s8W687IhXUGZBgr+6QhC/f3REYjradRaDsjasZ6tTY3/6v1UjO88TMuk9SgZMuPhqkgJibz28mAK2RGTC1QprjdlbAxVZQZm1DJhuCtnrwO7VrVs/xwVanf5nEU4QzO4RI8uIY63EETWsBgAs/wCm9O4rw4787HsrXg5DOn8EfO5w/NE480</latexit><latexit sha1_base64="bH8/6wThhQiAphXyIlEho8Cqt/o=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IveKtgPaEPYbKft0s0m7G6EEvojvHhQxKu/x5v/xm2bg7a+sPDwzgw784aJ4Nq47rdT2Njc2t4p7pb29g8Oj8rHJ20dp4phi8UiVt2QahRcYstwI7CbKKRRKLATThrzeucJleaxfDTTBP2IjiQfckaNtTr3QdYIarOgXHGr7kJkHbwcKpCrGZS/+oOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izKGmE2s8W687IhXUGZBgr+6QhC/f3REYjradRaDsjasZ6tTY3/6v1UjO88TMuk9SgZMuPhqkgJibz28mAK2RGTC1QprjdlbAxVZQZm1DJhuCtnrwO7VrVs/xwVanf5nEU4QzO4RI8uIY63EETWsBgAs/wCm9O4rw4787HsrXg5DOn8EfO5w/NE480</latexit><latexit sha1_base64="bH8/6wThhQiAphXyIlEho8Cqt/o=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IveKtgPaEPYbKft0s0m7G6EEvojvHhQxKu/x5v/xm2bg7a+sPDwzgw784aJ4Nq47rdT2Njc2t4p7pb29g8Oj8rHJ20dp4phi8UiVt2QahRcYstwI7CbKKRRKLATThrzeucJleaxfDTTBP2IjiQfckaNtTr3QdYIarOgXHGr7kJkHbwcKpCrGZS/+oOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izKGmE2s8W687IhXUGZBgr+6QhC/f3REYjradRaDsjasZ6tTY3/6v1UjO88TMuk9SgZMuPhqkgJibz28mAK2RGTC1QprjdlbAxVZQZm1DJhuCtnrwO7VrVs/xwVanf5nEU4QzO4RI8uIY63EETWsBgAs/wCm9O4rw4787HsrXg5DOn8EfO5w/NE480</latexit><latexit sha1_base64="bH8/6wThhQiAphXyIlEho8Cqt/o=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix2IveKtgPaEPYbKft0s0m7G6EEvojvHhQxKu/x5v/xm2bg7a+sPDwzgw784aJ4Nq47rdT2Njc2t4p7pb29g8Oj8rHJ20dp4phi8UiVt2QahRcYstwI7CbKKRRKLATThrzeucJleaxfDTTBP2IjiQfckaNtTr3QdYIarOgXHGr7kJkHbwcKpCrGZS/+oOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izKGmE2s8W687IhXUGZBgr+6QhC/f3REYjradRaDsjasZ6tTY3/6v1UjO88TMuk9SgZMuPhqkgJibz28mAK2RGTC1QprjdlbAxVZQZm1DJhuCtnrwO7VrVs/xwVanf5nEU4QzO4RI8uIY63EETWsBgAs/wCm9O4rw4787HsrXg5DOn8EfO5w/NE480</latexit>

x0
<latexit sha1_base64="9squO0SGSnXTf+7asmr5iHlAgU4=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqeyKoMeiF48V7AO6a8lms21oHkuSFctS8K948aCIV3+HN/+N2XYP2joQMsx8H5lMlDKqjed9O0vLK6tr65WN6ubW9s6uu7ff1jJTmLSwZFJ1I6QJo4K0DDWMdFNFEI8Y6USj68LvPBClqRR3ZpySkKOBoAnFyFip7x4GkWSxHnN75Y+T+yBVlJO+W/Pq3hRwkfglqYESzb77FcQSZ5wIgxnSuud7qQlzpAzFjEyqQaZJivAIDUjPUoE40WE+jT+BJ1aJYSKVPcLAqfp7I0dcFwntJEdmqOe9QvzP62UmuQxzKtLMEIFnDyUZg0bCogsYU0WwYWNLEFbUZoV4iBTCxjZWtSX4819eJO2zum/57XmtcVXWUQFH4BicAh9cgAa4AU3QAhjk4Bm8gjfnyXlx3p2P2eiSU+4cgD9wPn8AT3mWVw==</latexit><latexit sha1_base64="9squO0SGSnXTf+7asmr5iHlAgU4=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqeyKoMeiF48V7AO6a8lms21oHkuSFctS8K948aCIV3+HN/+N2XYP2joQMsx8H5lMlDKqjed9O0vLK6tr65WN6ubW9s6uu7ff1jJTmLSwZFJ1I6QJo4K0DDWMdFNFEI8Y6USj68LvPBClqRR3ZpySkKOBoAnFyFip7x4GkWSxHnN75Y+T+yBVlJO+W/Pq3hRwkfglqYESzb77FcQSZ5wIgxnSuud7qQlzpAzFjEyqQaZJivAIDUjPUoE40WE+jT+BJ1aJYSKVPcLAqfp7I0dcFwntJEdmqOe9QvzP62UmuQxzKtLMEIFnDyUZg0bCogsYU0WwYWNLEFbUZoV4iBTCxjZWtSX4819eJO2zum/57XmtcVXWUQFH4BicAh9cgAa4AU3QAhjk4Bm8gjfnyXlx3p2P2eiSU+4cgD9wPn8AT3mWVw==</latexit><latexit sha1_base64="9squO0SGSnXTf+7asmr5iHlAgU4=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqeyKoMeiF48V7AO6a8lms21oHkuSFctS8K948aCIV3+HN/+N2XYP2joQMsx8H5lMlDKqjed9O0vLK6tr65WN6ubW9s6uu7ff1jJTmLSwZFJ1I6QJo4K0DDWMdFNFEI8Y6USj68LvPBClqRR3ZpySkKOBoAnFyFip7x4GkWSxHnN75Y+T+yBVlJO+W/Pq3hRwkfglqYESzb77FcQSZ5wIgxnSuud7qQlzpAzFjEyqQaZJivAIDUjPUoE40WE+jT+BJ1aJYSKVPcLAqfp7I0dcFwntJEdmqOe9QvzP62UmuQxzKtLMEIFnDyUZg0bCogsYU0WwYWNLEFbUZoV4iBTCxjZWtSX4819eJO2zum/57XmtcVXWUQFH4BicAh9cgAa4AU3QAhjk4Bm8gjfnyXlx3p2P2eiSU+4cgD9wPn8AT3mWVw==</latexit><latexit sha1_base64="9squO0SGSnXTf+7asmr5iHlAgU4=">AAAB/nicbVBLSwMxGMz6rPW1Kp68BIvgqeyKoMeiF48V7AO6a8lms21oHkuSFctS8K948aCIV3+HN/+N2XYP2joQMsx8H5lMlDKqjed9O0vLK6tr65WN6ubW9s6uu7ff1jJTmLSwZFJ1I6QJo4K0DDWMdFNFEI8Y6USj68LvPBClqRR3ZpySkKOBoAnFyFip7x4GkWSxHnN75Y+T+yBVlJO+W/Pq3hRwkfglqYESzb77FcQSZ5wIgxnSuud7qQlzpAzFjEyqQaZJivAIDUjPUoE40WE+jT+BJ1aJYSKVPcLAqfp7I0dcFwntJEdmqOe9QvzP62UmuQxzKtLMEIFnDyUZg0bCogsYU0WwYWNLEFbUZoV4iBTCxjZWtSX4819eJO2zum/57XmtcVXWUQFH4BicAh9cgAa4AU3QAhjk4Bm8gjfnyXlx3p2P2eiSU+4cgD9wPn8AT3mWVw==</latexit>

x
<latexit sha1_base64="LlcxfOHeXPIQwEm33jqcOn/n7lo=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWQymTY0kwxJRi1D/8ONC0Xc+i/u/Bsz7Sy09UDI4Zx7yckJEs60cd1vp7Syura+Ud6sbG3v7O5V9w/aWqaK0BaRXKpugDXlTNCWYYbTbqIojgNOO8H4Ovc7D1RpJsWdmSTUj/FQsIgRbKx03w8kD/Uktlf2NB1Ua27dnQEtE68gNSjQHFS/+qEkaUyFIRxr3fPcxPgZVoYRTqeVfqppgskYD2nPUoFjqv1slnqKTqwSokgqe4RBM/X3RoZjnUezkzE2I73o5eJ/Xi810aWfMZGkhgoyfyhKOTIS5RWgkClKDJ9YgoliNisiI6wwMbaoii3BW/zyMmmf1T3Lb89rjauijjIcwTGcggcX0IAbaEILCCh4hld4cx6dF+fd+ZiPlpxi5xD+wPn8AVNOkwk=</latexit><latexit sha1_base64="LlcxfOHeXPIQwEm33jqcOn/n7lo=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWQymTY0kwxJRi1D/8ONC0Xc+i/u/Bsz7Sy09UDI4Zx7yckJEs60cd1vp7Syura+Ud6sbG3v7O5V9w/aWqaK0BaRXKpugDXlTNCWYYbTbqIojgNOO8H4Ovc7D1RpJsWdmSTUj/FQsIgRbKx03w8kD/Uktlf2NB1Ua27dnQEtE68gNSjQHFS/+qEkaUyFIRxr3fPcxPgZVoYRTqeVfqppgskYD2nPUoFjqv1slnqKTqwSokgqe4RBM/X3RoZjnUezkzE2I73o5eJ/Xi810aWfMZGkhgoyfyhKOTIS5RWgkClKDJ9YgoliNisiI6wwMbaoii3BW/zyMmmf1T3Lb89rjauijjIcwTGcggcX0IAbaEILCCh4hld4cx6dF+fd+ZiPlpxi5xD+wPn8AVNOkwk=</latexit><latexit sha1_base64="LlcxfOHeXPIQwEm33jqcOn/n7lo=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWQymTY0kwxJRi1D/8ONC0Xc+i/u/Bsz7Sy09UDI4Zx7yckJEs60cd1vp7Syura+Ud6sbG3v7O5V9w/aWqaK0BaRXKpugDXlTNCWYYbTbqIojgNOO8H4Ovc7D1RpJsWdmSTUj/FQsIgRbKx03w8kD/Uktlf2NB1Ua27dnQEtE68gNSjQHFS/+qEkaUyFIRxr3fPcxPgZVoYRTqeVfqppgskYD2nPUoFjqv1slnqKTqwSokgqe4RBM/X3RoZjnUezkzE2I73o5eJ/Xi810aWfMZGkhgoyfyhKOTIS5RWgkClKDJ9YgoliNisiI6wwMbaoii3BW/zyMmmf1T3Lb89rjauijjIcwTGcggcX0IAbaEILCCh4hld4cx6dF+fd+ZiPlpxi5xD+wPn8AVNOkwk=</latexit><latexit sha1_base64="LlcxfOHeXPIQwEm33jqcOn/n7lo=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWQymTY0kwxJRi1D/8ONC0Xc+i/u/Bsz7Sy09UDI4Zx7yckJEs60cd1vp7Syura+Ud6sbG3v7O5V9w/aWqaK0BaRXKpugDXlTNCWYYbTbqIojgNOO8H4Ovc7D1RpJsWdmSTUj/FQsIgRbKx03w8kD/Uktlf2NB1Ua27dnQEtE68gNSjQHFS/+qEkaUyFIRxr3fPcxPgZVoYRTqeVfqppgskYD2nPUoFjqv1slnqKTqwSokgqe4RBM/X3RoZjnUezkzE2I73o5eJ/Xi810aWfMZGkhgoyfyhKOTIS5RWgkClKDJ9YgoliNisiI6wwMbaoii3BW/zyMmmf1T3Lb89rjauijjIcwTGcggcX0IAbaEILCCh4hld4cx6dF+fd+ZiPlpxi5xD+wPn8AVNOkwk=</latexit>

v = x0 � x
<latexit sha1_base64="HmTgAcgCA0iHSx/O/f+qmtxapJQ=">AAACIHicbVDLSsNAFJ3UV62vqEs3g0VwY0lEqBuh6MZlBfuAJpbJZNIOnWTCzKRYQj7Fjb/ixoUiutOvcdJmUVsPDHM4517uvceLGZXKsr6N0srq2vpGebOytb2zu2fuH7QlTwQmLcwZF10PScJoRFqKKka6sSAo9BjpeKOb3O+MiZCUR/dqEhM3RIOIBhQjpaW+WXc8znw5CfWXjjN4BeeFx+zBiQUNCTxb0Ptm1apZU8BlYhekCgo0++aX43OchCRSmCEpe7YVKzdFQlHMSFZxEklihEdoQHqaRigk0k2nB2bwRCs+DLjQL1Jwqs53pCiU+Wq6MkRqKBe9XPzP6yUquHRTGsWJIhGeDQoSBhWHeVrQp4JgxSaaICyo3hXiIRIIK51pRYdgL568TNrnNVvzu4tq47qIowyOwDE4BTaogwa4BU3QAhg8gRfwBt6NZ+PV+DA+Z6Ulo+g5BH9g/PwCzwKkmQ==</latexit><latexit sha1_base64="HmTgAcgCA0iHSx/O/f+qmtxapJQ=">AAACIHicbVDLSsNAFJ3UV62vqEs3g0VwY0lEqBuh6MZlBfuAJpbJZNIOnWTCzKRYQj7Fjb/ixoUiutOvcdJmUVsPDHM4517uvceLGZXKsr6N0srq2vpGebOytb2zu2fuH7QlTwQmLcwZF10PScJoRFqKKka6sSAo9BjpeKOb3O+MiZCUR/dqEhM3RIOIBhQjpaW+WXc8znw5CfWXjjN4BeeFx+zBiQUNCTxb0Ptm1apZU8BlYhekCgo0++aX43OchCRSmCEpe7YVKzdFQlHMSFZxEklihEdoQHqaRigk0k2nB2bwRCs+DLjQL1Jwqs53pCiU+Wq6MkRqKBe9XPzP6yUquHRTGsWJIhGeDQoSBhWHeVrQp4JgxSaaICyo3hXiIRIIK51pRYdgL568TNrnNVvzu4tq47qIowyOwDE4BTaogwa4BU3QAhg8gRfwBt6NZ+PV+DA+Z6Ulo+g5BH9g/PwCzwKkmQ==</latexit><latexit sha1_base64="HmTgAcgCA0iHSx/O/f+qmtxapJQ=">AAACIHicbVDLSsNAFJ3UV62vqEs3g0VwY0lEqBuh6MZlBfuAJpbJZNIOnWTCzKRYQj7Fjb/ixoUiutOvcdJmUVsPDHM4517uvceLGZXKsr6N0srq2vpGebOytb2zu2fuH7QlTwQmLcwZF10PScJoRFqKKka6sSAo9BjpeKOb3O+MiZCUR/dqEhM3RIOIBhQjpaW+WXc8znw5CfWXjjN4BeeFx+zBiQUNCTxb0Ptm1apZU8BlYhekCgo0++aX43OchCRSmCEpe7YVKzdFQlHMSFZxEklihEdoQHqaRigk0k2nB2bwRCs+DLjQL1Jwqs53pCiU+Wq6MkRqKBe9XPzP6yUquHRTGsWJIhGeDQoSBhWHeVrQp4JgxSaaICyo3hXiIRIIK51pRYdgL568TNrnNVvzu4tq47qIowyOwDE4BTaogwa4BU3QAhg8gRfwBt6NZ+PV+DA+Z6Ulo+g5BH9g/PwCzwKkmQ==</latexit><latexit sha1_base64="HmTgAcgCA0iHSx/O/f+qmtxapJQ=">AAACIHicbVDLSsNAFJ3UV62vqEs3g0VwY0lEqBuh6MZlBfuAJpbJZNIOnWTCzKRYQj7Fjb/ixoUiutOvcdJmUVsPDHM4517uvceLGZXKsr6N0srq2vpGebOytb2zu2fuH7QlTwQmLcwZF10PScJoRFqKKka6sSAo9BjpeKOb3O+MiZCUR/dqEhM3RIOIBhQjpaW+WXc8znw5CfWXjjN4BeeFx+zBiQUNCTxb0Ptm1apZU8BlYhekCgo0++aX43OchCRSmCEpe7YVKzdFQlHMSFZxEklihEdoQHqaRigk0k2nB2bwRCs+DLjQL1Jwqs53pCiU+Wq6MkRqKBe9XPzP6yUquHRTGsWJIhGeDQoSBhWHeVrQp4JgxSaaICyo3hXiIRIIK51pRYdgL568TNrnNVvzu4tq47qIowyOwDE4BTaogwa4BU3QAhg8gRfwBt6NZ+PV+DA+Z6Ulo+g5BH9g/PwCzwKkmQ==</latexit>

Motion Field v
<latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="gJaWdikB1dwzWqh4YadT4WHP4gs=">AAACAXicbVBNSwMxEJ3121q1evUSLIKnsutFj4IgXoQKVgttKdnstA3NbpZktliW/gAv/hUvHhTxT3jz35itPWjrg5CX92bIzAtTJS35/pe3tLyyura+sVnaKm/v7Fb2yndWZ0ZgQ2ilTTPkFpVMsEGSFDZTgzwOFd6Hw4vCvx+hsVIntzROsRPzfiJ7UnByUrdSbRM+UH6tiye7lKgiNmHtUKvIjmN35aOJq/Jr/hRskQQzUoUZ6t3KZzvSIosxIaG4ta3AT6mTc0NSKJyU2pnFlIsh72PL0YTHaDv5dJkJO3JKxHrauJMQm6q/O3Ie22I0VxlzGth5rxD/81oZ9c46uUzSjDARPx/1MsVIsyIZFkmDgtTYES6MdLMyMeCGC3L5lVwIwfzKi+TupBY4fuPDBhzAIRxDAKdwDldQhwYIeIRneIU378l78d5/4lryZrntwx94H9/Bgppm</latexit><latexit sha1_base64="gJaWdikB1dwzWqh4YadT4WHP4gs=">AAACAXicbVBNSwMxEJ3121q1evUSLIKnsutFj4IgXoQKVgttKdnstA3NbpZktliW/gAv/hUvHhTxT3jz35itPWjrg5CX92bIzAtTJS35/pe3tLyyura+sVnaKm/v7Fb2yndWZ0ZgQ2ilTTPkFpVMsEGSFDZTgzwOFd6Hw4vCvx+hsVIntzROsRPzfiJ7UnByUrdSbRM+UH6tiye7lKgiNmHtUKvIjmN35aOJq/Jr/hRskQQzUoUZ6t3KZzvSIosxIaG4ta3AT6mTc0NSKJyU2pnFlIsh72PL0YTHaDv5dJkJO3JKxHrauJMQm6q/O3Ie22I0VxlzGth5rxD/81oZ9c46uUzSjDARPx/1MsVIsyIZFkmDgtTYES6MdLMyMeCGC3L5lVwIwfzKi+TupBY4fuPDBhzAIRxDAKdwDldQhwYIeIRneIU378l78d5/4lryZrntwx94H9/Bgppm</latexit><latexit sha1_base64="nxbISR4WhQn8jbtjHnaeAObhX40=">AAACDHicbVDLSgMxFM3UV62vqks3wSK4KjNudFkUxI1QwT6gLSWTuW1DM5MhuVMsQz/Ajb/ixoUibv0Ad/6NmbYLbT0QcnLuueTe48dSGHTdbye3srq2vpHfLGxt7+zuFfcP6kYlmkONK6l002cGpIighgIlNGMNLPQlNPzhVVZvjEAboaJ7HMfQCVk/Ej3BGVqpWyy1ER4wvVXZk14LkAGd0LavZGDGob3S0cS63LI7BV0m3pyUyBzVbvGrHSiehBAhl8yYlufG2EmZRsElTArtxEDM+JD1oWVpxEIwnXS6zISeWCWgPaXtiZBO1d8dKQtNNpp1hgwHZrGWif/VWgn2LjqpiOIEIeKzj3qJpKholgwNhAaOcmwJ41rYWSkfMM042vwKNgRvceVlUj8re5bfuaXK5TyOPDkix+SUeOScVMgNqZIa4eSRPJNX8uY8OS/Ou/Mxs+acec8h+QPn8wdyKpvZ</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="gJaWdikB1dwzWqh4YadT4WHP4gs=">AAACAXicbVBNSwMxEJ3121q1evUSLIKnsutFj4IgXoQKVgttKdnstA3NbpZktliW/gAv/hUvHhTxT3jz35itPWjrg5CX92bIzAtTJS35/pe3tLyyura+sVnaKm/v7Fb2yndWZ0ZgQ2ilTTPkFpVMsEGSFDZTgzwOFd6Hw4vCvx+hsVIntzROsRPzfiJ7UnByUrdSbRM+UH6tiye7lKgiNmHtUKvIjmN35aOJq/Jr/hRskQQzUoUZ6t3KZzvSIosxIaG4ta3AT6mTc0NSKJyU2pnFlIsh72PL0YTHaDv5dJkJO3JKxHrauJMQm6q/O3Ie22I0VxlzGth5rxD/81oZ9c46uUzSjDARPx/1MsVIsyIZFkmDgtTYES6MdLMyMeCGC3L5lVwIwfzKi+TupBY4fuPDBhzAIRxDAKdwDldQhwYIeIRneIU378l78d5/4lryZrntwx94H9/Bgppm</latexit><latexit sha1_base64="gJaWdikB1dwzWqh4YadT4WHP4gs=">AAACAXicbVBNSwMxEJ3121q1evUSLIKnsutFj4IgXoQKVgttKdnstA3NbpZktliW/gAv/hUvHhTxT3jz35itPWjrg5CX92bIzAtTJS35/pe3tLyyura+sVnaKm/v7Fb2yndWZ0ZgQ2ilTTPkFpVMsEGSFDZTgzwOFd6Hw4vCvx+hsVIntzROsRPzfiJ7UnByUrdSbRM+UH6tiye7lKgiNmHtUKvIjmN35aOJq/Jr/hRskQQzUoUZ6t3KZzvSIosxIaG4ta3AT6mTc0NSKJyU2pnFlIsh72PL0YTHaDv5dJkJO3JKxHrauJMQm6q/O3Ie22I0VxlzGth5rxD/81oZ9c46uUzSjDARPx/1MsVIsyIZFkmDgtTYES6MdLMyMeCGC3L5lVwIwfzKi+TupBY4fuPDBhzAIRxDAKdwDldQhwYIeIRneIU378l78d5/4lryZrntwx94H9/Bgppm</latexit><latexit sha1_base64="nxbISR4WhQn8jbtjHnaeAObhX40=">AAACDHicbVDLSgMxFM3UV62vqks3wSK4KjNudFkUxI1QwT6gLSWTuW1DM5MhuVMsQz/Ajb/ixoUibv0Ad/6NmbYLbT0QcnLuueTe48dSGHTdbye3srq2vpHfLGxt7+zuFfcP6kYlmkONK6l002cGpIighgIlNGMNLPQlNPzhVVZvjEAboaJ7HMfQCVk/Ej3BGVqpWyy1ER4wvVXZk14LkAGd0LavZGDGob3S0cS63LI7BV0m3pyUyBzVbvGrHSiehBAhl8yYlufG2EmZRsElTArtxEDM+JD1oWVpxEIwnXS6zISeWCWgPaXtiZBO1d8dKQtNNpp1hgwHZrGWif/VWgn2LjqpiOIEIeKzj3qJpKholgwNhAaOcmwJ41rYWSkfMM042vwKNgRvceVlUj8re5bfuaXK5TyOPDkix+SUeOScVMgNqZIa4eSRPJNX8uY8OS/Ou/Mxs+acec8h+QPn8wdyKpvZ</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit><latexit sha1_base64="hNZXVlMtgAZA2O8QRl22ryQ2zps=">AAACDHicbVDLSgMxFM34rPVVdekmWARXZUYEXRYFcSNUsA9oS8lkbtvQzGRI7hTL0A9w46+4caGIWz/AnX9jpu1CWw+EnJx7Lrn3+LEUBl3321laXlldW89t5De3tnd2C3v7NaMSzaHKlVS64TMDUkRQRYESGrEGFvoS6v7gKqvXh6CNUNE9jmJoh6wXia7gDK3UKRRbCA+Y3qrsSa8FyICOactXMjCj0F7pcGxdbsmdgC4Sb0aKZIZKp/DVChRPQoiQS2ZM03NjbKdMo+ASxvlWYiBmfMB60LQ0YiGYdjpZZkyPrRLQrtL2REgn6u+OlIUmG806Q4Z9M1/LxP9qzQS7F+1URHGCEPHpR91EUlQ0S4YGQgNHObKEcS3srJT3mWYcbX55G4I3v/IiqZ2WPMvvzorly1kcOXJIjsgJ8cg5KZMbUiFVwskjeSav5M15cl6cd+djal1yZj0H5A+czx9zapvd</latexit>

(a) Camera moved (b) Object moved

(c) Motion in image space

Figure 1.4: Relationship between 3D motion and 2D motion. A camera C1 watches an object X .
(a)As the camera moves from C1 to C2, in camera viewpoint, the object is moved from x to x′. In
the same way, when (b) the object moves from X to X ′ the 2D motion in image space is same as
previous case. Thus, in image space, the 2D motion from x to x′ cannot distinguish those cases
since the motion is relative to each other. We simply assume that always moving part is camera
while the objects are static.

into 2D according to the pinhole camera model. The 2D coordinate can be described using 3D

coordinates as follows:

x, y =
fX

Z
,
fY

Z
, (1.2)

where f mean focal length and Z mean depth of the 3D points. In order to get the movement at
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C1
<latexit sha1_base64="0kUvXLQ8bSD1EVqqo45hWfOukzA=">AAAB6nicbVDLSsNAFL2pr1pfVZduBovgqiS2+NgVu3FZ0T6gDWUynbRDJ5MwMxFK6Ce4caGIW7/InX/jJA2i1gMXDufcy733eBFnStv2p1VYWV1b3yhulra2d3b3yvsHHRXGktA2CXkoex5WlDNB25ppTnuRpDjwOO1602bqdx+oVCwU93oWUTfAY8F8RrA20l1z6AzLFbtqZ0DLxMlJBXK0huWPwSgkcUCFJhwr1XfsSLsJlpoRTuelQaxohMkUj2nfUIEDqtwkO3WOTowyQn4oTQmNMvXnRIIDpWaBZzoDrCfqr5eK/3n9WPuXbsJEFGsqyGKRH3OkQ5T+jUZMUqL5zBBMJDO3IjLBEhNt0illIVylOP9+eZl0zqpOrVq7rVca13kcRTiCYzgFBy6gATfQgjYQGMMjPMOLxa0n69V6W7QWrHzmEH7Bev8C06uNog==</latexit>

C2
<latexit sha1_base64="XBTHzbbTpM0042PTwL9PCmECmi0=">AAAB6nicbVDLSsNAFL2pr1pfVZduBovgqiSt+NgVu3FZ0T6gDWUynbRDJ5MwMxFK6Ce4caGIW7/InX/jJA2i1gMXDufcy733eBFnStv2p1VYWV1b3yhulra2d3b3yvsHHRXGktA2CXkoex5WlDNB25ppTnuRpDjwOO1602bqdx+oVCwU93oWUTfAY8F8RrA20l1zWBuWK3bVzoCWiZOTCuRoDcsfg1FI4oAKTThWqu/YkXYTLDUjnM5Lg1jRCJMpHtO+oQIHVLlJduocnRhlhPxQmhIaZerPiQQHSs0Cz3QGWE/UXy8V//P6sfYv3YSJKNZUkMUiP+ZIhyj9G42YpETzmSGYSGZuRWSCJSbapFPKQrhKcf798jLp1KpOvVq/Pas0rvM4inAEx3AKDlxAA26gBW0gMIZHeIYXi1tP1qv1tmgtWPnMIfyC9f4F1S+Now==</latexit>

t
<latexit sha1_base64="uHHGlcIMmbVqS9DQGhDIRMG0fsw=">AAAB6HicbVDJSgNBEK2JW4xb1KOXxiB4CjMqLregF48JmAWSIfR0apI2PQvdPUII+QIvHhTx6id582/smQyixgcFj/eqqKrnxYIrbdufVmFpeWV1rbhe2tjc2t4p7+61VJRIhk0WiUh2PKpQ8BCbmmuBnVgiDTyBbW98k/rtB5SKR+GdnsToBnQYcp8zqo3U0P1yxa7aGcgicXJSgRz1fvmjN4hYEmComaBKdR071u6USs2ZwFmplyiMKRvTIXYNDWmAyp1mh87IkVEGxI+kqVCTTP05MaWBUpPAM50B1SP110vF/7xuov1Ld8rDONEYsvkiPxFERyT9mgy4RKbFxBDKJDe3EjaikjJtsillIVylOP9+eZG0TqrOafW0cVapXedxFOEADuEYHLiAGtxCHZrAAOERnuHFureerFfrbd5asPKZffgF6/0L+PGNLw==</latexit>

(a) 3D shape (b) Camera motion (c) Motion field

Figure 1.5: Relationship between 3D shape, camera motion, and corresponding motion field from
camera viewpoint. (b) A camera moves from C1 to C2. In that case, the 2D motion in image space
can be drawn as (c). When the distance from camera to object is closer to camera, then the motion
becomes larger.

the point t, we take partial derivatives for both side with respect to time t.

∂x(t)

∂t
=

∂

∂t

fX(t)

Z(t)

=
f

Z(t)

∂X(t)

∂t
+ fX(t)

∂

∂t

1

Z(t)

=
f

Z(t)
∆X + fX(t)∆Z

Now, we can convert 3D motion to 2D motion if we know the 3D point X and focal length of the

camera. This mapping is used in Chapter 3 in order to estimate ego-motion from predicted 2D

motions.
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Loss = d(ŷ,y)
<latexit sha1_base64="fLRYqJD3POsG7tjo8gIPW3UvyWk=">AAACGXicbVDLSsNAFJ3UV62vqEs3g0WoICW14mMhFN24cFHBPqAJZTKZtEMnD2ZuxBLyG278FTcuFHGpK//GpC2+6oGBM+fcy8w5dii4AsP40HIzs3PzC/nFwtLyyuqavr7RVEEkKWvQQASybRPFBPdZAzgI1g4lI54tWMsenGd+64ZJxQP/GoYhszzS87nLKYFU6uqG6RHoUyLiyyRQCp9ip2T2CcQmsFuw3XiYJHv4+7Lb1YtG2RgBT5PKhBTRBPWu/mY6AY085gMVRKlOxQjBiokETgVLCmakWEjogPRYJ6U+8Ziy4lGyBO+kioPdQKbHBzxSf27ExFNq6NnpZJZD/fUy8T+vE4F7bMXcDyNgPh0/5EYCQ4CzmrDDJaMghikhVPL0r5j2iSQU0jILoxJOMhx+RZ4mzf1ypVquXh0Ua2eTOvJoC22jEqqgI1RDF6iOGoiiO/SAntCzdq89ai/a63g0p012NtEvaO+fa0KhVA==</latexit>

Depth Ground truth

CNN
<latexit sha1_base64="8xbXWORisTlXTQUUVmarqGg9ZRQ=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0ms+HEr9uKpVLC20ISy2W7apZtN2J2IJfRvePGgiFf/jDf/jZu0iFofDDzem2Fmnh8LrsG2P63C0vLK6lpxvbSxubW9U97du9NRoihr00hEqusTzQSXrA0cBOvGipHQF6zjjxuZ37lnSvNI3sIkZl5IhpIHnBIwkusCewA/SBvN5rRfrthVOwdeJM6cVNAcrX75wx1ENAmZBCqI1j3HjsFLiQJOBZuW3ESzmNAxGbKeoZKETHtpfvMUHxllgINImZKAc/XnREpCrSehbzpDAiP918vE/7xeAsGFl3IZJ8AknS0KEoEhwlkAeMAVoyAmhhCquLkV0xFRhIKJqZSHcJnh7PvlRXJ3UnVq1drNaaV+NY+jiA7QITpGDjpHdXSNWqiNKIrRI3pGL1ZiPVmv1tustWDNZ/bRL1jvXy3Akek=</latexit>

ŷ
<latexit sha1_base64="ATnSJw0lUtl1YwJRfsaCviWjI4A=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwVRIVH7uiG5cV7AOaUCbTSTt08mDmplhC/sSNC0Xc+ifu/BsnaRC1HrhwOOde7r3HiwVXYFmfRmVpeWV1rbpe29jc2t4xd/c6KkokZW0aiUj2PKKY4CFrAwfBerFkJPAE63qTm9zvTplUPArvYRYzNyCjkPucEtDSwDSdMYHUAfYAnp/Osmxg1q2GVQAvErskdVSiNTA/nGFEk4CFQAVRqm9bMbgpkcCpYFnNSRSLCZ2QEetrGpKAKTctLs/wkVaG2I+krhBwof6cSEmg1CzwdGdAYKz+ern4n9dPwL90Ux7GCbCQzhf5icAQ4TwGPOSSURAzTQiVXN+K6ZhIQkGHVStCuMpx/v3yIumcNOzTxundWb15XcZRRQfoEB0jG12gJrpFLdRGFE3RI3pGL0ZqPBmvxtu8tWKUM/voF4z3L5oClG0=</latexit>

y
<latexit sha1_base64="hFrcaHy6Ig+kTD2QFKuZrqjIN1o=">AAAB8XicbVDLSsNAFJ3UV62vqks3g0VwVRIVH7uiG5cV7APbUCbTSTt0MgkzN2II/Qs3LhRx69+482+cpEHUeuDC4Zx7ufceLxJcg21/WqWFxaXllfJqZW19Y3Orur3T1mGsKGvRUISq6xHNBJesBRwE60aKkcATrONNrjK/c8+U5qG8hSRibkBGkvucEjDSXR/YA3h+mkwH1Zpdt3PgeeIUpIYKNAfVj/4wpHHAJFBBtO45dgRuShRwKti00o81iwidkBHrGSpJwLSb5hdP8YFRhtgPlSkJOFd/TqQk0DoJPNMZEBjrv14m/uf1YvDP3ZTLKAYm6WyRHwsMIc7ex0OuGAWRGEKo4uZWTMdEEQompEoewkWG0++X50n7qO4c149vTmqNyyKOMtpD++gQOegMNdA1aqIWokiiR/SMXixtPVmv1tustWQVM7voF6z3L0EpkW8=</latexit>

Input

ŷ
<latexit sha1_base64="ATnSJw0lUtl1YwJRfsaCviWjI4A=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwVRIVH7uiG5cV7AOaUCbTSTt08mDmplhC/sSNC0Xc+ifu/BsnaRC1HrhwOOde7r3HiwVXYFmfRmVpeWV1rbpe29jc2t4xd/c6KkokZW0aiUj2PKKY4CFrAwfBerFkJPAE63qTm9zvTplUPArvYRYzNyCjkPucEtDSwDSdMYHUAfYAnp/Osmxg1q2GVQAvErskdVSiNTA/nGFEk4CFQAVRqm9bMbgpkcCpYFnNSRSLCZ2QEetrGpKAKTctLs/wkVaG2I+krhBwof6cSEmg1CzwdGdAYKz+ern4n9dPwL90Ux7GCbCQzhf5icAQ4TwGPOSSURAzTQiVXN+K6ZhIQkGHVStCuMpx/v3yIumcNOzTxundWb15XcZRRQfoEB0jG12gJrpFLdRGFE3RI3pGL0ZqPBmvxtu8tWKUM/voF4z3L5oClG0=</latexit>

y
<latexit sha1_base64="hFrcaHy6Ig+kTD2QFKuZrqjIN1o=">AAAB8XicbVDLSsNAFJ3UV62vqks3g0VwVRIVH7uiG5cV7APbUCbTSTt0MgkzN2II/Qs3LhRx69+482+cpEHUeuDC4Zx7ufceLxJcg21/WqWFxaXllfJqZW19Y3Orur3T1mGsKGvRUISq6xHNBJesBRwE60aKkcATrONNrjK/c8+U5qG8hSRibkBGkvucEjDSXR/YA3h+mkwH1Zpdt3PgeeIUpIYKNAfVj/4wpHHAJFBBtO45dgRuShRwKti00o81iwidkBHrGSpJwLSb5hdP8YFRhtgPlSkJOFd/TqQk0DoJPNMZEBjrv14m/uf1YvDP3ZTLKAYm6WyRHwsMIc7ex0OuGAWRGEKo4uZWTMdEEQompEoewkWG0++X50n7qO4c149vTmqNyyKOMtpD++gQOegMNdA1aqIWokiiR/SMXixtPVmv1tustWQVM7voF6z3L0EpkW8=</latexit>

Absolute 
Pose

Ground truth 
Pose

(a) supervised depth prediction

(b) supervised absolute pose prediction

Figure 1.6: Example supervised learning for depth and pose.

1.2.2 Learning based methods

Supervised learning methods

With the development of stronger GPUs for faster numerical computation, deep learning methods

opened a new era by solving many complicated tasks which had been considered difficult to solve

such as single image pose localization, optical flow prediction, object recognition/classification,

and natural language processing. As the fundamental building blocks, various novel network

architectures had been introduced such as convolutional neural network (CNN), residual neural

network (ResNet), or recurrent neural network (RNN). Especially in computer vision, CNN have

made huge impact since CNN successfully extracts local features of image and allows faster train-

ing than fully connected layer (FC). When we have a good network architecture, then we can use

supervised learning which is one of the simplest type of training. As shown in Figure 1.6, if we

have a model f with a set of trainable parameter Θ, and the model maps an input data x to output

9



data ŷ:

fΘ : x→ ŷ

During the training, a loss function Loss = d(ŷ, y) measures the distance between predicted label

ŷ and ground truth y. For example, Iro et al.[62] introduce simple depth prediction method from

a single RGB image using fully convolutional residual network. Kendall et al.[55] train a camera

localization method from a single RGB image (b). They simply feed the input RGB images and

just regress 6 degree of freedom (DoF) camera poses.

If we have enough labelled data, then we can train almost any type of results with superior quality.

However, there are several difficulties in collecting the data. First, those geometric related datasets

are much more expensive than other purpose dataset such as object classification or detection.

When we make a dataset for image classification, we just need to find the category index of given

image and humans can do the labelling task. However, those geometric datasets which include ab-

solute/relative depth or camera poses are almost impossible to generate using human annotations.

Instead, we need to use sensor based devices such as depth cameras or motion sensors. Those

devices are more expensive and less common than standard cameras.

Second, since the dataset is collected by sensor devices, its quality is also limited to the device

specification such as the maximum length of range or sensitivity about noise. Moreover, each

device has subtle physical differences between them, we need to do calibration steps to minimize

the error from that. The calibration results also can have unexpected error.
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It
<latexit sha1_base64="bdSxEV9b3XS5EaGZ5nkpayESoZY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69BIvgqSQqftyKXvRW0X5AG8pmu2mXbjZhdyKU0J/gxYMiXv1F3vw3btogan0w8Hhvhpl5fiy4Rsf5tAoLi0vLK8XV0tr6xuZWeXunqaNEUdagkYhU2yeaCS5ZAzkK1o4VI6EvWMsfXWV+64EpzSN5j+OYeSEZSB5wStBIdzc97JUrTtWZwp4nbk4qkKPeK390+xFNQiaRCqJ1x3Vi9FKikFPBJqVuollM6IgMWMdQSUKmvXR66sQ+MErfDiJlSqI9VX9OpCTUehz6pjMkONR/vUz8z+skGJx7KZdxgkzS2aIgETZGdva33eeKURRjQwhV3Nxq0yFRhKJJpzQN4SLD6ffL86R5VHWPq8e3J5XaZR5HEfZgHw7BhTOowTXUoQEUBvAIz/BiCevJerXeZq0FK5/ZhV+w3r8AQmqN6w==</latexit>

It+1
<latexit sha1_base64="Jl5+NSABPLwMAdeeosoJn/hAlE8=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSIIQkms+HEretFbBfsBbSib7bZdutmE3YlQQn+EFw+KePX3ePPfmKRB1Ppg4PHeDDPzvFAKg7b9aS0sLi2vrBbWiusbm1vbpZ3dpgkizXiDBTLQbY8aLoXiDRQoeTvUnPqe5C1vfJ36rQeujQjUPU5C7vp0qMRAMIqJ1LrtxXjsTHulsl2xM5B54uSkDDnqvdJHtx+wyOcKmaTGdBw7RDemGgWTfFrsRoaHlI3pkHcSqqjPjRtn507JYaL0ySDQSSkkmfpzIqa+MRPfSzp9iiPz10vF/7xOhIMLNxYqjJArNls0iCTBgKS/k77QnKGcJIQyLZJbCRtRTRkmCRWzEC5TnH2/PE+aJxWnWqnenZZrV3kcBdiHAzgCB86hBjdQhwYwGMMjPMOLFVpP1qv1NmtdsPKZPfgF6/0L3/OPZw==</latexit>

,
<latexit sha1_base64="m/Qq3UbBSZr5rLBFD9gEuajn6yM=">AAAB6HicbVDLSsNAFL2pr1pfVZduBovgQkpixceu6MZlC/YBbSiT6aQdO5mEmYlQQr/AjQtF3PpJ7vwbJ2kQtR64cDjnXu69x4s4U9q2P63C0vLK6lpxvbSxubW9U97da6swloS2SMhD2fWwopwJ2tJMc9qNJMWBx2nHm9ykfueBSsVCcaenEXUDPBLMZwRrIzVPBuWKXbUzoEXi5KQCORqD8kd/GJI4oEITjpXqOXak3QRLzQins1I/VjTCZIJHtGeowAFVbpIdOkNHRhkiP5SmhEaZ+nMiwYFS08AznQHWY/XXS8X/vF6s/Us3YSKKNRVkvsiPOdIhSr9GQyYp0XxqCCaSmVsRGWOJiTbZlLIQrlKcf7+8SNqnVadWrTXPKvXrPI4iHMAhHIMDF1CHW2hACwhQeIRneLHurSfr1XqbtxasfGYffsF6/wKL0Yzn</latexit>

Ît+1
<latexit sha1_base64="Z4SqMBzhkyH5zQDD5LU6lbF37qE=">AAAB9HicbVDLSsNAFJ34rPVVdelmsAiCUBIrPnZFN7qrYB/QhjKZTtuhk0mcuSmUkO9w40IRt36MO//GSRpErQcuHM65l3vv8ULBNdj2p7WwuLS8slpYK65vbG5tl3Z2mzqIFGUNGohAtT2imeCSNYCDYO1QMeJ7grW88XXqtyZMaR7Ie5iGzPXJUPIBpwSM5HZHBOLbpBfDsZP0SmW7YmfA88TJSRnlqPdKH91+QCOfSaCCaN1x7BDcmCjgVLCk2I00CwkdkyHrGCqJz7QbZ0cn+NAofTwIlCkJOFN/TsTE13rqe6bTJzDSf71U/M/rRDC4cGMuwwiYpLNFg0hgCHCaAO5zxSiIqSGEKm5uxXREFKFgcipmIVymOPt+eZ40TypOtVK9Oy3XrvI4CmgfHaAj5KBzVEM3qI4aiKIH9Iie0Ys1sZ6sV+tt1rpg5TN76Bes9y+5dZI0</latexit>

!
<latexit sha1_base64="0oFUu3Ehs9VIC43y3MTMzz8Pqow=">AAAB8nicbVDLSsNAFJ3UV62vqks3wSK4KokVH7uiG5cV7APSUCbTSTt0MhNmbpQS+hluXCji1q9x5984SYOo9cCFwzn3cu89QcyZBsf5tEpLyyura+X1ysbm1vZOdXevo2WiCG0TyaXqBVhTzgRtAwNOe7GiOAo47QaT68zv3lOlmRR3MI2pH+GRYCEjGIzk9RUbjQErJR8G1ZpTd3LYi8QtSA0VaA2qH/2hJElEBRCOtfZcJwY/xQoY4XRW6SeaxphM8Ih6hgocUe2n+ckz+8goQzuUypQAO1d/TqQ40noaBaYzwjDWf71M/M/zEggv/JSJOAEqyHxRmHAbpJ39bw+ZogT41BBMFDO32mSMFSZgUqrkIVxmOPt+eZF0Tupuo964Pa01r4o4yugAHaJj5KJz1EQ3qIXaiCCJHtEzerHAerJerbd5a8kqZvbRL1jvX9uDkcQ=</latexit>
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Figure 1.7: Example self-supervised learning for optical flow.

Self-supervised learning methods

In order to handle those difficulties of collecting labelled data, researchers started to develop unsu-

pervised or self-supervised learning methods. As described above, the supervised training dataset

consists of input x and preferred output y and those pair of dataset based training is the most

straightforward type of training. Instead, with self-supervised or unsupervised learning, the pre-

ferred output y∗ is extracted from input x by designing a label generating function L such as

L(x)→ y∗.

Autoencoders are famous examples of learning method without label, and designed for represen-

tation learning. The architecture has bottleneck at the center of its network which enforces the

compressed representation of the input. For the training, preferred output is input x itself. So the

label function is L(x) → x and the network learns parameters by minimizing the loss function

Loss = d(L(x), f(x)).
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Another example is optical flow learning. As described in Section 1.2.1, optical flow means appar-

ent motion of objects. Specifically, if we have two images It and It+1 and corresponding perfect

2D optical flow (∆x,∆y), then pixel intensity at It(x, y) and It+1(x + ∆x, y + ∆y) should be

same. From this constraint, we can define the label function L(It, It+1)→ It+1. In Figure 1.7, we

displayed an example self-supervised learning for optical flow. From a pair of image (It, It+1), a

trainable network (e.g. CNN) predicts optical flow v̂t→t+1 = {∆̂x, ∆̂y}. Then we can train the

model by minimizing the distance between target image It+1 and projected image Ît+1 from It with

2D motion v̂t→t+1.

1.3 Contributions

The structure of this thesis is as follows: We first describe related works in Chapter 2. Then,

in Chapter 3, we propose a novel self-supervised learning model for estimating continuous ego-

motion from video. Our model learns to estimate camera motion by watching RGBD or RGB video

streams and determining translational and rotation velocities that correctly predict the appearance

of future frames. Our approach differs from other recent work on self-supervised structure-from-

motion in its use of a continuous motion formulation and representation of rigid motion fields rather

than direct prediction of camera parameters. To make estimation robust in dynamic environments

with multiple moving objects, we introduce a simple two-component segmentation process that

isolates the rigid background environment from dynamic scene elements. We demonstrate state-of-

the-art accuracy of the self-trained model on several benchmark ego-motion datasets and highlight

the ability of the model to provide superior rotational accuracy and handling of non-rigid scene

motions.

As the extension of previous chapter, in Chapter 4, we present a self-supervised framework for

predicting 6 DoF camera velocity from monocular RGB video which is refined by an efficient

one-step update based on model gradients and subsequently integrated with global pose-graph
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optimization. We further investigate which local properties of the self-supervised reconstruction

loss are predictive of the reliability of local pose estimation and utilize these features during global

pose graph optimization. We evaluate the efficacy of these techniques on the car driving and drone

racing datasets.

In Chapter 5, we addresses the problem of building a spatio-temporal model of the world from a

stream of time-stamped data. Unlike traditional models for simultaneous localization and mapping

(SLAM) and structure-from-motion (SfM) which focus on recovering a single rigid 3D model, we

tackle the problem of mapping scenes in which dynamic components appear, move and disappear

independently of each other over time. We introduce a simple generative probabilistic model of

4D structure which specifies location, spatial and temporal extent of rigid surface patches by local

Gaussian mixtures. We fit this model to a time-stamped stream of input data using expectation-

maximization to estimate the model structure parameters (mapping) and the alignment of the input

data to the model (localization). By explicitly representing the temporal extent and observability of

surfaces in a scene, our method yields superior localization and reconstruction relative to baselines

that assume a static 3D scene. We carry out experiments on both synthetic RGB-D data streams as

well as challenging real-world datasets, tracking scene dynamics in a human workspace over the

course of several weeks.
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Chapter 2

Related Works

Geometric reconstruction is a classic and well studied problem in computer vision area. Here we

mention a few recent works that are most closely related to our approach.

Optical Flow, Depth and Odometry A number of recent papers have shown great success in es-

timation of optical flow from video using learning-based techniques [20, 48]. Ren et al. introduced

unsupervised learning for optical flow prediction [90] using photometric consistency. Garg et. al.

utilize consistency between stereo pairs to learn monocular depth estimation in a self-supervised

manner [27]. [126] jointly trains estimators for monocular depth and relative pose using an un-

supervised loss. SfM-Net [110] takes a similar approach but explicitly decomposes the input into

multiple motion layers. [64] uses stereo video for joint training of depth and camera motion

(sometimes referred to as scene flow) but tests on monocular sequences. Mahjourian et al.[73]

use 3D ICP loss on top of 2D photometric loss to predict depth and ego-motion. Our approach

differs from these recent papers in using a continuous formulation appropriate for video. Such a

formulation was recently used by Jaegle et al.[51] for robust monocular ego-motion estimation but

with classic (sparse) optical flow as input.

14



Self-supervised learning Making well-labeled dataset is always expensive and the performance

of trained models are limited to the dataset quality. Moreover sometimes dataset can contain hidden

biased or erroneous ground truth. However, with self-supervised training architecture, getting

dataset is much cheaper and driven ground truth is much make sense than human labeled ground

truth as long as the self-supervised architecture is well designed.

For those reason, the self-supervised learning getting popular by many vision applications. Doer-

sch et al.[18] train contextual information by taking a pair of cropped image patches then train the

relative position where they comes. The self-supervised training is also useful to training interest

point and descriptor. Detone et al.[17] introduce joint training scheme to get trainable interest point

detector and descriptor. Another example is optical flow learning in a sequence of video dataset.

Meister et al.[77] introduce optical flow training scheme by utilizing forward/backward consensus

loss with image warping. More recently, Liu et al.[70] proposed another optical flow learning by

distilling reliable flow and followed by hallucinated occlusion.

Another popular application is depth training. From an input pair of images, their scene depth is

closely related to relative camera pose. Clement et al.[33] choose simple reprojection loss, multi-

scale sampling and auto-masking loss to avoid violated camera motion to achieve high quality

depth prediction. Ariel et al.[37] use unsupervised depth estimation with predicted camera intrinsic

matrix from YouTube random video dataset. Another depth and camera pose prediction from two-

stream network with data augmentation is introduced by Ambrush et al.[5].

Learning based Visual Odometry Self-supervised learning is also popular for visual odometry

system. One of the pioneer unsupervised VO is introduced by Zhou et al.[126]. They jointly train

6 DoF camera pose and depth from monocular video input with camera pose driven photometric

consistency loss. With the similar unsupervised training scheme, Li et al.[65] proposed absolute

scale recovery feature by adapting stereo dataset when they train their model. Yin et al.[123]

introduce another self- supervised VO system by using forward/backward optical flow consistency.
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Mahjourian et al.[74] use additional iterative closest point (ICP) based predicted depth aligning

loss to get better pose and depth prediction.

Also, generative adversarial network (GAN) is used to synthesize realistic scene followed by re-

construction loss for better pose and depth training [4]. Meanwhile, the previous methods train

relative pose from input RGB image pair directly, Lee and Fowlkes [63] use 2D motion prediction

and then extract camera pose from the motion so that they divide pose prediction into two steps

such as motion prediction and pose calculation. Also, Xue et al.[120] use recurrent neural network

(RNN) to train the camera pose momentum and followed post refinement. Their method shows

good performance especially in feature-less region.

SLAM While conventional simultaneous localization and mapping (SLAM) methods estimate

geometric information by extracting feature points [56, 116] or use all information in the given

images [21], recently several learning based methods have been introduced. Tateno et al. [103]

propose a fusion SLAM technique by utilizing CNN based depth map prediction and monocular

SLAM. Melekhov et al. propose CNN based relative pose estimation using end-to-end training

with a spatial pyramid pooling (SPP) [78]. Other recent works [57, 66] model static background

to predict accurate camera pose even in dynamic environment. Sun et al. try to solve dynamic

scene problem by adding motion removal approach as a pre-processing to be integrated into RGBD

SLAM [101]. The work of Wang et al. [112] train a recurrent CNN to capture longer-term process-

ing of sequences typically handled by bundle adjustment and loop closure. [122] use virtual stereo

camera based training to achieve photoconsistency and accurate depth reconstruction. Another

recent work done by [7] shows scale-aware camera pose prediction by using spatial and temporal

reconstruction losses simultaneously.

RGB-D SLAM Mapping from images has a long history in the robotics and computer vision

literature with many recent developments motivated by emerging applications in 3D modeling,
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augmented reality and autonomous vehicles. Large-scale structure from motion (e.g., [2, 97, 23])

when combined with mult-view stereo (e.g., [24]) can yield rich geometric models but dense

correspondence is often difficult to establish from monocular imagery, particularly for untextured

surfaces common in indoor scenes.

The availability of cheap RGB-D sensors has enabled rapid progress indoor mapping, where active

stereo or ToF provides very dense 3D structure and allows correspondence and pose estimation to

be carried out by rigidly aligning scene fragments, e.g., using iterative closest point (ICP), rather

than sparse matching and projective structure estimation techniques used in monocular SLAM.

Initial work by Henry et al. [42] demonstrated the value of RGB-D data in ICP-based pose es-

timation while the KinectFusion system of Richard et al. [86] demonstrated impressive online

reconstruction.

More recent work, such as ElasticFusion [116], has focused on improving performance of online

real-time reconstruction and odometry by active updating and loop closure. To improve accuracy

and robustness of offline reconstructions, Choi et al. used stronger priors on reconstructed geom-

etry while carrying out global pose-graph optimization [14]. Recognition of familiar objects has

also been integrated with SLAM-based approaches using prior knowledge of 3D structure [99]

and fusing 2D semantic understanding with 3D reconstruction [43, 111]

Graph-based SLAM Many graph-based SLAM methods such as ORB-SLAM [82], LSD-SLAM [21]

and the graph SLAM for urban structures [105] show successful result by building the connectivity

of each frame as a graph. They mainly rely on 2D feature in order to find local camera motion as

an edge of the graph, then apply global pose optimization such as bundle adjustment (BA).

Graph optimization is one of global optimization methods and well-studied conventional method to

optimized absolute positions from given relative motions and information matrix [38]. Especially

useful for closed loop correction [117]. Also, recently, Li et al.nsupervised ego-motion prediction
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followed by pose pose graph optimization [67]. Chen et al.[13] include on-line refinement stage in

their training for predicting geometric consistency camera pose/parameters and depth prediction.

3D Registration A core component of contemporary SLAM approaches based on LiDAR or

RGB-D sensors is estimating alignments between pointclouds from successive measurements. A

traditional starting point is iterative closet point (ICP) [8] which refines a rigid alignment minimiz-

ing mean-square inter-point or point-to-surface distance. However, the RGB-D fragment alignment

problem differs somewhat from the classic problem of aligning range scans (e.g., [3]) due to the

narrow field of view which often lacks distinguishing geometric features.

Our approach is based on a family of methods that model geometry in terms of probability den-

sities (rather than points, meshes or signed distance functions). Horaud et al. introduced expec-

tation conditional maximization (ECM) method for rigid point registration [44]. This formulation

is appealing as it avoids explicit point correspondences and naturally generalizes to multi-way

registration [22] and non-rigid deformation models [83, 35]. Our model builds on the work of

Evangelidis et al., which uses an ECM-based formulation to align multiple point sets to a single

underlying consensus model [22]. We augment this density model with a temporal dimension,

occlusion reasoning, and a richer parameterization of local mixture components.

Dynamic Scenes and 4D maps Traditional SfM has primarily focused on recovering structure

of a single rigid scene modeled by sparse keypoints. For dynamic scenes where correspondence

is available in the form of extended keypoint tracks, multi-body SfM provides an approach to

grouping tracks into subsets, each of which moves rigidly (e.g., [15, 121]) while non-rigid SfM

(e.g., [9]) addresses recovery of non-rigid surfaces from such tracks. When correspondence is

not available but smooth surfaces are densely sampled in space-time, surface tracking approaches

can be used to fuse observations (e.g., [80, 85]). Here we focus on scenarios where the temporal

sampling is too sparse to allow for effective surface or feature tracking.

18



Related work on the problem of geometry change detection from sparse imagery was investigated

by [102] and [108], who detect geometric changes relative to an existing model using voxel-based

appearance consistency to drive model updates. Change detection with viewability and occlusion

was also explored by [34] for aligning observations to a construction job site plan. The work of [76]

focuses on modeling dynamic appearance by grouping scene feature points into rectangular planes

with an estimated temporal extent that captures, e.g., changing images on billboards. Finally, [75]

used SfM to estimate geometry and warp images into a common viewpoint, enabling synthesis of

time-lapse videos from unstructured photo collections. Closest in spirit to our approach is the work

of Schindler and Dellaert [95] on “4D Cities”, which utilizes bottom-up heuristics for grouping

point observations from an SfM pipeline into building hypotheses and a probabilistic temporal

model to infer the time interval during which buildings exist.
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Chapter 3

CeMNet: Self-supervised learning for

accurate continuous ego-motion estimation

Supervised machine learning techniques based on deep neural networks have shown remarkable

recent progress for image recognition and segmentation tasks. However, application of these pow-

erful learning methods to geometric tasks such as structure-from-motion has been somewhat slower

due to a number of factors. One challenge is that standard layers defined in convolutional neural

network (CNN) architectures do not offer a natural way for researchers to incorporate hard-won

insights about the algebraic structure of geometric vision problems, instead relying on general ap-

proximation properties of the network to re-discover these facts from training examples. This has

resulted in some development of new building blocks (layers) specialized for geometric computa-

tions that can function inside standard gradient-based optimization frameworks (see e.g., [39, 47])

but interfacing these to image data is still a challenge.

A second difficulty is that optimizing convolutional neural networks (CNNs) requires large amounts

of training data with ground-truth labels. Such ground-truth data is often not readily available

for geometric problems (e.g., requiring special-purpose hardware during acquisition rather than
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simple image annotations). This challenge has driven recent effort to develop more realistic syn-

thetic datasets such as Flying Chairs and MPI-Sintel [10] for flow and disparity estimation, Virtual

KITTI [25] for object detection and tracking, semantic segmentation, flow and depth estimation,

and SUNCG [98] for indoor room layout, depth and normal estimation.

In this chapter, we overcome some of these difficulties by taking a “self-supervised” approach

to learning to estimate camera motions directly from video. Self-supervision utilizes unlabeled

image data by constructing an encoder that transforms the image into an alternate representation

and a decoder that maps back to the original image. This approach has been widely for low-level

synthesis problems such as super-resolution [19], image colorization [124] and in-painting [88]

where the encoder is fixed (creating a downsampled, grayscale or occluded version of the image)

and the decoder is trained to reproduce the original image. For estimation tasks such as human

pose [106], depth [110, 126], and intrinsic image decomposition [53], the structure of the decoder

is typically specified by hand (e.g., synthesizing the next video frame in a sequence based on

estimated optical flow and previous video frame) and the encoder is learned. Self-supervision

is appealing for geometric estimation problems since (a) it doesn’t require human supervision

to generate target labels and hence can be trained on large, diverse data, and (b) the predictive

(decoder) component of the model can incorporate known constraints into the problem structure.

Our basic model for ego-motion estimation takes a pair of calibrated RGB or RGBD video frames

as input, estimates optical flow and depth, determines camera and object velocities, and resynthe-

sizes the corresponding motion fields. We show that the model can be trained end-to-end with a

self-supervised loss that enforces consistency of the predicted motion fields with the input frames,

yielding a system that provides highly accurate estimates of camera ego-motion. We measure the

effectiveness of our method using TUM [100] and Virtual KITTI [25] dataset.

Relative to other recent papers [107, 110, 126, 73, 7] that have also investigated self-supervision

for structure-from-motion, the novel contributions of our work are:
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• We represent camera motion implicitly in terms of motion fields and depth which are a better

match for CNNs architectures that naturally operate in the image domain (rather than camera

parameter space). We demonstrate that this choice yields better predictive performance, even

when trained in the fully supervised setting

• Unlike previous self-supervised techniques, our model uses a continuous (linearized) ap-

proximation to camera motion [87, 51] which is suitable for video odometry and allows

efficient backpropagation while providing strong constraints for learning from unsupervised

data.

• Our experimental results demonstrate state-of-the-art performance on benchmark datasets

which include non-rigid scene motion due to dynamic objects. Our model improves substan-

tially on estimates of camera rotation, suggesting this approach can serve well as a drop-in

replacement for local estimation in existing RGB(D) SLAM pipelines.

3.1 Continuous Ego-motion Network

Figure 3.1 provides an overview of three different types of architectures we consider in this chap-

ter. We take as input a successive pair of RGB images {It, It+δ} and corresponding depth images

{dt, dt+δ}. When depth is not available, we assume it is predicted by a monocular depth estimator

(not shown). The first network, NetPOSE, directly predicts 6 DoF camera motion by attaching

several fully connected layers at the end of a standard CNN architecture. When camera motion is

known, this baseline can be trained with a supervised loss LCAM or trained with a self-supervised

image warping loss L3DWARP as done in several recent papers [126, 107, 110].

Instead of directly predicting camera motion parameters, we advocate utilizing a fully-convolutional

encoder/decoder architecture with skip connections (e.g., [93, 96, 20, 48]) to first predict opti-

cal flow (denoted NetOF). We then estimate continuous ego-motion (t, ω) using weighted least-
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squares and resynthesize the corresponding motion field MF (t, ω). These intermediate represen-

tations can be learned using unsupervised losses (LOF,LMF, LOP) described below. When addi-

tional moving objects are present in the scene, we introduce an additional segmentation network,

NetSEG, which decomposes the optical flow into layers that are fit to separate motion models.

In the following sections we develop the continuous motion formulation, interpret our model as

projecting the predicted optical flow on to the subspace of ego-motion flows, and discuss imple-

mentation of segmentation into layers.

3.1.1 Estimating Continuous Ego-motion

In this chapter, we use continuous formulation to describe camera ego-motion. As shown in Fig-

ure 3.4, we draw conceptual difference between a motion vector when we use Euler transformation

and continuous formulation. Euler transformation can be approximated using continuous formula-

tion if the angle Θ is small. We deal with video datasets and if the frame rate per second of them

is large enough, then the approximation makes sense.

With continuous formulation, we can describe the relationship between 2D and 3D motions [41].

Consider the 2D trajectory of a point in the image x = {x, y} as a function of its 3D position

X = {X, Y, Z} and motion relative to the camera. We write

x(t) = {x(t), y(t)} =

{
fX(t)

Z(t)
,
fY (t)

Z(t)

}
,

where f is the camera focal length. To compute the projected velocity in the image v(x) =

(vx, vy)
> ∈ R2 as a function of the 3D velocity V (X) we take partial derivatives. For example,
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the x component of the velocity is:

∂x(t)

∂t
=

f

Z(t)

∂X(t)

∂t
+ fX(t) · ∂

∂t

1

Z(t)

=
f

Z(t)
Vx − fX(t) · 1

Z2(t)
· ∂Z(t)

∂t

=
1

Z(t)

[
f 0 −x(t)

]



Vx

0

Vz




Dropping t for notational simplicity, we can thus write the image velocity as:

v(x) =
1

Z(x)
A(x)V (X) (3.1)

where the matrix A(x) is given by:

A(x) =



f 0 −x

0 f −y


 .

In the continuous formulation, the velocity of the point relative to the camera V (X) arises from a

combination of translational and rotational motions,

V (X) = τ +X × ω

where ω = (ωx, ωy, ωz)
> ∈ R3 is unit length axis representation of rotational velocity of the

camera and τ = (τx, τy, τz)
> ∈ R3 is the translation. Denoting the inverse depth at image location
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x by ρ(x) = 1
Z(x)

, we can see that the projected motion vector v is a linear function of the camera

motion parameters:

v(x) = ρ(x)A(x)τ +B(x)ω

=

[
ρ(x)A(x) B(x)

]


τ

ω




= Q(x)T ,

where the matrix B includes the cross product

B(x) =



−xy f + x2 −y

−f − y2 xy x


 .

To describe motion field for the whole image, we concatenate equations for all N pixel locations

and write U = QT where

U =




v(x1)

v(x2)

...

v(xN)



∈ R2N×1,

Q =




ρ1A(x1) B(x1)

ρ2A(x2) B(x2)

...
...

ρNA(xN) B(xN)



∈ R2N×6,

T ∈ R6×1.
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We assume the focal length is a fixed quantity and in the following write the motion field as a func-

tion U = MF (ρ,T ) which is linear in both the inverse depths ρ and camera motion parameters

T .

To infer the camera motion T given inverse depths ρ and image velocities U , we use a least-squares

estimate:

t∗,ω∗=arg min
t,ω

N∑

i=1

w(xi)||v(xi)−
1

Z(xi)
A(xi)t+B(xi)ω||2

where w(xi) is a weighting function that models the reliability of each pixel velocity in esti-

mating the camera motion. The solution to this problem can be expressed in closed from using

the pseudo inverse of matrix Q. We denote the mapping from U to estimated camera motion as

T = MF †(ρ,U ,w).

In our model we utilize MF †(ρ,U ,w) to estimate camera model and MF (ρ,T ) to resynthesize

the resulting motion field. Both functions are differentiable with respect to their inputs (in fact

linear in U and T respectively) making it straightforward and efficient to incorporate them into a

network that is trained end-to-end using gradient-based methods.

3.1.2 Projecting optical flow onto ego-motion

Given the true motion field U , it is straight forward to estimate the the true camera motion T ∗.

In practice, the motion must be estimated from image data which is often ambiguous (e.g., due to

lack of texture) and noisy. Typically there is a large set of image flows that are photometrically

consistent from which we must select the true motion field. Our architecture utilizes a CNN to

generate an initial flow estimate from image data, then uses MF †(ρ,U ,w) to fit a camera motion

and finally reconstructs the image motion field corresponding to the camera motion. The compo-
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sition of MF † and MF can be seen as a linear projection of the initial flow estimate into the space

of continuous motion fields.

A key tenant of our approach is that it is a better match to convolutional feature extractors to predict

the ego motion field in the image domain (and subsequently estimate camera motion) rather than

attempting to directly regress camera pose. In particular, this allows for richer loss functions that

guide the training of the network. We illustrate this idea schematically for the case of supervised

learning in Figure 3.3. Panel (a) depicts the direct approach in terms of a loss function whose

gradient pulls the predicted pose towards the true pose.

We display the relationship between optical flow, motion field and camera pose in Figure 3.3(b).

Among all possible image flows φ, we indicate in yellow the set which are photometrically valid

(i.e., have a zero warping loss LOF ≤ ε). The blue line indicates the 6-dimensional subspace con-

sisting of those motion fields that can be generated by all possible camera velocities (conditioned

on scene depth). Introducing a loss on the camera pose (either directly on the prediction τ, ω, or on

the resynthesized motion field MF (τ, ω) serves to pull the flow prediction towards the orthogonal

complement of this space (i.e., the set {φ : MF †(φ) = τ ∗, ω∗} denoted by the gray vertical line).

Our approach allows the consideration of two other loss functions that can provide additional

guidance. When supervision is available, we can utilize a loss which directly measures the distance

between the predicted flow and the true motion field (L∗ in the figure). In the self-supervised

setting, we can approximate this with the photometric warping loss LOF . In either supervised or

unsupervised settings, we can include an orthogonal projection loss LOP , which encourages the

model to predict flows that are close to the space of motion fields. In section , we describe how

these losses are computed and adapted to the unsupervised setting.

While all of these losses are minimized in a perfect model, Figure 3.3(c) shows that this choice of

loss during training has a substantial practical effect. In the supervised setting, optimizing the direct

loss in the camera pose space (using generic fully connected layers), or in the flow space (using
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our least-squares fitting) results in similar prediction errors. However, adding the projection loss

or directly minimizing the distance to the true motion field yields substantially better predictions

(i.e., halving average camera translation error).

3.1.3 Static and Dynamic Motion Layers

So far, our description has assumed a camera moving through a single rigid scene. A standard

approach to modeling non-rigid scenes (e.g., due to relative motion of multiple dynamic objects

in addition to ego-motion) is to split the scene into a number of layers where each layer has a

separate motion model [114]. For example, Zhou et al. use a binary “explainable mask” [126] to

exclude outlying motions, and Vijayanarasimhan et al. segment images into K regions based on

motion [110]. However, in the later-case, there is no distinction between object motion and ego

motion making it inappropriate for odometry.

We use a similar strategy in order to separate motion into two layers corresponding to static back-

ground and dynamic objects (outliers). We feed a pair of images and their predicted optical flow

into a u-net-like segmentation network [93] (displayed in Figure 3.2) to predict this separation

which then defines the weights used for camera motion estimation using pseudo inverse function

MF †(·) described in Section 3.1.1.

Consider a scene divided into K regions corresponding to moving objects and rigid background.

Let Segi(x) ∈ {0, 1} denote a mask that indicates the image support of region i and U i denote

the corresponding rigid motion field for that object considered in isolation. The composite motion

field for the whole image U can be written as:

U =
K∑

i

Segi · U i,

In the odometry setting, we are only interested in the motion of the camera relative to static back-
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ground. We thus collect any dynamic objects into a single motion field and consider a single binary

mask:

U(xi) ≈ Segs(xi)U s + Segd(xi)Ud.

In our training with this segmentation network, we use the approximated motion field U for the

photometric warping loss described below. For simplicity, we refer our single layer model as

CeMNet1 and dual layer model as CeMNet2

In Figure 3.5, we illustrate intermediate results demonstrating how the 2 layer model can better

estimate camera motion in the presence of dynamic objects. Since the single layer model cannot

distinguish background and foreground, the quality of predicted camera pose is bad. Excluding the

dynamic scene components from the camera motion estimation provides substantially better pose

estimation as seen in panels (i) and (l) which show less photometric warping error on the scene

background relative to the single layer model shown in (f).

Hard assignment to layers: Previous work such as [110] uses a soft probabilistic prediction

of layer membership (i.e., using a softmax function to generate layer weights). However, such an

approach introduces degeneracy since it can utilize weighted combinations of two motions to match

the flow (e.g., even in a completely rigid scene). We find that using hard assignment of motions to

layers yields superior camera motion estimates. We utilize the “Gumbel sampling trick” described

in [109] to implement hard assignment while still allowing differentiable end-to-end training of

both the flow and segment networks.

3.2 Training Losses

Losses for Self-supervision As described in Section 3.1.2, there are several different losses

which can be applied to predicted flows. Here we adapt them to the self-supervised setting. The
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basic building block is to check if a predicted flow is photometrically consistent with the input

image pairs.

For a given optical flow UOF and source image It+δ then we can synthesize warped image IWOF
t

and check if it matches It. As described in [50], this type of spatial transformation can be carried

out in a differentiable framework using bilinear interpolation:

IW
OF

t (xi) =
∑

i∈{t,b},j∈{l,r}

wijIt+δ(xi + UOF (xi)),

where wij denotes the bilinear weighting of the four sample points. For simplicity, we write

IW
OF

t (xi) = W(It+δ,UOF ) to denote the warping of It+δ using flow UOF . We then define the

self-supervised flow loss using the photometric error over all pixels:

LOF =
N∑

i=1

||It(xi)− IW
OF

t (xi)||1

This loss serves as an approximation of L2 when the predictions are far from the true motion field.

We can similarly apply warping loss is possible to the reconstructed motion field rather than the

initial prediction. If the motion field we found is correct, then again, the warped image should be

matched with the target image. We can build motion field loss by using motion-field warped image

IW
MF

t =W(It+δ,UMF ) as:

LMF =
N∑

i=1

Pt(xi)||It(xi)− IW
MF

t (xi)||1

where the mask Pt(xi) is 1 when the depth at xi is valid, 0 otherwise. This is necessary when

using a depth sensor which doesn’t provide depths at every image location. This loss acts as a

proxy for minimizing the camera motion estimation error by lifting the prediction back to the flow

space. When we predict camera motion for static scene, we use the global motion field, and for the

dynamic scene, we use composite motion field U .
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Finally, we can utilize the orthogonal projection loss to minimize the distance between predicted

optical flow and its projection onto the space of motion fields via:

LOP =
N∑

i

||UOF − UMF ||1

By combining three above losses, we can define the final self-supervised loss function

LFinal = λOFLOF + λMFLMF + λOPLOP ,

where λOF , λMF and λOP weigh relative importance (we use 1, 0.1 and 0.1 respectively in our

experiments).

Semi-supervision for symmetry breaking In our segmentation network, we predict two layers

corresponding to static and dynamic parts. However, in the unsupervised setting, the loss is sym-

metric with respect to which segment label is considered background. This symmetry problem

can interfere with training of the model and affect final performance. To break this symmetry,

we found it most effective to utilize a small amount of supervised data where camera motion is

known. For the supervised data we use an additional loss term on the camera motion estimated for

the background layer.

Our network predicts camera motion in an axis-angle representation that includes translation part

t ∈ R3 and rotation w ∈ R3. For supervised loss, we treat these two components separately in

order to match the criteria typically used in benchmarking pose estimation performance.

Following [100], we compute the difference between our predicted camera motion and the ground

truth Qd = (Qp)−1Qgt where Q ∈ R4×4 and penalize the translation and rotation components
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Seq.
DVO-SLAM Kintinuous ElasticFusion ORB2 CeMNet(RGBD)

[56] [118] [116] [82]

fr1/desk 0.021 0.037 0.020 0.016 0.0089
fr1/desk2 0.046 0.071 0.048 0.022 0.0129
fr1/room 0.043 0.075 0.068 0.047 0.0071
fr2/xyz 0.018 0.029 0.011 0.004 0.0009
fr1/office 0.035 0.030 0.017 0.010 0.0041
fr1/nst 0.018 0.031 0.016 0.019 0.0117
fr1/360 0.092 - - - 0.0088
fr1/plant 0.025 - - - 0.0061
fr1/teddy 0.043 - - - 0.0139

Table 3.1: Relative translation error on TUM [100] static dataset. Most of the methods in this table use
RGBD frames camera for pose prediction. Our model is trained without any supervised data.

respectively by:

Ltrans = ||Qd
t ||2

Lrot = arccos

(
min

(
1,max

(
− 1,

T r(Qd
r)− 1

2

)))

3.3 Experimental Results

For the following experiments, we use the synthetic Virtual KITTI dataset [25] depicting street

scenes from a moving car, and the TUM RGBD dataset [100] which has been used to benchmark

a variety of RGBD odometry algorithms. To measure performance, we use relative pose error

protocol proposed in [100].

Self-supervised learning improves model performance: To show the benefits of self-supervision,
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we assume that only 10% of each dataset has ground-truth available. We use 11 different se-

quences from the TUM dataset as training, choose a random ordering of frame pairs over the

whole dataset and train models with increasingly large subsets of the data and test on a separate

held-out collection of frames. This allows us to evaluate the effect of growing the amount of

supervised/unsupervised training data in a consistent way across models.

In Figure 3.6, we plot the relative translation/rotation errors as a function of training data size. The

supervised version of the model (CeM-Sup) can only be trained on the first 10% of the dataset and

makes no use of the unsupervised data. In this setting it outperforms the unsupervised model (CeM-

Unsup). However, as the amount of unsupervised training data continues to grow, CeM-Unsup

eventually outperforms the supervised model. For a clear comparison, the unsupervised losses

are not used in training (CeM-Sup). We also compare a model which uses both supervised and

unsupervised loss (CeM-SemiSup) which generally yields even better performance. We note that

because the real world depth data in TUM is incomplete, limiting performance of the supervised

model while the supervised model shows expected decreasing errors on Virtual KITTI.

Motion field and warping: In Section 3.2, we describe how a predicted camera pose is used to

generate motion field and used in the warping loss. In Figure 3.7, we plot the per-pixel warping

loss for several inputs. Left two (a-b) show the input RGB frames, (c) shows predicted optical

flow. (d) is regenerated motion field. (e) shows differences between the target image and warped

image. Note that blue color means lower differences between those two images.

Camera motion error comparison: To measure the quality of predicted camera pose, we com-

pare our single layer model (CeMNet) with previous RGBD SLAM methods on the TUM dataset

in Table 3.1. CeMNet(RGBD) shows the best average performance among tested methods in terms

of relative translation error. Several previous methods of interest, including [126, 110] do not

utilize depth as an input, instead predicting it directly from input images.

For fair comparison, we also test our model with predicted depth (CeMNet(RGB)) using off-the-
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Seq.
TUM [100] SfM-Net [110] CeMNet(RGB)

Trans Rot Trans Rot Trans Rot

fr1/desk 0.008 0.495 0.012 0.848 0.0113 0.6315
fr1/desk2 0.099 0.61 0.012 0.974 0.0133 0.7548
fr1/360 0.099 0.474 0.009 1.123 0.0091 0.5455
fr1/plant 0.016 1.053 0.011 0.796 0.0083 0.5487
fr1/teddy 0.020 1.14 0.0123 0.877 0.0113 0.6460

Table 3.2: To compare our model to RGB odometry methods, we use an off-the-shelf monocular depth
estimator [62].

Training Testing
GT Depth GT Cam GT Depth Trans Rot

Geometric [51] - - 0.4579 0.3423

AIGN-SfM [107] X X 0.1247 0.3333
CeMNet(RGBD) X X 0.0878 0.0781
CeMNet(RGB) 0.0941 0.1079

Table 3.3: Relative pose error comparison using Virtual KITTI [25]. Both with (CeMNet(RGBD)) and
without (CeMNet(RGB)) depth inputs, our models outperform previous methods.

shelf the monocular depth prediction model introduced by Iro et al. [62] which was trained using

NYU Depth dataset V2 [84]. We rescale the predictions by 0.9 to match the range of depths in

TUM (presumably due to differences in focal length) but otherwise leave the model fixed. As

shown in Table 3.2, our method continues to outperform others in terms of rotation and shows

comparable translation errors.

Additionally, we show performance on the Virtual KITTI dataset in Table 3.3. We specify how

each method uses the available ground truth depth and camera pose data available for train and

test. Using the true depth at test time results in strong performance from our model. For fair com-

parison, we also evaluate our model using the monocular depth prediction model of [31] trained
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Seq.
Baseline CeMNet1 CeMNet2 CeMNet2(Semi)

Trans Rot Trans Rot Trans Rot Trans Rot

fr3/sit static 0.0134 0.5724 0.0025 0.1667 0.0016 0.1573 0.0010 0.1527
fr3/sit xyz 0.0179 0.7484 0.0070 0.2645 0.0068 0.2653 0.0064 0.2612
fr3/sit halfsph 0.0104 1.0135 0.0081 0.5272 0.0080 0.5820 0.0074 0.5552
fr3/walk static 0.0149 0.5703 0.0103 0.2107 0.0030 0.1610 0.0019 0.1583
fr3/walk xyz 0.0174 0.7952 0.0128 0.3338 0.0079 0.2915 0.0078 0.2921
fr3/walk halfsph 0.0166 0.9426 0.0147 0.4698 0.0107 0.4120 0.0102 0.3989

Table 3.4: Relative pose error comparison using TUM dynamic dataset [100]. Generally, the two
layered model shows better performance than single layered model. Including a small amount of
supervision (CeMNet2(Semi)) yields equivalent or better performance by breaking the symmetry
of the unsupervised loss.

with KITTI [29] dataset and converted from the predicted disparity to depth1. The results show bet-

ter performance than previous self-supervised approaches even without using ground-truth depth.

Static/Dynamic segmentation: In Figure 3.8, we visualize the results of breaking the input into

static and dynamic layers. From the RGB input pair at It (a) and It+δ, predicted optical flow is

shown in (b). While single layered model generates motion field using the complete flow, the two

layer model fits separate motions which segments moving objects and yields reduced warping error

((c) vs (f)), especially in the static background region.

We perform a quantitative comparison on the TUM dynamic dataset which includes both object

and camera motion. The results results are shown in Table 3.4. While single layered models

such as the baseline direct prediction model and CeMNet1 are sensitive to dynamic objects, two

layered model CeMNet2 shows less pose error. However, as noted previously, the unsupervised

loss suffers from a symmetry as to which layer correspond to ego-motion. We evaluate the use of

a small amount of supervised data (10%) to break this symmetry in the segmentation prediction

network. This yields the the lowest resulting motion errors across nearly all test sequences.

1We use 0.54 as baseline distance and 725 for focal length
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3.4 Discussion

In this chapter, we have introduced a novel self-supervised approach for ego-motion prediction

that leverages a continuous formulation of camera motion. This allows for linear projection of

flows into the space of motion fields and (differentiable) end-to-end training. Compared to direct

prediction of camera motion (both our own baseline implementation and previously reported per-

formance), this approach yields more accurate two-frame estimates of camera motions for both

RGBD and RGB odometry. Our model exploits self-supervised training, allowing it to make ef-

fective use of “free” unsupervised data. Finally, by utilizing a two-layer segmentation approach

makes the model further robust to the presence of dynamic objects in a scene which otherwise

interfere with accurate ego-motion estimation.
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<latexit sha1_base64="zuYa7DtM05n7wF0oRV7A/wV6bVg=">AAACBHicbVA9SwNBEN2LXzF+nVpqsRgEq3CngtoFtLCwiOKZQBKOvc1esmTvg905MRzX2PhXbCxUbP0Rdv4b95IrNPHBwOO9GWbmebHgCizr2yjNzS8sLpWXKyura+sb5ubWnYoSSZlDIxHJlkcUEzxkDnAQrBVLRgJPsKY3PM/95j2TikfhLYxi1g1IP+Q+pwS05Jq7nYDAgBKRXmVu2gH2AOnRBW4SGWeZa1atmjUGniV2QaqoQMM1vzq9iCYBC4EKolTbtmLopkQCp4JllU6iWEzokPRZW9OQBEx10/EXGd7XSg/7kdQVAh6rvydSEig1Cjzdmd+spr1c/M9rJ+CfdlMexgmwkE4W+YnAEOE8EtzjklEQI00IlVzfiumASEJBB1fRIdjTL88S57B2VrOuj6v1myKNMtpBe+gA2egE1dElaiAHUfSIntErejOejBfj3fiYtJaMYmYb/YHx+QNlq5jB</latexit><latexit sha1_base64="zuYa7DtM05n7wF0oRV7A/wV6bVg=">AAACBHicbVA9SwNBEN2LXzF+nVpqsRgEq3CngtoFtLCwiOKZQBKOvc1esmTvg905MRzX2PhXbCxUbP0Rdv4b95IrNPHBwOO9GWbmebHgCizr2yjNzS8sLpWXKyura+sb5ubWnYoSSZlDIxHJlkcUEzxkDnAQrBVLRgJPsKY3PM/95j2TikfhLYxi1g1IP+Q+pwS05Jq7nYDAgBKRXmVu2gH2AOnRBW4SGWeZa1atmjUGniV2QaqoQMM1vzq9iCYBC4EKolTbtmLopkQCp4JllU6iWEzokPRZW9OQBEx10/EXGd7XSg/7kdQVAh6rvydSEig1Cjzdmd+spr1c/M9rJ+CfdlMexgmwkE4W+YnAEOE8EtzjklEQI00IlVzfiumASEJBB1fRIdjTL88S57B2VrOuj6v1myKNMtpBe+gA2egE1dElaiAHUfSIntErejOejBfj3fiYtJaMYmYb/YHx+QNlq5jB</latexit><latexit sha1_base64="zuYa7DtM05n7wF0oRV7A/wV6bVg=">AAACBHicbVA9SwNBEN2LXzF+nVpqsRgEq3CngtoFtLCwiOKZQBKOvc1esmTvg905MRzX2PhXbCxUbP0Rdv4b95IrNPHBwOO9GWbmebHgCizr2yjNzS8sLpWXKyura+sb5ubWnYoSSZlDIxHJlkcUEzxkDnAQrBVLRgJPsKY3PM/95j2TikfhLYxi1g1IP+Q+pwS05Jq7nYDAgBKRXmVu2gH2AOnRBW4SGWeZa1atmjUGniV2QaqoQMM1vzq9iCYBC4EKolTbtmLopkQCp4JllU6iWEzokPRZW9OQBEx10/EXGd7XSg/7kdQVAh6rvydSEig1Cjzdmd+spr1c/M9rJ+CfdlMexgmwkE4W+YnAEOE8EtzjklEQI00IlVzfiumASEJBB1fRIdjTL88S57B2VrOuj6v1myKNMtpBe+gA2egE1dElaiAHUfSIntErejOejBfj3fiYtJaMYmYb/YHx+QNlq5jB</latexit><latexit sha1_base64="C39OhB+IczRcjLNINXH29e9lt8M=">AAAB2HicbZDNSgMxFIXv1L86Vq1rN8EiuCpTN+pOcOOygmML7VAymTttaCYzJHeEMvQFXLhRfDB3vo3pz0KtBwIf5yTk3hMXSloKgi+vtrW9s7tX3/cPGv7h0XGz8WTz0ggMRa5y04+5RSU1hiRJYb8wyLNYYS+e3i3y3jMaK3P9SLMCo4yPtUyl4OSs7qjZCtrBUmwTOmtowVqj5ucwyUWZoSahuLWDTlBQVHFDUiic+8PSYsHFlI9x4FDzDG1ULcecs3PnJCzNjTua2NL9+aLimbWzLHY3M04T+zdbmP9lg5LS66iSuigJtVh9lJaKUc4WO7NEGhSkZg64MNLNysSEGy7INeO7Djp/N96E8LJ90w4eAqjDKZzBBXTgCm7hHroQgoAEXuDNm3iv3vuqqpq37uwEfsn7+Aap5IoM</latexit><latexit sha1_base64="WokRsJdLNN+RdeW4XlSSl3UBaG0=">AAAB+XicbZC9TsMwFIVvyl8pBQorDBYVElOVwgBsSDAwMBSJ0kptFDmu21p1nMi+QVRRFhZehYUBEC/CxtvgtB2g5UiWPp1jy/eeIJbCoOt+O4Wl5ZXVteJ6aaO8ubVd2SnfmyjRjDdZJCPdDqjhUijeRIGSt2PNaRhI3gpGl3neeuDaiEjd4TjmXkgHSvQFo2gtv7LfDSkOGZXpTeanXeSPmJ5ckRbVcZb5lapbcycii1CfQRVmaviVr24vYknIFTJJjenU3Ri9lGoUTPKs1E0Mjykb0QHvWFQ05MZLJ1tk5NA6PdKPtD0KycT9/SKloTHjMLA385nNfJab/2WdBPtnXipUnCBXbPpRP5EEI5JXQnpCc4ZybIEyLeyshA2ppgxtcSVbQn1+5UVoHtfOa+6tC0XYgwM4gjqcwgVcQwOawOAJXuAN3p1n59X5mLZVcGa17cIfOZ8/0J2XQg==</latexit><latexit sha1_base64="WokRsJdLNN+RdeW4XlSSl3UBaG0=">AAAB+XicbZC9TsMwFIVvyl8pBQorDBYVElOVwgBsSDAwMBSJ0kptFDmu21p1nMi+QVRRFhZehYUBEC/CxtvgtB2g5UiWPp1jy/eeIJbCoOt+O4Wl5ZXVteJ6aaO8ubVd2SnfmyjRjDdZJCPdDqjhUijeRIGSt2PNaRhI3gpGl3neeuDaiEjd4TjmXkgHSvQFo2gtv7LfDSkOGZXpTeanXeSPmJ5ckRbVcZb5lapbcycii1CfQRVmaviVr24vYknIFTJJjenU3Ri9lGoUTPKs1E0Mjykb0QHvWFQ05MZLJ1tk5NA6PdKPtD0KycT9/SKloTHjMLA385nNfJab/2WdBPtnXipUnCBXbPpRP5EEI5JXQnpCc4ZybIEyLeyshA2ppgxtcSVbQn1+5UVoHtfOa+6tC0XYgwM4gjqcwgVcQwOawOAJXuAN3p1n59X5mLZVcGa17cIfOZ8/0J2XQg==</latexit><latexit sha1_base64="UtzzTYUPiBQd0TlTCGPZlKOvEhs=">AAACBHicbVC7TsNAEDzzDOFloITiRIREFdlQAF0kKCgoAsIkUmxZ58s5OeX80N0aEVluaPgVGgpAtHwEHX/DJXEBCSOtNJrZ1e5OkAquwLK+jbn5hcWl5cpKdXVtfWPT3Nq+U0kmKXNoIhLZDohigsfMAQ6CtVPJSBQI1goG5yO/dc+k4kl8C8OUeRHpxTzklICWfHPPjQj0KRH5VeHnLrAHyI8vcIvItCh8s2bVrTHwLLFLUkMlmr755XYTmkUsBiqIUh3bSsHLiQROBSuqbqZYSuiA9FhH05hETHn5+IsCH2ili8NE6ooBj9XfEzmJlBpGge4c3aymvZH4n9fJIDz1ch6nGbCYThaFmcCQ4FEkuMsloyCGmhAqub4V0z6RhIIOrqpDsKdfniXOUf2sbl1btcZNmUYF7aJ9dIhsdIIa6BI1kYMoekTP6BW9GU/Gi/FufExa54xyZgf9gfH5A2RrmL0=</latexit><latexit sha1_base64="zuYa7DtM05n7wF0oRV7A/wV6bVg=">AAACBHicbVA9SwNBEN2LXzF+nVpqsRgEq3CngtoFtLCwiOKZQBKOvc1esmTvg905MRzX2PhXbCxUbP0Rdv4b95IrNPHBwOO9GWbmebHgCizr2yjNzS8sLpWXKyura+sb5ubWnYoSSZlDIxHJlkcUEzxkDnAQrBVLRgJPsKY3PM/95j2TikfhLYxi1g1IP+Q+pwS05Jq7nYDAgBKRXmVu2gH2AOnRBW4SGWeZa1atmjUGniV2QaqoQMM1vzq9iCYBC4EKolTbtmLopkQCp4JllU6iWEzokPRZW9OQBEx10/EXGd7XSg/7kdQVAh6rvydSEig1Cjzdmd+spr1c/M9rJ+CfdlMexgmwkE4W+YnAEOE8EtzjklEQI00IlVzfiumASEJBB1fRIdjTL88S57B2VrOuj6v1myKNMtpBe+gA2egE1dElaiAHUfSIntErejOejBfj3fiYtJaMYmYb/YHx+QNlq5jB</latexit><latexit sha1_base64="zuYa7DtM05n7wF0oRV7A/wV6bVg=">AAACBHicbVA9SwNBEN2LXzF+nVpqsRgEq3CngtoFtLCwiOKZQBKOvc1esmTvg905MRzX2PhXbCxUbP0Rdv4b95IrNPHBwOO9GWbmebHgCizr2yjNzS8sLpWXKyura+sb5ubWnYoSSZlDIxHJlkcUEzxkDnAQrBVLRgJPsKY3PM/95j2TikfhLYxi1g1IP+Q+pwS05Jq7nYDAgBKRXmVu2gH2AOnRBW4SGWeZa1atmjUGniV2QaqoQMM1vzq9iCYBC4EKolTbtmLopkQCp4JllU6iWEzokPRZW9OQBEx10/EXGd7XSg/7kdQVAh6rvydSEig1Cjzdmd+spr1c/M9rJ+CfdlMexgmwkE4W+YnAEOE8EtzjklEQI00IlVzfiumASEJBB1fRIdjTL88S57B2VrOuj6v1myKNMtpBe+gA2egE1dElaiAHUfSIntErejOejBfj3fiYtJaMYmYb/YHx+QNlq5jB</latexit><latexit sha1_base64="zuYa7DtM05n7wF0oRV7A/wV6bVg=">AAACBHicbVA9SwNBEN2LXzF+nVpqsRgEq3CngtoFtLCwiOKZQBKOvc1esmTvg905MRzX2PhXbCxUbP0Rdv4b95IrNPHBwOO9GWbmebHgCizr2yjNzS8sLpWXKyura+sb5ubWnYoSSZlDIxHJlkcUEzxkDnAQrBVLRgJPsKY3PM/95j2TikfhLYxi1g1IP+Q+pwS05Jq7nYDAgBKRXmVu2gH2AOnRBW4SGWeZa1atmjUGniV2QaqoQMM1vzq9iCYBC4EKolTbtmLopkQCp4JllU6iWEzokPRZW9OQBEx10/EXGd7XSg/7kdQVAh6rvydSEig1Cjzdmd+spr1c/M9rJ+CfdlMexgmwkE4W+YnAEOE8EtzjklEQI00IlVzfiumASEJBB1fRIdjTL88S57B2VrOuj6v1myKNMtpBe+gA2egE1dElaiAHUfSIntErejOejBfj3fiYtJaMYmYb/YHx+QNlq5jB</latexit><latexit sha1_base64="zuYa7DtM05n7wF0oRV7A/wV6bVg=">AAACBHicbVA9SwNBEN2LXzF+nVpqsRgEq3CngtoFtLCwiOKZQBKOvc1esmTvg905MRzX2PhXbCxUbP0Rdv4b95IrNPHBwOO9GWbmebHgCizr2yjNzS8sLpWXKyura+sb5ubWnYoSSZlDIxHJlkcUEzxkDnAQrBVLRgJPsKY3PM/95j2TikfhLYxi1g1IP+Q+pwS05Jq7nYDAgBKRXmVu2gH2AOnRBW4SGWeZa1atmjUGniV2QaqoQMM1vzq9iCYBC4EKolTbtmLopkQCp4JllU6iWEzokPRZW9OQBEx10/EXGd7XSg/7kdQVAh6rvydSEig1Cjzdmd+spr1c/M9rJ+CfdlMexgmwkE4W+YnAEOE8EtzjklEQI00IlVzfiumASEJBB1fRIdjTL88S57B2VrOuj6v1myKNMtpBe+gA2egE1dElaiAHUfSIntErejOejBfj3fiYtJaMYmYb/YHx+QNlq5jB</latexit><latexit sha1_base64="zuYa7DtM05n7wF0oRV7A/wV6bVg=">AAACBHicbVA9SwNBEN2LXzF+nVpqsRgEq3CngtoFtLCwiOKZQBKOvc1esmTvg905MRzX2PhXbCxUbP0Rdv4b95IrNPHBwOO9GWbmebHgCizr2yjNzS8sLpWXKyura+sb5ubWnYoSSZlDIxHJlkcUEzxkDnAQrBVLRgJPsKY3PM/95j2TikfhLYxi1g1IP+Q+pwS05Jq7nYDAgBKRXmVu2gH2AOnRBW4SGWeZa1atmjUGniV2QaqoQMM1vzq9iCYBC4EKolTbtmLopkQCp4JllU6iWEzokPRZW9OQBEx10/EXGd7XSg/7kdQVAh6rvydSEig1Cjzdmd+spr1c/M9rJ+CfdlMexgmwkE4W+YnAEOE8EtzjklEQI00IlVzfiumASEJBB1fRIdjTL88S57B2VrOuj6v1myKNMtpBe+gA2egE1dElaiAHUfSIntErejOejBfj3fiYtJaMYmYb/YHx+QNlq5jB</latexit>

UNSUP

NetPOSE
<latexit sha1_base64="GCY27jynSiwk8CAJiPAxmu1sSG0=">AAACBnicbVDLSsNAFJ34rPVVdSlIsAiuSiqCuiuI4Erro7bQljCZ3LRDJw9mbsQSsnPjr7hxoeLWb3Dn3zhps9DWA8MczrmXe+9xIsEVWta3MTM7N7+wWFgqLq+srq2XNjbvVBhLBg0WilC2HKpA8AAayFFAK5JAfUdA0xmcZn7zHqTiYXCLwwi6Pu0F3OOMopbs0k7HCYWrhr7+kgvA1E46CA+Y1C9vztLULpWtijWCOU2qOSmTHHW79NVxQxb7ECATVKl21Yqwm1CJnAlIi51YQUTZgPagrWlAfVDdZHRHau5pxTW9UOoXoDlSf3ck1FfZqrrSp9hXk14m/ue1Y/SOuwkPohghYONBXixMDM0sFNPlEhiKoSaUSa53NVmfSspQR1fUIVQnT54mjYPKScW6OizXrvM0CmSb7JJ9UiVHpEbOSZ00CCOP5Jm8kjfjyXgx3o2PcemMkfdskT8wPn8ArjeaEw==</latexit><latexit sha1_base64="GCY27jynSiwk8CAJiPAxmu1sSG0=">AAACBnicbVDLSsNAFJ34rPVVdSlIsAiuSiqCuiuI4Erro7bQljCZ3LRDJw9mbsQSsnPjr7hxoeLWb3Dn3zhps9DWA8MczrmXe+9xIsEVWta3MTM7N7+wWFgqLq+srq2XNjbvVBhLBg0WilC2HKpA8AAayFFAK5JAfUdA0xmcZn7zHqTiYXCLwwi6Pu0F3OOMopbs0k7HCYWrhr7+kgvA1E46CA+Y1C9vztLULpWtijWCOU2qOSmTHHW79NVxQxb7ECATVKl21Yqwm1CJnAlIi51YQUTZgPagrWlAfVDdZHRHau5pxTW9UOoXoDlSf3ck1FfZqrrSp9hXk14m/ue1Y/SOuwkPohghYONBXixMDM0sFNPlEhiKoSaUSa53NVmfSspQR1fUIVQnT54mjYPKScW6OizXrvM0CmSb7JJ9UiVHpEbOSZ00CCOP5Jm8kjfjyXgx3o2PcemMkfdskT8wPn8ArjeaEw==</latexit><latexit sha1_base64="GCY27jynSiwk8CAJiPAxmu1sSG0=">AAACBnicbVDLSsNAFJ34rPVVdSlIsAiuSiqCuiuI4Erro7bQljCZ3LRDJw9mbsQSsnPjr7hxoeLWb3Dn3zhps9DWA8MczrmXe+9xIsEVWta3MTM7N7+wWFgqLq+srq2XNjbvVBhLBg0WilC2HKpA8AAayFFAK5JAfUdA0xmcZn7zHqTiYXCLwwi6Pu0F3OOMopbs0k7HCYWrhr7+kgvA1E46CA+Y1C9vztLULpWtijWCOU2qOSmTHHW79NVxQxb7ECATVKl21Yqwm1CJnAlIi51YQUTZgPagrWlAfVDdZHRHau5pxTW9UOoXoDlSf3ck1FfZqrrSp9hXk14m/ue1Y/SOuwkPohghYONBXixMDM0sFNPlEhiKoSaUSa53NVmfSspQR1fUIVQnT54mjYPKScW6OizXrvM0CmSb7JJ9UiVHpEbOSZ00CCOP5Jm8kjfjyXgx3o2PcemMkfdskT8wPn8ArjeaEw==</latexit><latexit sha1_base64="C39OhB+IczRcjLNINXH29e9lt8M=">AAAB2HicbZDNSgMxFIXv1L86Vq1rN8EiuCpTN+pOcOOygmML7VAymTttaCYzJHeEMvQFXLhRfDB3vo3pz0KtBwIf5yTk3hMXSloKgi+vtrW9s7tX3/cPGv7h0XGz8WTz0ggMRa5y04+5RSU1hiRJYb8wyLNYYS+e3i3y3jMaK3P9SLMCo4yPtUyl4OSs7qjZCtrBUmwTOmtowVqj5ucwyUWZoSahuLWDTlBQVHFDUiic+8PSYsHFlI9x4FDzDG1ULcecs3PnJCzNjTua2NL9+aLimbWzLHY3M04T+zdbmP9lg5LS66iSuigJtVh9lJaKUc4WO7NEGhSkZg64MNLNysSEGy7INeO7Djp/N96E8LJ90w4eAqjDKZzBBXTgCm7hHroQgoAEXuDNm3iv3vuqqpq37uwEfsn7+Aap5IoM</latexit><latexit sha1_base64="LKIxyjMUYtwktx6JE8+bNCI3C1I=">AAAB+3icbVDLSgNBEOyNrxijRq+CLAbBU9j1ot4EETxpRNcEkhBmJ73JkNkHM71iWPbmxV/x4kHF//Dm3zh5HDRaMHRR1c10l59IoclxvqzCwuLS8kpxtbRWXt/YrGyV73ScKo4ej2Wsmj7TKEWEHgmS2EwUstCX2PCHZ2O/cY9Kizi6pVGCnZD1IxEIzshI3cpu249lT49CU7JLpLybtQkfKKtf3ZznebdSdWrOBPZf4s5IFWaodyuf7V7M0xAj4pJp3XKdhDoZUyS4xLzUTjUmjA9ZH1uGRixE3ckmd+T2vlF6dhAr8yKyJ+rPiYyFeryq6QwZDfS8Nxb/81opBcedTERJShjx6UdBKm2K7XEodk8o5CRHhjCuhNnV5gOmGCcTXcmE4M6f/Jd4h7WTmnPtQBF2YA8OwIUjOIULqIMHHB7hGV7hzXqyXqz3aVoFaxbbNvyC9fENCw6Ykg==</latexit><latexit sha1_base64="LKIxyjMUYtwktx6JE8+bNCI3C1I=">AAAB+3icbVDLSgNBEOyNrxijRq+CLAbBU9j1ot4EETxpRNcEkhBmJ73JkNkHM71iWPbmxV/x4kHF//Dm3zh5HDRaMHRR1c10l59IoclxvqzCwuLS8kpxtbRWXt/YrGyV73ScKo4ej2Wsmj7TKEWEHgmS2EwUstCX2PCHZ2O/cY9Kizi6pVGCnZD1IxEIzshI3cpu249lT49CU7JLpLybtQkfKKtf3ZznebdSdWrOBPZf4s5IFWaodyuf7V7M0xAj4pJp3XKdhDoZUyS4xLzUTjUmjA9ZH1uGRixE3ckmd+T2vlF6dhAr8yKyJ+rPiYyFeryq6QwZDfS8Nxb/81opBcedTERJShjx6UdBKm2K7XEodk8o5CRHhjCuhNnV5gOmGCcTXcmE4M6f/Jd4h7WTmnPtQBF2YA8OwIUjOIULqIMHHB7hGV7hzXqyXqz3aVoFaxbbNvyC9fENCw6Ykg==</latexit><latexit sha1_base64="dWASDz10SFL+nBXcup/GJlfT+w4=">AAACBnicbVDLSsNAFJ3UV62vqEtBgkVwVRI36q4ggiutj9pCG8JketsOnTyYuRFLyM6Nv+LGhYpbv8Gdf+O0zUJbDwxzOOde7r3HjwVXaNvfRmFufmFxqbhcWlldW98wN7fuVJRIBnUWiUg2fapA8BDqyFFAM5ZAA19Awx+cjvzGPUjFo/AWhzG4Ae2FvMsZRS155m7bj0RHDQP9pReAmZe2ER4wrV3enGWZZ5btij2GNUucnJRJjppnfrU7EUsCCJEJqlTLsWN0UyqRMwFZqZ0oiCkb0B60NA1pAMpNx3dk1r5WOlY3kvqFaI3V3x0pDdRoVV0ZUOyraW8k/ue1EuweuykP4wQhZJNB3URYGFmjUKwOl8BQDDWhTHK9q8X6VFKGOrqSDsGZPnmW1A8rJxX7yi5Xr/M0imSH7JED4pAjUiXnpEbqhJFH8kxeyZvxZLwY78bHpLRg5D3b5A+Mzx+s95oP</latexit><latexit sha1_base64="GCY27jynSiwk8CAJiPAxmu1sSG0=">AAACBnicbVDLSsNAFJ34rPVVdSlIsAiuSiqCuiuI4Erro7bQljCZ3LRDJw9mbsQSsnPjr7hxoeLWb3Dn3zhps9DWA8MczrmXe+9xIsEVWta3MTM7N7+wWFgqLq+srq2XNjbvVBhLBg0WilC2HKpA8AAayFFAK5JAfUdA0xmcZn7zHqTiYXCLwwi6Pu0F3OOMopbs0k7HCYWrhr7+kgvA1E46CA+Y1C9vztLULpWtijWCOU2qOSmTHHW79NVxQxb7ECATVKl21Yqwm1CJnAlIi51YQUTZgPagrWlAfVDdZHRHau5pxTW9UOoXoDlSf3ck1FfZqrrSp9hXk14m/ue1Y/SOuwkPohghYONBXixMDM0sFNPlEhiKoSaUSa53NVmfSspQR1fUIVQnT54mjYPKScW6OizXrvM0CmSb7JJ9UiVHpEbOSZ00CCOP5Jm8kjfjyXgx3o2PcemMkfdskT8wPn8ArjeaEw==</latexit><latexit sha1_base64="GCY27jynSiwk8CAJiPAxmu1sSG0=">AAACBnicbVDLSsNAFJ34rPVVdSlIsAiuSiqCuiuI4Erro7bQljCZ3LRDJw9mbsQSsnPjr7hxoeLWb3Dn3zhps9DWA8MczrmXe+9xIsEVWta3MTM7N7+wWFgqLq+srq2XNjbvVBhLBg0WilC2HKpA8AAayFFAK5JAfUdA0xmcZn7zHqTiYXCLwwi6Pu0F3OOMopbs0k7HCYWrhr7+kgvA1E46CA+Y1C9vztLULpWtijWCOU2qOSmTHHW79NVxQxb7ECATVKl21Yqwm1CJnAlIi51YQUTZgPagrWlAfVDdZHRHau5pxTW9UOoXoDlSf3ck1FfZqrrSp9hXk14m/ue1Y/SOuwkPohghYONBXixMDM0sFNPlEhiKoSaUSa53NVmfSspQR1fUIVQnT54mjYPKScW6OizXrvM0CmSb7JJ9UiVHpEbOSZ00CCOP5Jm8kjfjyXgx3o2PcemMkfdskT8wPn8ArjeaEw==</latexit><latexit sha1_base64="GCY27jynSiwk8CAJiPAxmu1sSG0=">AAACBnicbVDLSsNAFJ34rPVVdSlIsAiuSiqCuiuI4Erro7bQljCZ3LRDJw9mbsQSsnPjr7hxoeLWb3Dn3zhps9DWA8MczrmXe+9xIsEVWta3MTM7N7+wWFgqLq+srq2XNjbvVBhLBg0WilC2HKpA8AAayFFAK5JAfUdA0xmcZn7zHqTiYXCLwwi6Pu0F3OOMopbs0k7HCYWrhr7+kgvA1E46CA+Y1C9vztLULpWtijWCOU2qOSmTHHW79NVxQxb7ECATVKl21Yqwm1CJnAlIi51YQUTZgPagrWlAfVDdZHRHau5pxTW9UOoXoDlSf3ck1FfZqrrSp9hXk14m/ue1Y/SOuwkPohghYONBXixMDM0sFNPlEhiKoSaUSa53NVmfSspQR1fUIVQnT54mjYPKScW6OizXrvM0CmSb7JJ9UiVHpEbOSZ00CCOP5Jm8kjfjyXgx3o2PcemMkfdskT8wPn8ArjeaEw==</latexit><latexit sha1_base64="GCY27jynSiwk8CAJiPAxmu1sSG0=">AAACBnicbVDLSsNAFJ34rPVVdSlIsAiuSiqCuiuI4Erro7bQljCZ3LRDJw9mbsQSsnPjr7hxoeLWb3Dn3zhps9DWA8MczrmXe+9xIsEVWta3MTM7N7+wWFgqLq+srq2XNjbvVBhLBg0WilC2HKpA8AAayFFAK5JAfUdA0xmcZn7zHqTiYXCLwwi6Pu0F3OOMopbs0k7HCYWrhr7+kgvA1E46CA+Y1C9vztLULpWtijWCOU2qOSmTHHW79NVxQxb7ECATVKl21Yqwm1CJnAlIi51YQUTZgPagrWlAfVDdZHRHau5pxTW9UOoXoDlSf3ck1FfZqrrSp9hXk14m/ue1Y/SOuwkPohghYONBXixMDM0sFNPlEhiKoSaUSa53NVmfSspQR1fUIVQnT54mjYPKScW6OizXrvM0CmSb7JJ9UiVHpEbOSZ00CCOP5Jm8kjfjyXgx3o2PcemMkfdskT8wPn8ArjeaEw==</latexit><latexit sha1_base64="GCY27jynSiwk8CAJiPAxmu1sSG0=">AAACBnicbVDLSsNAFJ34rPVVdSlIsAiuSiqCuiuI4Erro7bQljCZ3LRDJw9mbsQSsnPjr7hxoeLWb3Dn3zhps9DWA8MczrmXe+9xIsEVWta3MTM7N7+wWFgqLq+srq2XNjbvVBhLBg0WilC2HKpA8AAayFFAK5JAfUdA0xmcZn7zHqTiYXCLwwi6Pu0F3OOMopbs0k7HCYWrhr7+kgvA1E46CA+Y1C9vztLULpWtijWCOU2qOSmTHHW79NVxQxb7ECATVKl21Yqwm1CJnAlIi51YQUTZgPagrWlAfVDdZHRHau5pxTW9UOoXoDlSf3ck1FfZqrrSp9hXk14m/ue1Y/SOuwkPohghYONBXixMDM0sFNPlEhiKoSaUSa53NVmfSspQR1fUIVQnT54mjYPKScW6OizXrvM0CmSb7JJ9UiVHpEbOSZ00CCOP5Jm8kjfjyXgx3o2PcemMkfdskT8wPn8ArjeaEw==</latexit>

LCAM
<latexit sha1_base64="VorPgvUbcrNd3naL8PCRGpRiMXU=">AAACAHicbVBNS8NAEN34WetX1IvgJVgETyURQb1VevGgUMXYQhPCZrtpl24+2J2IJcSLf8WLBxWv/gxv/hs3bQ7a+mDg8d4MM/P8hDMJpvmtzc0vLC4tV1aqq2vrG5v61vadjFNBqE1iHouOjyXlLKI2MOC0kwiKQ5/Ttj9sFn77ngrJ4ugWRgl1Q9yPWMAIBiV5+q4TYhgQzLPL3MscoA+QNc+v8tzTa2bdHMOYJVZJaqhEy9O/nF5M0pBGQDiWsmuZCbgZFsAIp3nVSSVNMBniPu0qGuGQSjcbf5AbB0rpGUEsVEVgjNXfExkOpRyFvuos7pXTXiH+53VTCE7djEVJCjQik0VByg2IjSIOo8cEJcBHimAimLrVIAMsMAEVWlWFYE2/PEvso/pZ3bw+rjVuyjQqaA/to0NkoRPUQBeohWxE0CN6Rq/oTXvSXrR37WPSOqeVMzvoD7TPH5Walzk=</latexit><latexit sha1_base64="VorPgvUbcrNd3naL8PCRGpRiMXU=">AAACAHicbVBNS8NAEN34WetX1IvgJVgETyURQb1VevGgUMXYQhPCZrtpl24+2J2IJcSLf8WLBxWv/gxv/hs3bQ7a+mDg8d4MM/P8hDMJpvmtzc0vLC4tV1aqq2vrG5v61vadjFNBqE1iHouOjyXlLKI2MOC0kwiKQ5/Ttj9sFn77ngrJ4ugWRgl1Q9yPWMAIBiV5+q4TYhgQzLPL3MscoA+QNc+v8tzTa2bdHMOYJVZJaqhEy9O/nF5M0pBGQDiWsmuZCbgZFsAIp3nVSSVNMBniPu0qGuGQSjcbf5AbB0rpGUEsVEVgjNXfExkOpRyFvuos7pXTXiH+53VTCE7djEVJCjQik0VByg2IjSIOo8cEJcBHimAimLrVIAMsMAEVWlWFYE2/PEvso/pZ3bw+rjVuyjQqaA/to0NkoRPUQBeohWxE0CN6Rq/oTXvSXrR37WPSOqeVMzvoD7TPH5Walzk=</latexit><latexit sha1_base64="VorPgvUbcrNd3naL8PCRGpRiMXU=">AAACAHicbVBNS8NAEN34WetX1IvgJVgETyURQb1VevGgUMXYQhPCZrtpl24+2J2IJcSLf8WLBxWv/gxv/hs3bQ7a+mDg8d4MM/P8hDMJpvmtzc0vLC4tV1aqq2vrG5v61vadjFNBqE1iHouOjyXlLKI2MOC0kwiKQ5/Ttj9sFn77ngrJ4ugWRgl1Q9yPWMAIBiV5+q4TYhgQzLPL3MscoA+QNc+v8tzTa2bdHMOYJVZJaqhEy9O/nF5M0pBGQDiWsmuZCbgZFsAIp3nVSSVNMBniPu0qGuGQSjcbf5AbB0rpGUEsVEVgjNXfExkOpRyFvuos7pXTXiH+53VTCE7djEVJCjQik0VByg2IjSIOo8cEJcBHimAimLrVIAMsMAEVWlWFYE2/PEvso/pZ3bw+rjVuyjQqaA/to0NkoRPUQBeohWxE0CN6Rq/oTXvSXrR37WPSOqeVMzvoD7TPH5Walzk=</latexit>

t,!
<latexit sha1_base64="RBQy8qxdzw6GINtHz2QTMdaA5JI=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBA8SNiIoN4CXjxGcU0wWcLspDcZMo9lZlYIS/7CiwcVr36ON//G2WQPmljQUFR1090VJZwZ6/vf3tLyyuraemmjvLm1vbNb2dt/MCrVFAKquNLtiBjgTEJgmeXQTjQQEXFoRaPr3G89gTZMyXs7TiAUZCBZzCixTnq0p7irBAxIuVep+jV/CrxI6gWpogLNXuWr21c0FSAt5cSYTt1PbJgRbRnlMCl3UwMJoSMygI6jkggwYTa9eIKPndLHsdKupMVT9fdERoQxYxG5TkHs0Mx7ufif10ltfBlmTCapBUlni+KUY6tw/j7uMw3U8rEjhGrmbsV0SDSh1oWUh1Cff3mRBGe1q5p/e15t3BVplNAhOkInqI4uUAPdoCYKEEUSPaNX9OYZ78V79z5mrUteMXOA/sD7/AHPCY/w</latexit><latexit sha1_base64="RBQy8qxdzw6GINtHz2QTMdaA5JI=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBA8SNiIoN4CXjxGcU0wWcLspDcZMo9lZlYIS/7CiwcVr36ON//G2WQPmljQUFR1090VJZwZ6/vf3tLyyuraemmjvLm1vbNb2dt/MCrVFAKquNLtiBjgTEJgmeXQTjQQEXFoRaPr3G89gTZMyXs7TiAUZCBZzCixTnq0p7irBAxIuVep+jV/CrxI6gWpogLNXuWr21c0FSAt5cSYTt1PbJgRbRnlMCl3UwMJoSMygI6jkggwYTa9eIKPndLHsdKupMVT9fdERoQxYxG5TkHs0Mx7ufif10ltfBlmTCapBUlni+KUY6tw/j7uMw3U8rEjhGrmbsV0SDSh1oWUh1Cff3mRBGe1q5p/e15t3BVplNAhOkInqI4uUAPdoCYKEEUSPaNX9OYZ78V79z5mrUteMXOA/sD7/AHPCY/w</latexit><latexit sha1_base64="RBQy8qxdzw6GINtHz2QTMdaA5JI=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBA8SNiIoN4CXjxGcU0wWcLspDcZMo9lZlYIS/7CiwcVr36ON//G2WQPmljQUFR1090VJZwZ6/vf3tLyyuraemmjvLm1vbNb2dt/MCrVFAKquNLtiBjgTEJgmeXQTjQQEXFoRaPr3G89gTZMyXs7TiAUZCBZzCixTnq0p7irBAxIuVep+jV/CrxI6gWpogLNXuWr21c0FSAt5cSYTt1PbJgRbRnlMCl3UwMJoSMygI6jkggwYTa9eIKPndLHsdKupMVT9fdERoQxYxG5TkHs0Mx7ufif10ltfBlmTCapBUlni+KUY6tw/j7uMw3U8rEjhGrmbsV0SDSh1oWUh1Cff3mRBGe1q5p/e15t3BVplNAhOkInqI4uUAPdoCYKEEUSPaNX9OYZ78V79z5mrUteMXOA/sD7/AHPCY/w</latexit>

NetOF
<latexit sha1_base64="LxA30ier+uOYLXCC3nGx7EdqP5c=">AAACBXicbVBNS8NAEN3Ur1q/oh5FCBbBU0lFUG8FQTxpFWMLbSmb7aRduvlgdyKWkJMX/4oXDype/Q/e/Ddu2hy09cGyj/dmmJnnRoIrtO1vozA3v7C4VFwurayurW+Ym1t3KowlA4eFIpRNlyoQPAAHOQpoRhKo7wpouMOzzG/cg1Q8DG5xFEHHp/2Ae5xR1FLX3G27oeipka+/5BIw7SZthAdMrs7TtNQ1y3bFHsOaJdWclEmOetf8avdCFvsQIBNUqVbVjrCTUImcCUhL7VhBRNmQ9qGlaUB9UJ1kfEZq7WulZ3mh1C9Aa6z+7kior7JNdaVPcaCmvUz8z2vF6J10Eh5EMULAJoO8WFgYWlkmVo9LYChGmlAmud7VYgMqKUOdXBZCdfrkWeIcVk4r9vVRuXaTp1EkO2SPHJAqOSY1ckHqxCGMPJJn8krejCfjxXg3PialBSPv2SZ/YHz+AJe3mXE=</latexit><latexit sha1_base64="LxA30ier+uOYLXCC3nGx7EdqP5c=">AAACBXicbVBNS8NAEN3Ur1q/oh5FCBbBU0lFUG8FQTxpFWMLbSmb7aRduvlgdyKWkJMX/4oXDype/Q/e/Ddu2hy09cGyj/dmmJnnRoIrtO1vozA3v7C4VFwurayurW+Ym1t3KowlA4eFIpRNlyoQPAAHOQpoRhKo7wpouMOzzG/cg1Q8DG5xFEHHp/2Ae5xR1FLX3G27oeipka+/5BIw7SZthAdMrs7TtNQ1y3bFHsOaJdWclEmOetf8avdCFvsQIBNUqVbVjrCTUImcCUhL7VhBRNmQ9qGlaUB9UJ1kfEZq7WulZ3mh1C9Aa6z+7kior7JNdaVPcaCmvUz8z2vF6J10Eh5EMULAJoO8WFgYWlkmVo9LYChGmlAmud7VYgMqKUOdXBZCdfrkWeIcVk4r9vVRuXaTp1EkO2SPHJAqOSY1ckHqxCGMPJJn8krejCfjxXg3PialBSPv2SZ/YHz+AJe3mXE=</latexit><latexit sha1_base64="LxA30ier+uOYLXCC3nGx7EdqP5c=">AAACBXicbVBNS8NAEN3Ur1q/oh5FCBbBU0lFUG8FQTxpFWMLbSmb7aRduvlgdyKWkJMX/4oXDype/Q/e/Ddu2hy09cGyj/dmmJnnRoIrtO1vozA3v7C4VFwurayurW+Ym1t3KowlA4eFIpRNlyoQPAAHOQpoRhKo7wpouMOzzG/cg1Q8DG5xFEHHp/2Ae5xR1FLX3G27oeipka+/5BIw7SZthAdMrs7TtNQ1y3bFHsOaJdWclEmOetf8avdCFvsQIBNUqVbVjrCTUImcCUhL7VhBRNmQ9qGlaUB9UJ1kfEZq7WulZ3mh1C9Aa6z+7kior7JNdaVPcaCmvUz8z2vF6J10Eh5EMULAJoO8WFgYWlkmVo9LYChGmlAmud7VYgMqKUOdXBZCdfrkWeIcVk4r9vVRuXaTp1EkO2SPHJAqOSY1ckHqxCGMPJJn8krejCfjxXg3PialBSPv2SZ/YHz+AJe3mXE=</latexit>

t,!
<latexit sha1_base64="RBQy8qxdzw6GINtHz2QTMdaA5JI=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBA8SNiIoN4CXjxGcU0wWcLspDcZMo9lZlYIS/7CiwcVr36ON//G2WQPmljQUFR1090VJZwZ6/vf3tLyyuraemmjvLm1vbNb2dt/MCrVFAKquNLtiBjgTEJgmeXQTjQQEXFoRaPr3G89gTZMyXs7TiAUZCBZzCixTnq0p7irBAxIuVep+jV/CrxI6gWpogLNXuWr21c0FSAt5cSYTt1PbJgRbRnlMCl3UwMJoSMygI6jkggwYTa9eIKPndLHsdKupMVT9fdERoQxYxG5TkHs0Mx7ufif10ltfBlmTCapBUlni+KUY6tw/j7uMw3U8rEjhGrmbsV0SDSh1oWUh1Cff3mRBGe1q5p/e15t3BVplNAhOkInqI4uUAPdoCYKEEUSPaNX9OYZ78V79z5mrUteMXOA/sD7/AHPCY/w</latexit><latexit sha1_base64="RBQy8qxdzw6GINtHz2QTMdaA5JI=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBA8SNiIoN4CXjxGcU0wWcLspDcZMo9lZlYIS/7CiwcVr36ON//G2WQPmljQUFR1090VJZwZ6/vf3tLyyuraemmjvLm1vbNb2dt/MCrVFAKquNLtiBjgTEJgmeXQTjQQEXFoRaPr3G89gTZMyXs7TiAUZCBZzCixTnq0p7irBAxIuVep+jV/CrxI6gWpogLNXuWr21c0FSAt5cSYTt1PbJgRbRnlMCl3UwMJoSMygI6jkggwYTa9eIKPndLHsdKupMVT9fdERoQxYxG5TkHs0Mx7ufif10ltfBlmTCapBUlni+KUY6tw/j7uMw3U8rEjhGrmbsV0SDSh1oWUh1Cff3mRBGe1q5p/e15t3BVplNAhOkInqI4uUAPdoCYKEEUSPaNX9OYZ78V79z5mrUteMXOA/sD7/AHPCY/w</latexit><latexit sha1_base64="RBQy8qxdzw6GINtHz2QTMdaA5JI=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBA8SNiIoN4CXjxGcU0wWcLspDcZMo9lZlYIS/7CiwcVr36ON//G2WQPmljQUFR1090VJZwZ6/vf3tLyyuraemmjvLm1vbNb2dt/MCrVFAKquNLtiBjgTEJgmeXQTjQQEXFoRaPr3G89gTZMyXs7TiAUZCBZzCixTnq0p7irBAxIuVep+jV/CrxI6gWpogLNXuWr21c0FSAt5cSYTt1PbJgRbRnlMCl3UwMJoSMygI6jkggwYTa9eIKPndLHsdKupMVT9fdERoQxYxG5TkHs0Mx7ufif10ltfBlmTCapBUlni+KUY6tw/j7uMw3U8rEjhGrmbsV0SDSh1oWUh1Cff3mRBGe1q5p/e15t3BVplNAhOkInqI4uUAPdoCYKEEUSPaNX9OYZ78V79z5mrUteMXOA/sD7/AHPCY/w</latexit>

LOF
<latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="C39OhB+IczRcjLNINXH29e9lt8M=">AAAB2HicbZDNSgMxFIXv1L86Vq1rN8EiuCpTN+pOcOOygmML7VAymTttaCYzJHeEMvQFXLhRfDB3vo3pz0KtBwIf5yTk3hMXSloKgi+vtrW9s7tX3/cPGv7h0XGz8WTz0ggMRa5y04+5RSU1hiRJYb8wyLNYYS+e3i3y3jMaK3P9SLMCo4yPtUyl4OSs7qjZCtrBUmwTOmtowVqj5ucwyUWZoSahuLWDTlBQVHFDUiic+8PSYsHFlI9x4FDzDG1ULcecs3PnJCzNjTua2NL9+aLimbWzLHY3M04T+zdbmP9lg5LS66iSuigJtVh9lJaKUc4WO7NEGhSkZg64MNLNysSEGy7INeO7Djp/N96E8LJ90w4eAqjDKZzBBXTgCm7hHroQgoAEXuDNm3iv3vuqqpq37uwEfsn7+Aap5IoM</latexit><latexit sha1_base64="LsqvInU5GZN+EOlyOWyEDMoUULA=">AAAB9HicbZDNSsNAFIVv/K21anTjwk2wCK5K4kbdCYK4EKxgbKEJYTKdtEMnP8zciCVk46u4caHis7jzbZy0XWjrgYGPc2aYe0+YCa7Qtr+NpeWV1bX12kZ9s7G1vWPuNh5UmkvKXJqKVHZDopjgCXORo2DdTDISh4J1wtFllXcemVQ8Te5xnDE/JoOER5wS1FZg7nsxwSElorgpg8JD9oTF7VVZBmbTbtkTWYvgzKAJM7UD88vrpzSPWYJUEKV6jp2hXxCJnApW1r1csYzQERmwnsaExEz5xWSB0jrSTt+KUqlPgtbE/f2iILFS4zjUN6tx1XxWmf9lvRyjM7/gSZYjS+j0oygXFqZW1YbV55JRFGMNhEquZ7XokEhCUXdW1yU48ysvgnvSOm/ZdzbU4AAO4RgcOIULuIY2uEChhBd4g3fj2Xg1PqZtLRmz2vbgj4zPH4q+lXk=</latexit><latexit sha1_base64="LsqvInU5GZN+EOlyOWyEDMoUULA=">AAAB9HicbZDNSsNAFIVv/K21anTjwk2wCK5K4kbdCYK4EKxgbKEJYTKdtEMnP8zciCVk46u4caHis7jzbZy0XWjrgYGPc2aYe0+YCa7Qtr+NpeWV1bX12kZ9s7G1vWPuNh5UmkvKXJqKVHZDopjgCXORo2DdTDISh4J1wtFllXcemVQ8Te5xnDE/JoOER5wS1FZg7nsxwSElorgpg8JD9oTF7VVZBmbTbtkTWYvgzKAJM7UD88vrpzSPWYJUEKV6jp2hXxCJnApW1r1csYzQERmwnsaExEz5xWSB0jrSTt+KUqlPgtbE/f2iILFS4zjUN6tx1XxWmf9lvRyjM7/gSZYjS+j0oygXFqZW1YbV55JRFGMNhEquZ7XokEhCUXdW1yU48ysvgnvSOm/ZdzbU4AAO4RgcOIULuIY2uEChhBd4g3fj2Xg1PqZtLRmz2vbgj4zPH4q+lXk=</latexit><latexit sha1_base64="Zla5I6Qg36GTmgWY6zQTo/nsFdU=">AAAB/3icbVBNS8NAEN3Ur1q/oh48eAkWwVNJvai3giAeBKsYW2hC2Gw37dLNJuxOxBJy8a948aDi1b/hzX/jps1BWx8MPN6bYWZekHCmwLa/jcrC4tLySnW1tra+sbllbu/cqziVhDok5rHsBlhRzgR1gAGn3URSHAWcdoLReeF3HqhULBZ3ME6oF+GBYCEjGLTkm3tuhGFIMM+ucj9zgT5Cdn2R575Ztxv2BNY8aZakjkq0ffPL7cckjagAwrFSvaadgJdhCYxwmtfcVNEEkxEe0J6mAkdUednkgdw61ErfCmOpS4A1UX9PZDhSahwFurM4V816hfif10shPPUyJpIUqCDTRWHKLYitIg2rzyQlwMeaYCKZvtUiQywxAZ1ZTYfQnH15njjHjbOGfWPXW7dlGlW0jw7QEWqiE9RCl6iNHERQjp7RK3oznowX4934mLZWjHJmF/2B8fkDC5iW7w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit>

LMF
<latexit sha1_base64="aJenhp9tMH3fQRLNMU9984HYD/8=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHhSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPCcyW8Q==</latexit><latexit sha1_base64="aJenhp9tMH3fQRLNMU9984HYD/8=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHhSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPCcyW8Q==</latexit><latexit sha1_base64="aJenhp9tMH3fQRLNMU9984HYD/8=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHhSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPCcyW8Q==</latexit>

NetSEG
<latexit sha1_base64="YdBulJoaAetWS9ykGwG2a/U2fDI=">AAACBnicbVDLSsNAFJ34rPVVdSlIsAiuSiqCuiuI6Erqo7bQhDCZ3LZDJw9mbsQSsnPjr7hxoeLWb3Dn3zhpu9DWA8MczrmXe+/xYsEVWta3MTM7N7+wWFgqLq+srq2XNjbvVJRIBg0WiUi2PKpA8BAayFFAK5ZAA09A0+uf5n7zHqTiUXiLgxicgHZD3uGMopbc0o7tRcJXg0B/6SVg5qY2wgOmN2fnWVZ0S2WrYg1hTpPqmJTJGHW39GX7EUsCCJEJqlS7asXopFQiZwKyop0oiCnr0y60NQ1pAMpJh3dk5p5WfLMTSf1CNIfq746UBipfVVcGFHtq0svF/7x2gp1jJ+VhnCCEbDSokwgTIzMPxfS5BIZioAllkutdTdajkjLU0eUhVCdPniaNg8pJxbo6LNeux2kUyDbZJfukSo5IjVyQOmkQRh7JM3klb8aT8WK8Gx+j0hlj3LNF/sD4/AE4gJnF</latexit><latexit sha1_base64="YdBulJoaAetWS9ykGwG2a/U2fDI=">AAACBnicbVDLSsNAFJ34rPVVdSlIsAiuSiqCuiuI6Erqo7bQhDCZ3LZDJw9mbsQSsnPjr7hxoeLWb3Dn3zhpu9DWA8MczrmXe+/xYsEVWta3MTM7N7+wWFgqLq+srq2XNjbvVJRIBg0WiUi2PKpA8BAayFFAK5ZAA09A0+uf5n7zHqTiUXiLgxicgHZD3uGMopbc0o7tRcJXg0B/6SVg5qY2wgOmN2fnWVZ0S2WrYg1hTpPqmJTJGHW39GX7EUsCCJEJqlS7asXopFQiZwKyop0oiCnr0y60NQ1pAMpJh3dk5p5WfLMTSf1CNIfq746UBipfVVcGFHtq0svF/7x2gp1jJ+VhnCCEbDSokwgTIzMPxfS5BIZioAllkutdTdajkjLU0eUhVCdPniaNg8pJxbo6LNeux2kUyDbZJfukSo5IjVyQOmkQRh7JM3klb8aT8WK8Gx+j0hlj3LNF/sD4/AE4gJnF</latexit><latexit sha1_base64="YdBulJoaAetWS9ykGwG2a/U2fDI=">AAACBnicbVDLSsNAFJ34rPVVdSlIsAiuSiqCuiuI6Erqo7bQhDCZ3LZDJw9mbsQSsnPjr7hxoeLWb3Dn3zhpu9DWA8MczrmXe+/xYsEVWta3MTM7N7+wWFgqLq+srq2XNjbvVJRIBg0WiUi2PKpA8BAayFFAK5ZAA09A0+uf5n7zHqTiUXiLgxicgHZD3uGMopbc0o7tRcJXg0B/6SVg5qY2wgOmN2fnWVZ0S2WrYg1hTpPqmJTJGHW39GX7EUsCCJEJqlS7asXopFQiZwKyop0oiCnr0y60NQ1pAMpJh3dk5p5WfLMTSf1CNIfq746UBipfVVcGFHtq0svF/7x2gp1jJ+VhnCCEbDSokwgTIzMPxfS5BIZioAllkutdTdajkjLU0eUhVCdPniaNg8pJxbo6LNeux2kUyDbZJfukSo5IjVyQOmkQRh7JM3klb8aT8WK8Gx+j0hlj3LNF/sD4/AE4gJnF</latexit>
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NetOF
<latexit sha1_base64="LxA30ier+uOYLXCC3nGx7EdqP5c=">AAACBXicbVBNS8NAEN3Ur1q/oh5FCBbBU0lFUG8FQTxpFWMLbSmb7aRduvlgdyKWkJMX/4oXDype/Q/e/Ddu2hy09cGyj/dmmJnnRoIrtO1vozA3v7C4VFwurayurW+Ym1t3KowlA4eFIpRNlyoQPAAHOQpoRhKo7wpouMOzzG/cg1Q8DG5xFEHHp/2Ae5xR1FLX3G27oeipka+/5BIw7SZthAdMrs7TtNQ1y3bFHsOaJdWclEmOetf8avdCFvsQIBNUqVbVjrCTUImcCUhL7VhBRNmQ9qGlaUB9UJ1kfEZq7WulZ3mh1C9Aa6z+7kior7JNdaVPcaCmvUz8z2vF6J10Eh5EMULAJoO8WFgYWlkmVo9LYChGmlAmud7VYgMqKUOdXBZCdfrkWeIcVk4r9vVRuXaTp1EkO2SPHJAqOSY1ckHqxCGMPJJn8krejCfjxXg3PialBSPv2SZ/YHz+AJe3mXE=</latexit><latexit sha1_base64="LxA30ier+uOYLXCC3nGx7EdqP5c=">AAACBXicbVBNS8NAEN3Ur1q/oh5FCBbBU0lFUG8FQTxpFWMLbSmb7aRduvlgdyKWkJMX/4oXDype/Q/e/Ddu2hy09cGyj/dmmJnnRoIrtO1vozA3v7C4VFwurayurW+Ym1t3KowlA4eFIpRNlyoQPAAHOQpoRhKo7wpouMOzzG/cg1Q8DG5xFEHHp/2Ae5xR1FLX3G27oeipka+/5BIw7SZthAdMrs7TtNQ1y3bFHsOaJdWclEmOetf8avdCFvsQIBNUqVbVjrCTUImcCUhL7VhBRNmQ9qGlaUB9UJ1kfEZq7WulZ3mh1C9Aa6z+7kior7JNdaVPcaCmvUz8z2vF6J10Eh5EMULAJoO8WFgYWlkmVo9LYChGmlAmud7VYgMqKUOdXBZCdfrkWeIcVk4r9vVRuXaTp1EkO2SPHJAqOSY1ckHqxCGMPJJn8krejCfjxXg3PialBSPv2SZ/YHz+AJe3mXE=</latexit><latexit sha1_base64="LxA30ier+uOYLXCC3nGx7EdqP5c=">AAACBXicbVBNS8NAEN3Ur1q/oh5FCBbBU0lFUG8FQTxpFWMLbSmb7aRduvlgdyKWkJMX/4oXDype/Q/e/Ddu2hy09cGyj/dmmJnnRoIrtO1vozA3v7C4VFwurayurW+Ym1t3KowlA4eFIpRNlyoQPAAHOQpoRhKo7wpouMOzzG/cg1Q8DG5xFEHHp/2Ae5xR1FLX3G27oeipka+/5BIw7SZthAdMrs7TtNQ1y3bFHsOaJdWclEmOetf8avdCFvsQIBNUqVbVjrCTUImcCUhL7VhBRNmQ9qGlaUB9UJ1kfEZq7WulZ3mh1C9Aa6z+7kior7JNdaVPcaCmvUz8z2vF6J10Eh5EMULAJoO8WFgYWlkmVo9LYChGmlAmud7VYgMqKUOdXBZCdfrkWeIcVk4r9vVRuXaTp1EkO2SPHJAqOSY1ckHqxCGMPJJn8krejCfjxXg3PialBSPv2SZ/YHz+AJe3mXE=</latexit>

t,!
<latexit sha1_base64="RBQy8qxdzw6GINtHz2QTMdaA5JI=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBA8SNiIoN4CXjxGcU0wWcLspDcZMo9lZlYIS/7CiwcVr36ON//G2WQPmljQUFR1090VJZwZ6/vf3tLyyuraemmjvLm1vbNb2dt/MCrVFAKquNLtiBjgTEJgmeXQTjQQEXFoRaPr3G89gTZMyXs7TiAUZCBZzCixTnq0p7irBAxIuVep+jV/CrxI6gWpogLNXuWr21c0FSAt5cSYTt1PbJgRbRnlMCl3UwMJoSMygI6jkggwYTa9eIKPndLHsdKupMVT9fdERoQxYxG5TkHs0Mx7ufif10ltfBlmTCapBUlni+KUY6tw/j7uMw3U8rEjhGrmbsV0SDSh1oWUh1Cff3mRBGe1q5p/e15t3BVplNAhOkInqI4uUAPdoCYKEEUSPaNX9OYZ78V79z5mrUteMXOA/sD7/AHPCY/w</latexit><latexit sha1_base64="RBQy8qxdzw6GINtHz2QTMdaA5JI=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBA8SNiIoN4CXjxGcU0wWcLspDcZMo9lZlYIS/7CiwcVr36ON//G2WQPmljQUFR1090VJZwZ6/vf3tLyyuraemmjvLm1vbNb2dt/MCrVFAKquNLtiBjgTEJgmeXQTjQQEXFoRaPr3G89gTZMyXs7TiAUZCBZzCixTnq0p7irBAxIuVep+jV/CrxI6gWpogLNXuWr21c0FSAt5cSYTt1PbJgRbRnlMCl3UwMJoSMygI6jkggwYTa9eIKPndLHsdKupMVT9fdERoQxYxG5TkHs0Mx7ufif10ltfBlmTCapBUlni+KUY6tw/j7uMw3U8rEjhGrmbsV0SDSh1oWUh1Cff3mRBGe1q5p/e15t3BVplNAhOkInqI4uUAPdoCYKEEUSPaNX9OYZ78V79z5mrUteMXOA/sD7/AHPCY/w</latexit><latexit sha1_base64="RBQy8qxdzw6GINtHz2QTMdaA5JI=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBA8SNiIoN4CXjxGcU0wWcLspDcZMo9lZlYIS/7CiwcVr36ON//G2WQPmljQUFR1090VJZwZ6/vf3tLyyuraemmjvLm1vbNb2dt/MCrVFAKquNLtiBjgTEJgmeXQTjQQEXFoRaPr3G89gTZMyXs7TiAUZCBZzCixTnq0p7irBAxIuVep+jV/CrxI6gWpogLNXuWr21c0FSAt5cSYTt1PbJgRbRnlMCl3UwMJoSMygI6jkggwYTa9eIKPndLHsdKupMVT9fdERoQxYxG5TkHs0Mx7ufif10ltfBlmTCapBUlni+KUY6tw/j7uMw3U8rEjhGrmbsV0SDSh1oWUh1Cff3mRBGe1q5p/e15t3BVplNAhOkInqI4uUAPdoCYKEEUSPaNX9OYZ78V79z5mrUteMXOA/sD7/AHPCY/w</latexit>

LOF
<latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="C39OhB+IczRcjLNINXH29e9lt8M=">AAAB2HicbZDNSgMxFIXv1L86Vq1rN8EiuCpTN+pOcOOygmML7VAymTttaCYzJHeEMvQFXLhRfDB3vo3pz0KtBwIf5yTk3hMXSloKgi+vtrW9s7tX3/cPGv7h0XGz8WTz0ggMRa5y04+5RSU1hiRJYb8wyLNYYS+e3i3y3jMaK3P9SLMCo4yPtUyl4OSs7qjZCtrBUmwTOmtowVqj5ucwyUWZoSahuLWDTlBQVHFDUiic+8PSYsHFlI9x4FDzDG1ULcecs3PnJCzNjTua2NL9+aLimbWzLHY3M04T+zdbmP9lg5LS66iSuigJtVh9lJaKUc4WO7NEGhSkZg64MNLNysSEGy7INeO7Djp/N96E8LJ90w4eAqjDKZzBBXTgCm7hHroQgoAEXuDNm3iv3vuqqpq37uwEfsn7+Aap5IoM</latexit><latexit sha1_base64="LsqvInU5GZN+EOlyOWyEDMoUULA=">AAAB9HicbZDNSsNAFIVv/K21anTjwk2wCK5K4kbdCYK4EKxgbKEJYTKdtEMnP8zciCVk46u4caHis7jzbZy0XWjrgYGPc2aYe0+YCa7Qtr+NpeWV1bX12kZ9s7G1vWPuNh5UmkvKXJqKVHZDopjgCXORo2DdTDISh4J1wtFllXcemVQ8Te5xnDE/JoOER5wS1FZg7nsxwSElorgpg8JD9oTF7VVZBmbTbtkTWYvgzKAJM7UD88vrpzSPWYJUEKV6jp2hXxCJnApW1r1csYzQERmwnsaExEz5xWSB0jrSTt+KUqlPgtbE/f2iILFS4zjUN6tx1XxWmf9lvRyjM7/gSZYjS+j0oygXFqZW1YbV55JRFGMNhEquZ7XokEhCUXdW1yU48ysvgnvSOm/ZdzbU4AAO4RgcOIULuIY2uEChhBd4g3fj2Xg1PqZtLRmz2vbgj4zPH4q+lXk=</latexit><latexit sha1_base64="LsqvInU5GZN+EOlyOWyEDMoUULA=">AAAB9HicbZDNSsNAFIVv/K21anTjwk2wCK5K4kbdCYK4EKxgbKEJYTKdtEMnP8zciCVk46u4caHis7jzbZy0XWjrgYGPc2aYe0+YCa7Qtr+NpeWV1bX12kZ9s7G1vWPuNh5UmkvKXJqKVHZDopjgCXORo2DdTDISh4J1wtFllXcemVQ8Te5xnDE/JoOER5wS1FZg7nsxwSElorgpg8JD9oTF7VVZBmbTbtkTWYvgzKAJM7UD88vrpzSPWYJUEKV6jp2hXxCJnApW1r1csYzQERmwnsaExEz5xWSB0jrSTt+KUqlPgtbE/f2iILFS4zjUN6tx1XxWmf9lvRyjM7/gSZYjS+j0oygXFqZW1YbV55JRFGMNhEquZ7XokEhCUXdW1yU48ysvgnvSOm/ZdzbU4AAO4RgcOIULuIY2uEChhBd4g3fj2Xg1PqZtLRmz2vbgj4zPH4q+lXk=</latexit><latexit sha1_base64="Zla5I6Qg36GTmgWY6zQTo/nsFdU=">AAAB/3icbVBNS8NAEN3Ur1q/oh48eAkWwVNJvai3giAeBKsYW2hC2Gw37dLNJuxOxBJy8a948aDi1b/hzX/jps1BWx8MPN6bYWZekHCmwLa/jcrC4tLySnW1tra+sbllbu/cqziVhDok5rHsBlhRzgR1gAGn3URSHAWcdoLReeF3HqhULBZ3ME6oF+GBYCEjGLTkm3tuhGFIMM+ucj9zgT5Cdn2R575Ztxv2BNY8aZakjkq0ffPL7cckjagAwrFSvaadgJdhCYxwmtfcVNEEkxEe0J6mAkdUednkgdw61ErfCmOpS4A1UX9PZDhSahwFurM4V816hfif10shPPUyJpIUqCDTRWHKLYitIg2rzyQlwMeaYCKZvtUiQywxAZ1ZTYfQnH15njjHjbOGfWPXW7dlGlW0jw7QEWqiE9RCl6iNHERQjp7RK3oznowX4934mLZWjHJmF/2B8fkDC5iW7w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit><latexit sha1_base64="frG+v+jrkPPNNHpctUUF4lpCwAU=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHwSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPDNiW8w==</latexit>

LMF
<latexit sha1_base64="aJenhp9tMH3fQRLNMU9984HYD/8=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHhSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPCcyW8Q==</latexit><latexit sha1_base64="aJenhp9tMH3fQRLNMU9984HYD/8=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHhSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPCcyW8Q==</latexit><latexit sha1_base64="aJenhp9tMH3fQRLNMU9984HYD/8=">AAAB/3icbVBNS8NAEN34WetX1IMHL8EieCqpCOqtIIgHhSrGFpoQNttNu3SzCbsTsYRc/CtePKh49W9489+4aXPQ1gcDj/dmmJkXJJwpsO1vY25+YXFpubJSXV1b39g0t7bvVZxKQh0S81h2AqwoZ4I6wIDTTiIpjgJO28HwvPDbD1QqFos7GCXUi3BfsJARDFryzV03wjAgmGdXuZ+5QB8hu77Ic9+s2XV7DGuWNEpSQyVavvnl9mKSRlQA4VipbsNOwMuwBEY4zatuqmiCyRD3aVdTgSOqvGz8QG4daKVnhbHUJcAaq78nMhwpNYoC3Vmcq6a9QvzP66YQnnoZE0kKVJDJojDlFsRWkYbVY5IS4CNNMJFM32qRAZaYgM6sqkNoTL88S5yj+lndvjmuNW/LNCpoD+2jQ9RAJ6iJLlELOYigHD2jV/RmPBkvxrvxMWmdM8qZHfQHxucPCcyW8Q==</latexit>
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�
<latexit sha1_base64="05XwYD1Y9Sbl1aN+dMGJlXA6SPw=">AAAB+3icbVBPS8MwHP11/pvzX3VHL8UheBqdCOpt4MXjFKuDtYw0TbewNClJKpQyv4oXDype/SLe/DamWw+6+SDk8d7vR15emDKqtOt+W7WV1bX1jfpmY2t7Z3fP3j+4VyKTmHhYMCH7IVKEUU48TTUj/VQSlISMPISTq9J/eCRSUcHvdJ6SIEEjTmOKkTbS0G76oWCRyhNzFb5IWaamQ7vltt0ZnGXSqUgLKvSG9pcfCZwlhGvMkFKDjpvqoEBSU8zItOFniqQIT9CIDAzlKCEqKGbhp86xUSInFtIcrp2Z+nujQIkq85nJBOmxWvRK8T9vkOn4IigoTzNNOJ4/FGfM0cIpm3AiKgnWLDcEYUlNVgePkURYm74apoTO4peXiXfavmy7N2et7m3VRh0O4QhOoAPn0IVr6IEHGHJ4hld4s56sF+vd+piP1qxqpwl/YH3+ADwylWY=</latexit><latexit sha1_base64="05XwYD1Y9Sbl1aN+dMGJlXA6SPw=">AAAB+3icbVBPS8MwHP11/pvzX3VHL8UheBqdCOpt4MXjFKuDtYw0TbewNClJKpQyv4oXDype/SLe/DamWw+6+SDk8d7vR15emDKqtOt+W7WV1bX1jfpmY2t7Z3fP3j+4VyKTmHhYMCH7IVKEUU48TTUj/VQSlISMPISTq9J/eCRSUcHvdJ6SIEEjTmOKkTbS0G76oWCRyhNzFb5IWaamQ7vltt0ZnGXSqUgLKvSG9pcfCZwlhGvMkFKDjpvqoEBSU8zItOFniqQIT9CIDAzlKCEqKGbhp86xUSInFtIcrp2Z+nujQIkq85nJBOmxWvRK8T9vkOn4IigoTzNNOJ4/FGfM0cIpm3AiKgnWLDcEYUlNVgePkURYm74apoTO4peXiXfavmy7N2et7m3VRh0O4QhOoAPn0IVr6IEHGHJ4hld4s56sF+vd+piP1qxqpwl/YH3+ADwylWY=</latexit><latexit sha1_base64="05XwYD1Y9Sbl1aN+dMGJlXA6SPw=">AAAB+3icbVBPS8MwHP11/pvzX3VHL8UheBqdCOpt4MXjFKuDtYw0TbewNClJKpQyv4oXDype/SLe/DamWw+6+SDk8d7vR15emDKqtOt+W7WV1bX1jfpmY2t7Z3fP3j+4VyKTmHhYMCH7IVKEUU48TTUj/VQSlISMPISTq9J/eCRSUcHvdJ6SIEEjTmOKkTbS0G76oWCRyhNzFb5IWaamQ7vltt0ZnGXSqUgLKvSG9pcfCZwlhGvMkFKDjpvqoEBSU8zItOFniqQIT9CIDAzlKCEqKGbhp86xUSInFtIcrp2Z+nujQIkq85nJBOmxWvRK8T9vkOn4IigoTzNNOJ4/FGfM0cIpm3AiKgnWLDcEYUlNVgePkURYm74apoTO4peXiXfavmy7N2et7m3VRh0O4QhOoAPn0IVr6IEHGHJ4hld4s56sF+vd+piP1qxqpwl/YH3+ADwylWY=</latexit><latexit sha1_base64="C39OhB+IczRcjLNINXH29e9lt8M=">AAAB2HicbZDNSgMxFIXv1L86Vq1rN8EiuCpTN+pOcOOygmML7VAymTttaCYzJHeEMvQFXLhRfDB3vo3pz0KtBwIf5yTk3hMXSloKgi+vtrW9s7tX3/cPGv7h0XGz8WTz0ggMRa5y04+5RSU1hiRJYb8wyLNYYS+e3i3y3jMaK3P9SLMCo4yPtUyl4OSs7qjZCtrBUmwTOmtowVqj5ucwyUWZoSahuLWDTlBQVHFDUiic+8PSYsHFlI9x4FDzDG1ULcecs3PnJCzNjTua2NL9+aLimbWzLHY3M04T+zdbmP9lg5LS66iSuigJtVh9lJaKUc4WO7NEGhSkZg64MNLNysSEGy7INeO7Djp/N96E8LJ90w4eAqjDKZzBBXTgCm7hHroQgoAEXuDNm3iv3vuqqpq37uwEfsn7+Aap5IoM</latexit><latexit sha1_base64="P8CMjAvMM8cslekw6GIPQGUdljo=">AAAB8HicbVBPS8MwHP3Vv3NOrXr0EhyCp9F6UW+CF48TrBusZaRpuoWlSUlSoZT5Vbx4UPHTePPbmG476OaDH3m8l5D3e3HOmTae9+2srW9sbm03dpq7rb39A/ew9ahloQgNiORS9WOsKWeCBoYZTvu5ojiLOe3Fk9va7z1RpZkUD6bMaZThkWApI9hYaegeh7HkiS4ze1ShzHmhp0O37XW8GdAq8RekDQt0h+5XmEhSZFQYwrHWA9/LTVRhZRjhdNoMC01zTCZ4RAeWCpxRHVWz8FN0ZpUEpVLZEQbN1N8vKpzpOp+9mWEz1steLf7nDQqTXkUVE3lhqCDzj9KCIyNR3QRKmKLE8NISTBSzWREZY4WJsX01bQn+8sqrJLjoXHe8ew8acAKncA4+XMIN3EEXAiBQwgu8wbvz7Lw6H/O21pxFbUfwB87nD8pvk/A=</latexit><latexit sha1_base64="P8CMjAvMM8cslekw6GIPQGUdljo=">AAAB8HicbVBPS8MwHP3Vv3NOrXr0EhyCp9F6UW+CF48TrBusZaRpuoWlSUlSoZT5Vbx4UPHTePPbmG476OaDH3m8l5D3e3HOmTae9+2srW9sbm03dpq7rb39A/ew9ahloQgNiORS9WOsKWeCBoYZTvu5ojiLOe3Fk9va7z1RpZkUD6bMaZThkWApI9hYaegeh7HkiS4ze1ShzHmhp0O37XW8GdAq8RekDQt0h+5XmEhSZFQYwrHWA9/LTVRhZRjhdNoMC01zTCZ4RAeWCpxRHVWz8FN0ZpUEpVLZEQbN1N8vKpzpOp+9mWEz1steLf7nDQqTXkUVE3lhqCDzj9KCIyNR3QRKmKLE8NISTBSzWREZY4WJsX01bQn+8sqrJLjoXHe8ew8acAKncA4+XMIN3EEXAiBQwgu8wbvz7Lw6H/O21pxFbUfwB87nD8pvk/A=</latexit><latexit sha1_base64="CpWigarZYpe4zYfUVa/QZkgNsJg=">AAAB+3icbVC9TsMwGPxS/kr5C3RksaiQmKqEBdgqsTAWRGilJqocx2mtOnFkO0hVVF6FhQEQKy/CxtvgtBmg5STLp7vvk88XZpwp7TjfVm1tfWNzq77d2Nnd2z+wD48elMgloR4RXMh+iBXlLKWeZprTfiYpTkJOe+HkuvR7j1QqJtJ7Pc1okOBRymJGsDbS0G76oeCRmibmKnyR8VzNhnbLaTtzoFXiVqQFFbpD+8uPBMkTmmrCsVID18l0UGCpGeF01vBzRTNMJnhEB4amOKEqKObhZ+jUKBGKhTQn1Wiu/t4ocKLKfGYywXqslr1S/M8b5Dq+DAqWZrmmKVk8FOccaYHKJlDEJCWaTw3BRDKTFZExlpho01fDlOAuf3mVeOftq7Zz67Q6d1UbdTiGEzgDFy6gAzfQBQ8ITOEZXuHNerJerHfrYzFas6qdJvyB9fkDOvKVYg==</latexit><latexit sha1_base64="05XwYD1Y9Sbl1aN+dMGJlXA6SPw=">AAAB+3icbVBPS8MwHP11/pvzX3VHL8UheBqdCOpt4MXjFKuDtYw0TbewNClJKpQyv4oXDype/SLe/DamWw+6+SDk8d7vR15emDKqtOt+W7WV1bX1jfpmY2t7Z3fP3j+4VyKTmHhYMCH7IVKEUU48TTUj/VQSlISMPISTq9J/eCRSUcHvdJ6SIEEjTmOKkTbS0G76oWCRyhNzFb5IWaamQ7vltt0ZnGXSqUgLKvSG9pcfCZwlhGvMkFKDjpvqoEBSU8zItOFniqQIT9CIDAzlKCEqKGbhp86xUSInFtIcrp2Z+nujQIkq85nJBOmxWvRK8T9vkOn4IigoTzNNOJ4/FGfM0cIpm3AiKgnWLDcEYUlNVgePkURYm74apoTO4peXiXfavmy7N2et7m3VRh0O4QhOoAPn0IVr6IEHGHJ4hld4s56sF+vd+piP1qxqpwl/YH3+ADwylWY=</latexit><latexit sha1_base64="05XwYD1Y9Sbl1aN+dMGJlXA6SPw=">AAAB+3icbVBPS8MwHP11/pvzX3VHL8UheBqdCOpt4MXjFKuDtYw0TbewNClJKpQyv4oXDype/SLe/DamWw+6+SDk8d7vR15emDKqtOt+W7WV1bX1jfpmY2t7Z3fP3j+4VyKTmHhYMCH7IVKEUU48TTUj/VQSlISMPISTq9J/eCRSUcHvdJ6SIEEjTmOKkTbS0G76oWCRyhNzFb5IWaamQ7vltt0ZnGXSqUgLKvSG9pcfCZwlhGvMkFKDjpvqoEBSU8zItOFniqQIT9CIDAzlKCEqKGbhp86xUSInFtIcrp2Z+nujQIkq85nJBOmxWvRK8T9vkOn4IigoTzNNOJ4/FGfM0cIpm3AiKgnWLDcEYUlNVgePkURYm74apoTO4peXiXfavmy7N2et7m3VRh0O4QhOoAPn0IVr6IEHGHJ4hld4s56sF+vd+piP1qxqpwl/YH3+ADwylWY=</latexit><latexit sha1_base64="05XwYD1Y9Sbl1aN+dMGJlXA6SPw=">AAAB+3icbVBPS8MwHP11/pvzX3VHL8UheBqdCOpt4MXjFKuDtYw0TbewNClJKpQyv4oXDype/SLe/DamWw+6+SDk8d7vR15emDKqtOt+W7WV1bX1jfpmY2t7Z3fP3j+4VyKTmHhYMCH7IVKEUU48TTUj/VQSlISMPISTq9J/eCRSUcHvdJ6SIEEjTmOKkTbS0G76oWCRyhNzFb5IWaamQ7vltt0ZnGXSqUgLKvSG9pcfCZwlhGvMkFKDjpvqoEBSU8zItOFniqQIT9CIDAzlKCEqKGbhp86xUSInFtIcrp2Z+nujQIkq85nJBOmxWvRK8T9vkOn4IigoTzNNOJ4/FGfM0cIpm3AiKgnWLDcEYUlNVgePkURYm74apoTO4peXiXfavmy7N2et7m3VRh0O4QhOoAPn0IVr6IEHGHJ4hld4s56sF+vd+piP1qxqpwl/YH3+ADwylWY=</latexit><latexit sha1_base64="05XwYD1Y9Sbl1aN+dMGJlXA6SPw=">AAAB+3icbVBPS8MwHP11/pvzX3VHL8UheBqdCOpt4MXjFKuDtYw0TbewNClJKpQyv4oXDype/SLe/DamWw+6+SDk8d7vR15emDKqtOt+W7WV1bX1jfpmY2t7Z3fP3j+4VyKTmHhYMCH7IVKEUU48TTUj/VQSlISMPISTq9J/eCRSUcHvdJ6SIEEjTmOKkTbS0G76oWCRyhNzFb5IWaamQ7vltt0ZnGXSqUgLKvSG9pcfCZwlhGvMkFKDjpvqoEBSU8zItOFniqQIT9CIDAzlKCEqKGbhp86xUSInFtIcrp2Z+nujQIkq85nJBOmxWvRK8T9vkOn4IigoTzNNOJ4/FGfM0cIpm3AiKgnWLDcEYUlNVgePkURYm74apoTO4peXiXfavmy7N2et7m3VRh0O4QhOoAPn0IVr6IEHGHJ4hld4s56sF+vd+piP1qxqpwl/YH3+ADwylWY=</latexit><latexit sha1_base64="05XwYD1Y9Sbl1aN+dMGJlXA6SPw=">AAAB+3icbVBPS8MwHP11/pvzX3VHL8UheBqdCOpt4MXjFKuDtYw0TbewNClJKpQyv4oXDype/SLe/DamWw+6+SDk8d7vR15emDKqtOt+W7WV1bX1jfpmY2t7Z3fP3j+4VyKTmHhYMCH7IVKEUU48TTUj/VQSlISMPISTq9J/eCRSUcHvdJ6SIEEjTmOKkTbS0G76oWCRyhNzFb5IWaamQ7vltt0ZnGXSqUgLKvSG9pcfCZwlhGvMkFKDjpvqoEBSU8zItOFniqQIT9CIDAzlKCEqKGbhp86xUSInFtIcrp2Z+nujQIkq85nJBOmxWvRK8T9vkOn4IigoTzNNOJ4/FGfM0cIpm3AiKgnWLDcEYUlNVgePkURYm74apoTO4peXiXfavmy7N2et7m3VRh0O4QhOoAPn0IVr6IEHGHJ4hld4s56sF+vd+piP1qxqpwl/YH3+ADwylWY=</latexit>
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<latexit sha1_base64="+EzHUHjxA9SmqG42oFXyY/Gyz7M=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQiqLuCG91VMbbQhjKZTtqhk4czN4US+h1uXKi49Wfc+TdO2iy09cDA4Zx7uWeOn0ih0ba/rdLK6tr6RnmzsrW9s7tX3T941HGqGHdZLGPV9qnmUkTcRYGStxPFaehL3vJH17nfGnOlRRw94CThXkgHkQgEo2gkrxtSHDIqs9tpD3vVml23ZyDLxClIDQo0e9Wvbj9macgjZJJq3XHsBL2MKhRM8mmlm2qeUDaiA94xNKIh1142Cz0lJ0bpkyBW5kVIZurvjYyGWk9C30zmIfWil4v/eZ0Ug0svE1GSIo/Y/FCQSoIxyRsgfaE4QzkxhDIlTFbChlRRhqaniinBWfzyMnHP6ld1++681rgv2ijDERzDKThwAQ24gSa4wOAJnuEV3qyx9WK9Wx/z0ZJV7BzCH1ifP32Wkik=</latexit><latexit sha1_base64="+EzHUHjxA9SmqG42oFXyY/Gyz7M=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQiqLuCG91VMbbQhjKZTtqhk4czN4US+h1uXKi49Wfc+TdO2iy09cDA4Zx7uWeOn0ih0ba/rdLK6tr6RnmzsrW9s7tX3T941HGqGHdZLGPV9qnmUkTcRYGStxPFaehL3vJH17nfGnOlRRw94CThXkgHkQgEo2gkrxtSHDIqs9tpD3vVml23ZyDLxClIDQo0e9Wvbj9macgjZJJq3XHsBL2MKhRM8mmlm2qeUDaiA94xNKIh1142Cz0lJ0bpkyBW5kVIZurvjYyGWk9C30zmIfWil4v/eZ0Ug0svE1GSIo/Y/FCQSoIxyRsgfaE4QzkxhDIlTFbChlRRhqaniinBWfzyMnHP6ld1++681rgv2ijDERzDKThwAQ24gSa4wOAJnuEV3qyx9WK9Wx/z0ZJV7BzCH1ifP32Wkik=</latexit><latexit sha1_base64="+EzHUHjxA9SmqG42oFXyY/Gyz7M=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQiqLuCG91VMbbQhjKZTtqhk4czN4US+h1uXKi49Wfc+TdO2iy09cDA4Zx7uWeOn0ih0ba/rdLK6tr6RnmzsrW9s7tX3T941HGqGHdZLGPV9qnmUkTcRYGStxPFaehL3vJH17nfGnOlRRw94CThXkgHkQgEo2gkrxtSHDIqs9tpD3vVml23ZyDLxClIDQo0e9Wvbj9macgjZJJq3XHsBL2MKhRM8mmlm2qeUDaiA94xNKIh1142Cz0lJ0bpkyBW5kVIZurvjYyGWk9C30zmIfWil4v/eZ0Ug0svE1GSIo/Y/FCQSoIxyRsgfaE4QzkxhDIlTFbChlRRhqaniinBWfzyMnHP6ld1++681rgv2ijDERzDKThwAQ24gSa4wOAJnuEV3qyx9WK9Wx/z0ZJV7BzCH1ifP32Wkik=</latexit>

It
<latexit sha1_base64="+EzHUHjxA9SmqG42oFXyY/Gyz7M=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQiqLuCG91VMbbQhjKZTtqhk4czN4US+h1uXKi49Wfc+TdO2iy09cDA4Zx7uWeOn0ih0ba/rdLK6tr6RnmzsrW9s7tX3T941HGqGHdZLGPV9qnmUkTcRYGStxPFaehL3vJH17nfGnOlRRw94CThXkgHkQgEo2gkrxtSHDIqs9tpD3vVml23ZyDLxClIDQo0e9Wvbj9macgjZJJq3XHsBL2MKhRM8mmlm2qeUDaiA94xNKIh1142Cz0lJ0bpkyBW5kVIZurvjYyGWk9C30zmIfWil4v/eZ0Ug0svE1GSIo/Y/FCQSoIxyRsgfaE4QzkxhDIlTFbChlRRhqaniinBWfzyMnHP6ld1++681rgv2ijDERzDKThwAQ24gSa4wOAJnuEV3qyx9WK9Wx/z0ZJV7BzCH1ifP32Wkik=</latexit><latexit sha1_base64="+EzHUHjxA9SmqG42oFXyY/Gyz7M=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQiqLuCG91VMbbQhjKZTtqhk4czN4US+h1uXKi49Wfc+TdO2iy09cDA4Zx7uWeOn0ih0ba/rdLK6tr6RnmzsrW9s7tX3T941HGqGHdZLGPV9qnmUkTcRYGStxPFaehL3vJH17nfGnOlRRw94CThXkgHkQgEo2gkrxtSHDIqs9tpD3vVml23ZyDLxClIDQo0e9Wvbj9macgjZJJq3XHsBL2MKhRM8mmlm2qeUDaiA94xNKIh1142Cz0lJ0bpkyBW5kVIZurvjYyGWk9C30zmIfWil4v/eZ0Ug0svE1GSIo/Y/FCQSoIxyRsgfaE4QzkxhDIlTFbChlRRhqaniinBWfzyMnHP6ld1++681rgv2ijDERzDKThwAQ24gSa4wOAJnuEV3qyx9WK9Wx/z0ZJV7BzCH1ifP32Wkik=</latexit><latexit sha1_base64="+EzHUHjxA9SmqG42oFXyY/Gyz7M=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQiqLuCG91VMbbQhjKZTtqhk4czN4US+h1uXKi49Wfc+TdO2iy09cDA4Zx7uWeOn0ih0ba/rdLK6tr6RnmzsrW9s7tX3T941HGqGHdZLGPV9qnmUkTcRYGStxPFaehL3vJH17nfGnOlRRw94CThXkgHkQgEo2gkrxtSHDIqs9tpD3vVml23ZyDLxClIDQo0e9Wvbj9macgjZJJq3XHsBL2MKhRM8mmlm2qeUDaiA94xNKIh1142Cz0lJ0bpkyBW5kVIZurvjYyGWk9C30zmIfWil4v/eZ0Ug0svE1GSIo/Y/FCQSoIxyRsgfaE4QzkxhDIlTFbChlRRhqaniinBWfzyMnHP6ld1++681rgv2ijDERzDKThwAQ24gSa4wOAJnuEV3qyx9WK9Wx/z0ZJV7BzCH1ifP32Wkik=</latexit>

LCAM
<latexit sha1_base64="VorPgvUbcrNd3naL8PCRGpRiMXU=">AAACAHicbVBNS8NAEN34WetX1IvgJVgETyURQb1VevGgUMXYQhPCZrtpl24+2J2IJcSLf8WLBxWv/gxv/hs3bQ7a+mDg8d4MM/P8hDMJpvmtzc0vLC4tV1aqq2vrG5v61vadjFNBqE1iHouOjyXlLKI2MOC0kwiKQ5/Ttj9sFn77ngrJ4ugWRgl1Q9yPWMAIBiV5+q4TYhgQzLPL3MscoA+QNc+v8tzTa2bdHMOYJVZJaqhEy9O/nF5M0pBGQDiWsmuZCbgZFsAIp3nVSSVNMBniPu0qGuGQSjcbf5AbB0rpGUEsVEVgjNXfExkOpRyFvuos7pXTXiH+53VTCE7djEVJCjQik0VByg2IjSIOo8cEJcBHimAimLrVIAMsMAEVWlWFYE2/PEvso/pZ3bw+rjVuyjQqaA/to0NkoRPUQBeohWxE0CN6Rq/oTXvSXrR37WPSOqeVMzvoD7TPH5Walzk=</latexit><latexit sha1_base64="VorPgvUbcrNd3naL8PCRGpRiMXU=">AAACAHicbVBNS8NAEN34WetX1IvgJVgETyURQb1VevGgUMXYQhPCZrtpl24+2J2IJcSLf8WLBxWv/gxv/hs3bQ7a+mDg8d4MM/P8hDMJpvmtzc0vLC4tV1aqq2vrG5v61vadjFNBqE1iHouOjyXlLKI2MOC0kwiKQ5/Ttj9sFn77ngrJ4ugWRgl1Q9yPWMAIBiV5+q4TYhgQzLPL3MscoA+QNc+v8tzTa2bdHMOYJVZJaqhEy9O/nF5M0pBGQDiWsmuZCbgZFsAIp3nVSSVNMBniPu0qGuGQSjcbf5AbB0rpGUEsVEVgjNXfExkOpRyFvuos7pXTXiH+53VTCE7djEVJCjQik0VByg2IjSIOo8cEJcBHimAimLrVIAMsMAEVWlWFYE2/PEvso/pZ3bw+rjVuyjQqaA/to0NkoRPUQBeohWxE0CN6Rq/oTXvSXrR37WPSOqeVMzvoD7TPH5Walzk=</latexit><latexit sha1_base64="VorPgvUbcrNd3naL8PCRGpRiMXU=">AAACAHicbVBNS8NAEN34WetX1IvgJVgETyURQb1VevGgUMXYQhPCZrtpl24+2J2IJcSLf8WLBxWv/gxv/hs3bQ7a+mDg8d4MM/P8hDMJpvmtzc0vLC4tV1aqq2vrG5v61vadjFNBqE1iHouOjyXlLKI2MOC0kwiKQ5/Ttj9sFn77ngrJ4ugWRgl1Q9yPWMAIBiV5+q4TYhgQzLPL3MscoA+QNc+v8tzTa2bdHMOYJVZJaqhEy9O/nF5M0pBGQDiWsmuZCbgZFsAIp3nVSSVNMBniPu0qGuGQSjcbf5AbB0rpGUEsVEVgjNXfExkOpRyFvuos7pXTXiH+53VTCE7djEVJCjQik0VByg2IjSIOo8cEJcBHimAimLrVIAMsMAEVWlWFYE2/PEvso/pZ3bw+rjVuyjQqaA/to0NkoRPUQBeohWxE0CN6Rq/oTXvSXrR37WPSOqeVMzvoD7TPH5Walzk=</latexit>

LCAM
<latexit sha1_base64="VorPgvUbcrNd3naL8PCRGpRiMXU=">AAACAHicbVBNS8NAEN34WetX1IvgJVgETyURQb1VevGgUMXYQhPCZrtpl24+2J2IJcSLf8WLBxWv/gxv/hs3bQ7a+mDg8d4MM/P8hDMJpvmtzc0vLC4tV1aqq2vrG5v61vadjFNBqE1iHouOjyXlLKI2MOC0kwiKQ5/Ttj9sFn77ngrJ4ugWRgl1Q9yPWMAIBiV5+q4TYhgQzLPL3MscoA+QNc+v8tzTa2bdHMOYJVZJaqhEy9O/nF5M0pBGQDiWsmuZCbgZFsAIp3nVSSVNMBniPu0qGuGQSjcbf5AbB0rpGUEsVEVgjNXfExkOpRyFvuos7pXTXiH+53VTCE7djEVJCjQik0VByg2IjSIOo8cEJcBHimAimLrVIAMsMAEVWlWFYE2/PEvso/pZ3bw+rjVuyjQqaA/to0NkoRPUQBeohWxE0CN6Rq/oTXvSXrR37WPSOqeVMzvoD7TPH5Walzk=</latexit><latexit sha1_base64="VorPgvUbcrNd3naL8PCRGpRiMXU=">AAACAHicbVBNS8NAEN34WetX1IvgJVgETyURQb1VevGgUMXYQhPCZrtpl24+2J2IJcSLf8WLBxWv/gxv/hs3bQ7a+mDg8d4MM/P8hDMJpvmtzc0vLC4tV1aqq2vrG5v61vadjFNBqE1iHouOjyXlLKI2MOC0kwiKQ5/Ttj9sFn77ngrJ4ugWRgl1Q9yPWMAIBiV5+q4TYhgQzLPL3MscoA+QNc+v8tzTa2bdHMOYJVZJaqhEy9O/nF5M0pBGQDiWsmuZCbgZFsAIp3nVSSVNMBniPu0qGuGQSjcbf5AbB0rpGUEsVEVgjNXfExkOpRyFvuos7pXTXiH+53VTCE7djEVJCjQik0VByg2IjSIOo8cEJcBHimAimLrVIAMsMAEVWlWFYE2/PEvso/pZ3bw+rjVuyjQqaA/to0NkoRPUQBeohWxE0CN6Rq/oTXvSXrR37WPSOqeVMzvoD7TPH5Walzk=</latexit><latexit sha1_base64="VorPgvUbcrNd3naL8PCRGpRiMXU=">AAACAHicbVBNS8NAEN34WetX1IvgJVgETyURQb1VevGgUMXYQhPCZrtpl24+2J2IJcSLf8WLBxWv/gxv/hs3bQ7a+mDg8d4MM/P8hDMJpvmtzc0vLC4tV1aqq2vrG5v61vadjFNBqE1iHouOjyXlLKI2MOC0kwiKQ5/Ttj9sFn77ngrJ4ugWRgl1Q9yPWMAIBiV5+q4TYhgQzLPL3MscoA+QNc+v8tzTa2bdHMOYJVZJaqhEy9O/nF5M0pBGQDiWsmuZCbgZFsAIp3nVSSVNMBniPu0qGuGQSjcbf5AbB0rpGUEsVEVgjNXfExkOpRyFvuos7pXTXiH+53VTCE7djEVJCjQik0VByg2IjSIOo8cEJcBHimAimLrVIAMsMAEVWlWFYE2/PEvso/pZ3bw+rjVuyjQqaA/to0NkoRPUQBeohWxE0CN6Rq/oTXvSXrR37WPSOqeVMzvoD7TPH5Walzk=</latexit>

w
<latexit sha1_base64="QOopCLZVO97lgl3/eC8NQP45A50=">AAAB9HicbVDNSgMxGPy2/tX6V/XoJVgET2UrgnorePFYxbWFdi3ZbLYNzSZLkrWUpe/hxYOKVx/Gm29jtt2Dtg6EDDPfRyYTJJxp47rfTmlldW19o7xZ2dre2d2r7h88aJkqQj0iuVSdAGvKmaCeYYbTTqIojgNO28HoOvfbT1RpJsW9mSTUj/FAsIgRbKz02AskD/Uktlc2nvarNbfuzoCWSaMgNSjQ6le/eqEkaUyFIRxr3W24ifEzrAwjnE4rvVTTBJMRHtCupQLHVPvZLPUUnVglRJFU9giDZurvjQzHOo9mJ2NshnrRy8X/vG5qoks/YyJJDRVk/lCUcmQkyitAIVOUGD6xBBPFbFZEhlhhYmxRFVtCY/HLy8Q7q1/V3dvzWvOuaKMMR3AMp9CAC2jCDbTAAwIKnuEV3pyx8+K8Ox/z0ZJT7BzCHzifP78Fkus=</latexit><latexit sha1_base64="QOopCLZVO97lgl3/eC8NQP45A50=">AAAB9HicbVDNSgMxGPy2/tX6V/XoJVgET2UrgnorePFYxbWFdi3ZbLYNzSZLkrWUpe/hxYOKVx/Gm29jtt2Dtg6EDDPfRyYTJJxp47rfTmlldW19o7xZ2dre2d2r7h88aJkqQj0iuVSdAGvKmaCeYYbTTqIojgNO28HoOvfbT1RpJsW9mSTUj/FAsIgRbKz02AskD/Uktlc2nvarNbfuzoCWSaMgNSjQ6le/eqEkaUyFIRxr3W24ifEzrAwjnE4rvVTTBJMRHtCupQLHVPvZLPUUnVglRJFU9giDZurvjQzHOo9mJ2NshnrRy8X/vG5qoks/YyJJDRVk/lCUcmQkyitAIVOUGD6xBBPFbFZEhlhhYmxRFVtCY/HLy8Q7q1/V3dvzWvOuaKMMR3AMp9CAC2jCDbTAAwIKnuEV3pyx8+K8Ox/z0ZJT7BzCHzifP78Fkus=</latexit><latexit sha1_base64="QOopCLZVO97lgl3/eC8NQP45A50=">AAAB9HicbVDNSgMxGPy2/tX6V/XoJVgET2UrgnorePFYxbWFdi3ZbLYNzSZLkrWUpe/hxYOKVx/Gm29jtt2Dtg6EDDPfRyYTJJxp47rfTmlldW19o7xZ2dre2d2r7h88aJkqQj0iuVSdAGvKmaCeYYbTTqIojgNO28HoOvfbT1RpJsW9mSTUj/FAsIgRbKz02AskD/Uktlc2nvarNbfuzoCWSaMgNSjQ6le/eqEkaUyFIRxr3W24ifEzrAwjnE4rvVTTBJMRHtCupQLHVPvZLPUUnVglRJFU9giDZurvjQzHOo9mJ2NshnrRy8X/vG5qoks/YyJJDRVk/lCUcmQkyitAIVOUGD6xBBPFbFZEhlhhYmxRFVtCY/HLy8Q7q1/V3dvzWvOuaKMMR3AMp9CAC2jCDbTAAwIKnuEV3pyx8+K8Ox/z0ZJT7BzCHzifP78Fkus=</latexit><latexit sha1_base64="C39OhB+IczRcjLNINXH29e9lt8M=">AAAB2HicbZDNSgMxFIXv1L86Vq1rN8EiuCpTN+pOcOOygmML7VAymTttaCYzJHeEMvQFXLhRfDB3vo3pz0KtBwIf5yTk3hMXSloKgi+vtrW9s7tX3/cPGv7h0XGz8WTz0ggMRa5y04+5RSU1hiRJYb8wyLNYYS+e3i3y3jMaK3P9SLMCo4yPtUyl4OSs7qjZCtrBUmwTOmtowVqj5ucwyUWZoSahuLWDTlBQVHFDUiic+8PSYsHFlI9x4FDzDG1ULcecs3PnJCzNjTua2NL9+aLimbWzLHY3M04T+zdbmP9lg5LS66iSuigJtVh9lJaKUc4WO7NEGhSkZg64MNLNysSEGy7INeO7Djp/N96E8LJ90w4eAqjDKZzBBXTgCm7hHroQgoAEXuDNm3iv3vuqqpq37uwEfsn7+Aap5IoM</latexit><latexit sha1_base64="AwV1ANPhiVJB5JW8BZflyJ7zn7I=">AAAB6XicbVDNTgIxGPwW/xBR0auXRmLiiXS9qDcTLx4xcYUEVtLtdqGh227aroRseA8vHtT4Qt58G7vAQcFJvnQy06bzTZQJbizG315lY3Nre6e6W9ur7x8cNo7qj0blmrKAKqF0NyKGCS5ZYLkVrJtpRtJIsE40vi39zjPThiv5YKcZC1MylDzhlFgnPfUjJWIzTd1RTGaDRhO38BxonfhL0oQl2oPGVz9WNE+ZtFQQY3o+zmxYEG05FWxW6+eGZYSOyZD1HJUkZSYs5qln6MwpMUqUdiMtmqu/XxQkNWU0dzMldmRWvVL8z+vlNrkKCy6z3DJJFx8luUBWobICFHPNqBVTRwjV3GVFdEQ0odYVVXMl+Ksrr5PgonXdwvcYqnACp3AOPlzCDdxBGwKgoOEF3uDdm3iv3seirYq3rO0Y/sD7/AFnWJF8</latexit><latexit sha1_base64="AwV1ANPhiVJB5JW8BZflyJ7zn7I=">AAAB6XicbVDNTgIxGPwW/xBR0auXRmLiiXS9qDcTLx4xcYUEVtLtdqGh227aroRseA8vHtT4Qt58G7vAQcFJvnQy06bzTZQJbizG315lY3Nre6e6W9ur7x8cNo7qj0blmrKAKqF0NyKGCS5ZYLkVrJtpRtJIsE40vi39zjPThiv5YKcZC1MylDzhlFgnPfUjJWIzTd1RTGaDRhO38BxonfhL0oQl2oPGVz9WNE+ZtFQQY3o+zmxYEG05FWxW6+eGZYSOyZD1HJUkZSYs5qln6MwpMUqUdiMtmqu/XxQkNWU0dzMldmRWvVL8z+vlNrkKCy6z3DJJFx8luUBWobICFHPNqBVTRwjV3GVFdEQ0odYVVXMl+Ksrr5PgonXdwvcYqnACp3AOPlzCDdxBGwKgoOEF3uDdm3iv3seirYq3rO0Y/sD7/AFnWJF8</latexit><latexit sha1_base64="XslH2Wt60VPtDa6VXZfZHVUH6ms=">AAAB9HicbVC9TsMwGPzCbyl/BUYWiwqJqUpYgK0SC2NBhFZqQ+U4TmvVsSPboaqivgcLAyBWHoaNt8FpM0DLSZZPd98nny9MOdPGdb+dldW19Y3NylZ1e2d3b792cPigZaYI9YnkUnVCrClngvqGGU47qaI4CTlth6Prwm8/UaWZFPdmktIgwQPBYkawsdJjL5Q80pPEXvl42q/V3YY7A1omXknqUKLVr331IkmyhApDONa667mpCXKsDCOcTqu9TNMUkxEe0K6lAidUB/ks9RSdWiVCsVT2CINm6u+NHCe6iGYnE2yGetErxP+8bmbiyyBnIs0MFWT+UJxxZCQqKkARU5QYPrEEE8VsVkSGWGFibFFVW4K3+OVl4p83rhrurVtv3pVtVOAYTuAMPLiAJtxAC3wgoOAZXuHNGTsvzrvzMR9dccqdI/gD5/MHvcWS5w==</latexit><latexit sha1_base64="QOopCLZVO97lgl3/eC8NQP45A50=">AAAB9HicbVDNSgMxGPy2/tX6V/XoJVgET2UrgnorePFYxbWFdi3ZbLYNzSZLkrWUpe/hxYOKVx/Gm29jtt2Dtg6EDDPfRyYTJJxp47rfTmlldW19o7xZ2dre2d2r7h88aJkqQj0iuVSdAGvKmaCeYYbTTqIojgNO28HoOvfbT1RpJsW9mSTUj/FAsIgRbKz02AskD/Uktlc2nvarNbfuzoCWSaMgNSjQ6le/eqEkaUyFIRxr3W24ifEzrAwjnE4rvVTTBJMRHtCupQLHVPvZLPUUnVglRJFU9giDZurvjQzHOo9mJ2NshnrRy8X/vG5qoks/YyJJDRVk/lCUcmQkyitAIVOUGD6xBBPFbFZEhlhhYmxRFVtCY/HLy8Q7q1/V3dvzWvOuaKMMR3AMp9CAC2jCDbTAAwIKnuEV3pyx8+K8Ox/z0ZJT7BzCHzifP78Fkus=</latexit><latexit sha1_base64="QOopCLZVO97lgl3/eC8NQP45A50=">AAAB9HicbVDNSgMxGPy2/tX6V/XoJVgET2UrgnorePFYxbWFdi3ZbLYNzSZLkrWUpe/hxYOKVx/Gm29jtt2Dtg6EDDPfRyYTJJxp47rfTmlldW19o7xZ2dre2d2r7h88aJkqQj0iuVSdAGvKmaCeYYbTTqIojgNO28HoOvfbT1RpJsW9mSTUj/FAsIgRbKz02AskD/Uktlc2nvarNbfuzoCWSaMgNSjQ6le/eqEkaUyFIRxr3W24ifEzrAwjnE4rvVTTBJMRHtCupQLHVPvZLPUUnVglRJFU9giDZurvjQzHOo9mJ2NshnrRy8X/vG5qoks/YyJJDRVk/lCUcmQkyitAIVOUGD6xBBPFbFZEhlhhYmxRFVtCY/HLy8Q7q1/V3dvzWvOuaKMMR3AMp9CAC2jCDbTAAwIKnuEV3pyx8+K8Ox/z0ZJT7BzCHzifP78Fkus=</latexit><latexit sha1_base64="QOopCLZVO97lgl3/eC8NQP45A50=">AAAB9HicbVDNSgMxGPy2/tX6V/XoJVgET2UrgnorePFYxbWFdi3ZbLYNzSZLkrWUpe/hxYOKVx/Gm29jtt2Dtg6EDDPfRyYTJJxp47rfTmlldW19o7xZ2dre2d2r7h88aJkqQj0iuVSdAGvKmaCeYYbTTqIojgNO28HoOvfbT1RpJsW9mSTUj/FAsIgRbKz02AskD/Uktlc2nvarNbfuzoCWSaMgNSjQ6le/eqEkaUyFIRxr3W24ifEzrAwjnE4rvVTTBJMRHtCupQLHVPvZLPUUnVglRJFU9giDZurvjQzHOo9mJ2NshnrRy8X/vG5qoks/YyJJDRVk/lCUcmQkyitAIVOUGD6xBBPFbFZEhlhhYmxRFVtCY/HLy8Q7q1/V3dvzWvOuaKMMR3AMp9CAC2jCDbTAAwIKnuEV3pyx8+K8Ox/z0ZJT7BzCHzifP78Fkus=</latexit><latexit sha1_base64="QOopCLZVO97lgl3/eC8NQP45A50=">AAAB9HicbVDNSgMxGPy2/tX6V/XoJVgET2UrgnorePFYxbWFdi3ZbLYNzSZLkrWUpe/hxYOKVx/Gm29jtt2Dtg6EDDPfRyYTJJxp47rfTmlldW19o7xZ2dre2d2r7h88aJkqQj0iuVSdAGvKmaCeYYbTTqIojgNO28HoOvfbT1RpJsW9mSTUj/FAsIgRbKz02AskD/Uktlc2nvarNbfuzoCWSaMgNSjQ6le/eqEkaUyFIRxr3W24ifEzrAwjnE4rvVTTBJMRHtCupQLHVPvZLPUUnVglRJFU9giDZurvjQzHOo9mJ2NshnrRy8X/vG5qoks/YyJJDRVk/lCUcmQkyitAIVOUGD6xBBPFbFZEhlhhYmxRFVtCY/HLy8Q7q1/V3dvzWvOuaKMMR3AMp9CAC2jCDbTAAwIKnuEV3pyx8+K8Ox/z0ZJT7BzCHzifP78Fkus=</latexit><latexit sha1_base64="QOopCLZVO97lgl3/eC8NQP45A50=">AAAB9HicbVDNSgMxGPy2/tX6V/XoJVgET2UrgnorePFYxbWFdi3ZbLYNzSZLkrWUpe/hxYOKVx/Gm29jtt2Dtg6EDDPfRyYTJJxp47rfTmlldW19o7xZ2dre2d2r7h88aJkqQj0iuVSdAGvKmaCeYYbTTqIojgNO28HoOvfbT1RpJsW9mSTUj/FAsIgRbKz02AskD/Uktlc2nvarNbfuzoCWSaMgNSjQ6le/eqEkaUyFIRxr3W24ifEzrAwjnE4rvVTTBJMRHtCupQLHVPvZLPUUnVglRJFU9giDZurvjQzHOo9mJ2NshnrRy8X/vG5qoks/YyJJDRVk/lCUcmQkyitAIVOUGD6xBBPFbFZEhlhhYmxRFVtCY/HLy8Q7q1/V3dvzWvOuaKMMR3AMp9CAC2jCDbTAAwIKnuEV3pyx8+K8Ox/z0ZJT7BzCHzifP78Fkus=</latexit>
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MF †
<latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit><latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit><latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit><latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit>

MF †
<latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit><latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit><latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit><latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit>

MF †
<latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit><latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit><latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit><latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit>

MF †
<latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit><latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit><latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit><latexit sha1_base64="Z0i2VKc5acfnxtVZlvO/NTg5ZZw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQiqLeiIF6ECsYW21g2m0m7dLMJuxuhhP4LLx5UvPpzvPlv3LY5aPXBwOO9GWbmBSlnSjvOl1VaWFxaXimvVtbWNza3qts7dyrJJEWPJjyR7YAo5Eygp5nm2E4lkjjg2AqGFxO/9YhSsUTc6lGKfkz6gkWMEm2k++vLh25I+n2UvWrNqTtT2H+JW5AaFGj2qp/dMKFZjEJTTpTquE6q/ZxIzSjHcaWbKUwJHZI+dgwVJEbl59OLx/aBUUI7SqQpoe2p+nMiJ7FSozgwnTHRAzXvTcT/vE6mo1M/ZyLNNAo6WxRl3NaJPXnfDplEqvnIEEIlM7fadEAkodqEVDEhuPMv/yXeUf2s7t4c1xrnRRpl2IN9OAQXTqABV9AEDygIeIIXeLWU9Wy9We+z1pJVzOzCL1gf35j4kGk=</latexit>

MF †
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Figure 3.1: Overview of network architectures used in our experiments. The top panel shows
conventional (baseline) approach that directly predicts 6DoF camera motion (Lcam). The middle
panel displays our proposed single layer model which predicts ego motion assuming a static (rigid)
environment. We train the model with additional unsupervised losses based on optical flow (LOF ),
motion field (LMF ), and orthogonal projection (LOF ) described in Section 3.1.1. Our model sup-
ports both supervised (red) and unsupervised (green) losses during training. The bottom panel
shows a two layered model variant that segments a scene into static and dynamic components and
only uses static component for camera motion prediction. When input depth is not available, we
utilize an additional monocular depth estimation network to predict it.
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Figure 3.2: Detail network architecture of NetOF and NetSeg.
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Solution

rLCAM
<latexit sha1_base64="sPPpnRl3ZdZm8HAftYvexG25GlE=">AAACAHicbVBNS8NAEN3Ur1q/ql4EL4tF8FQSEdRbtRcPChWMLTQhTLabdulmE3Y3Qgn14l/x4kHFqz/Dm//G7cdBWx8MPN6bYWZemHKmtG1/W4WFxaXlleJqaW19Y3OrvL1zr5JMEuqShCeyFYKinAnqaqY5baWSQhxy2gz79ZHffKBSsUTc6UFK/Ri6gkWMgDZSUN7zBIQcsBeD7hHg+fUwyOsXN8OgXLGr9hh4njhTUkFTNILyl9dJSBZToQkHpdqOnWo/B6kZ4XRY8jJFUyB96NK2oQJiqvx8/MEQHxqlg6NEmhIaj9XfEznESg3i0HSODlWz3kj8z2tnOjrzcybSTFNBJouijGOd4FEcuMMkJZoPDAEimbkVkx5IINqEVjIhOLMvzxP3uHpedW5PKrXLaRpFtI8O0BFy0CmqoSvUQC4i6BE9o1f0Zj1ZL9a79TFpLVjTmV30B9bnD5kmlos=</latexit><latexit sha1_base64="sPPpnRl3ZdZm8HAftYvexG25GlE=">AAACAHicbVBNS8NAEN3Ur1q/ql4EL4tF8FQSEdRbtRcPChWMLTQhTLabdulmE3Y3Qgn14l/x4kHFqz/Dm//G7cdBWx8MPN6bYWZemHKmtG1/W4WFxaXlleJqaW19Y3OrvL1zr5JMEuqShCeyFYKinAnqaqY5baWSQhxy2gz79ZHffKBSsUTc6UFK/Ri6gkWMgDZSUN7zBIQcsBeD7hHg+fUwyOsXN8OgXLGr9hh4njhTUkFTNILyl9dJSBZToQkHpdqOnWo/B6kZ4XRY8jJFUyB96NK2oQJiqvx8/MEQHxqlg6NEmhIaj9XfEznESg3i0HSODlWz3kj8z2tnOjrzcybSTFNBJouijGOd4FEcuMMkJZoPDAEimbkVkx5IINqEVjIhOLMvzxP3uHpedW5PKrXLaRpFtI8O0BFy0CmqoSvUQC4i6BE9o1f0Zj1ZL9a79TFpLVjTmV30B9bnD5kmlos=</latexit><latexit sha1_base64="sPPpnRl3ZdZm8HAftYvexG25GlE=">AAACAHicbVBNS8NAEN3Ur1q/ql4EL4tF8FQSEdRbtRcPChWMLTQhTLabdulmE3Y3Qgn14l/x4kHFqz/Dm//G7cdBWx8MPN6bYWZemHKmtG1/W4WFxaXlleJqaW19Y3OrvL1zr5JMEuqShCeyFYKinAnqaqY5baWSQhxy2gz79ZHffKBSsUTc6UFK/Ri6gkWMgDZSUN7zBIQcsBeD7hHg+fUwyOsXN8OgXLGr9hh4njhTUkFTNILyl9dJSBZToQkHpdqOnWo/B6kZ4XRY8jJFUyB96NK2oQJiqvx8/MEQHxqlg6NEmhIaj9XfEznESg3i0HSODlWz3kj8z2tnOjrzcybSTFNBJouijGOd4FEcuMMkJZoPDAEimbkVkx5IINqEVjIhOLMvzxP3uHpedW5PKrXLaRpFtI8O0BFy0CmqoSvUQC4i6BE9o1f0Zj1ZL9a79TFpLVjTmV30B9bnD5kmlos=</latexit><latexit sha1_base64="sPPpnRl3ZdZm8HAftYvexG25GlE=">AAACAHicbVBNS8NAEN3Ur1q/ql4EL4tF8FQSEdRbtRcPChWMLTQhTLabdulmE3Y3Qgn14l/x4kHFqz/Dm//G7cdBWx8MPN6bYWZemHKmtG1/W4WFxaXlleJqaW19Y3OrvL1zr5JMEuqShCeyFYKinAnqaqY5baWSQhxy2gz79ZHffKBSsUTc6UFK/Ri6gkWMgDZSUN7zBIQcsBeD7hHg+fUwyOsXN8OgXLGr9hh4njhTUkFTNILyl9dJSBZToQkHpdqOnWo/B6kZ4XRY8jJFUyB96NK2oQJiqvx8/MEQHxqlg6NEmhIaj9XfEznESg3i0HSODlWz3kj8z2tnOjrzcybSTFNBJouijGOd4FEcuMMkJZoPDAEimbkVkx5IINqEVjIhOLMvzxP3uHpedW5PKrXLaRpFtI8O0BFy0CmqoSvUQC4i6BE9o1f0Zj1ZL9a79TFpLVjTmV30B9bnD5kmlos=</latexit>

Camera Pose Space
<latexit sha1_base64="KGblIAtLiMX3YjzXiPwneIbxhQE=">AAACAHicbVC7SgNBFJ31GeNr1UawGQyCVdgVQe2CaSwjGhNIljA7uZsMmX0wc1cMS2z8FRsLFVs/w86/cZJsoYkHBg7n3Mfc4ydSaHScb2thcWl5ZbWwVlzf2Nzatnd273ScKg51HstYNX2mQYoI6ihQQjNRwEJfQsMfVMd+4x6UFnF0i8MEvJD1IhEIztBIHXu/jfCAWZWFoBitxRroTcI4jDp2ySk7E9B54uakRHLUOvZXuxvzNIQIuWRat1wnQS9jCgWXMCq2Uw1m8oD1oGVoZDZqL5tcMKJHRunSIFbmRUgn6u+OjIVaD0PfVIYM+3rWG4v/ea0Ug3MvE1GSIkR8uihIJcWYjuOgXaGAoxwawrgS5q+U95liHE1oRROCO3vyPKmflC/K7vVpqXKZp1EgB+SQHBOXnJEKuSI1UiecPJJn8krerCfrxXq3PqalC1bes0f+wPr8AalJlpQ=</latexit><latexit sha1_base64="KGblIAtLiMX3YjzXiPwneIbxhQE=">AAACAHicbVC7SgNBFJ31GeNr1UawGQyCVdgVQe2CaSwjGhNIljA7uZsMmX0wc1cMS2z8FRsLFVs/w86/cZJsoYkHBg7n3Mfc4ydSaHScb2thcWl5ZbWwVlzf2Nzatnd273ScKg51HstYNX2mQYoI6ihQQjNRwEJfQsMfVMd+4x6UFnF0i8MEvJD1IhEIztBIHXu/jfCAWZWFoBitxRroTcI4jDp2ySk7E9B54uakRHLUOvZXuxvzNIQIuWRat1wnQS9jCgWXMCq2Uw1m8oD1oGVoZDZqL5tcMKJHRunSIFbmRUgn6u+OjIVaD0PfVIYM+3rWG4v/ea0Ug3MvE1GSIkR8uihIJcWYjuOgXaGAoxwawrgS5q+U95liHE1oRROCO3vyPKmflC/K7vVpqXKZp1EgB+SQHBOXnJEKuSI1UiecPJJn8krerCfrxXq3PqalC1bes0f+wPr8AalJlpQ=</latexit><latexit sha1_base64="KGblIAtLiMX3YjzXiPwneIbxhQE=">AAACAHicbVC7SgNBFJ31GeNr1UawGQyCVdgVQe2CaSwjGhNIljA7uZsMmX0wc1cMS2z8FRsLFVs/w86/cZJsoYkHBg7n3Mfc4ydSaHScb2thcWl5ZbWwVlzf2Nzatnd273ScKg51HstYNX2mQYoI6ihQQjNRwEJfQsMfVMd+4x6UFnF0i8MEvJD1IhEIztBIHXu/jfCAWZWFoBitxRroTcI4jDp2ySk7E9B54uakRHLUOvZXuxvzNIQIuWRat1wnQS9jCgWXMCq2Uw1m8oD1oGVoZDZqL5tcMKJHRunSIFbmRUgn6u+OjIVaD0PfVIYM+3rWG4v/ea0Ug3MvE1GSIkR8uihIJcWYjuOgXaGAoxwawrgS5q+U95liHE1oRROCO3vyPKmflC/K7vVpqXKZp1EgB+SQHBOXnJEKuSI1UiecPJJn8krerCfrxXq3PqalC1bes0f+wPr8AalJlpQ=</latexit><latexit sha1_base64="KGblIAtLiMX3YjzXiPwneIbxhQE=">AAACAHicbVC7SgNBFJ31GeNr1UawGQyCVdgVQe2CaSwjGhNIljA7uZsMmX0wc1cMS2z8FRsLFVs/w86/cZJsoYkHBg7n3Mfc4ydSaHScb2thcWl5ZbWwVlzf2Nzatnd273ScKg51HstYNX2mQYoI6ihQQjNRwEJfQsMfVMd+4x6UFnF0i8MEvJD1IhEIztBIHXu/jfCAWZWFoBitxRroTcI4jDp2ySk7E9B54uakRHLUOvZXuxvzNIQIuWRat1wnQS9jCgWXMCq2Uw1m8oD1oGVoZDZqL5tcMKJHRunSIFbmRUgn6u+OjIVaD0PfVIYM+3rWG4v/ea0Ug3MvE1GSIkR8uihIJcWYjuOgXaGAoxwawrgS5q+U95liHE1oRROCO3vyPKmflC/K7vVpqXKZp1EgB+SQHBOXnJEKuSI1UiecPJJn8krerCfrxXq3PqalC1bes0f+wPr8AalJlpQ=</latexit>

Flow space
<latexit sha1_base64="HDkJIhEURy/nRoOqSwBpYbgbGwY=">AAAB+XicbVDLSgNBEJz1GeNro0cvg0HwFHZFUG9BQTxGcE0gWcLspJMMmX0w02sMaz7FiwcVr/6JN//GSbIHTSxoKKq6Z7orSKTQ6Djf1tLyyuraemGjuLm1vbNrl/budZwqDh6PZawaAdMgRQQeCpTQSBSwMJBQDwZXE7/+AEqLOLrDUQJ+yHqR6ArO0Ehtu9RCeMTsWsZDqhPGYdy2y07FmYIuEjcnZZKj1ra/Wp2YpyFEyCXTuuk6CfoZUyi4hHGxlWowLw9YD5qGRiwE7WfT1cf0yCgd2o2VqQjpVP09kbFQ61EYmM6QYV/PexPxP6+ZYvfcz0SUpAgRn33UTSXFmE5yoB2hgKMcGcK4EmZXyvtMMY4mraIJwZ0/eZF4J5WLint7Wq5e5mkUyAE5JMfEJWekSm5IjXiEkyF5Jq/kzXqyXqx362PWumTlM/vkD6zPH/4nlAY=</latexit><latexit sha1_base64="HDkJIhEURy/nRoOqSwBpYbgbGwY=">AAAB+XicbVDLSgNBEJz1GeNro0cvg0HwFHZFUG9BQTxGcE0gWcLspJMMmX0w02sMaz7FiwcVr/6JN//GSbIHTSxoKKq6Z7orSKTQ6Djf1tLyyuraemGjuLm1vbNrl/budZwqDh6PZawaAdMgRQQeCpTQSBSwMJBQDwZXE7/+AEqLOLrDUQJ+yHqR6ArO0Ehtu9RCeMTsWsZDqhPGYdy2y07FmYIuEjcnZZKj1ra/Wp2YpyFEyCXTuuk6CfoZUyi4hHGxlWowLw9YD5qGRiwE7WfT1cf0yCgd2o2VqQjpVP09kbFQ61EYmM6QYV/PexPxP6+ZYvfcz0SUpAgRn33UTSXFmE5yoB2hgKMcGcK4EmZXyvtMMY4mraIJwZ0/eZF4J5WLint7Wq5e5mkUyAE5JMfEJWekSm5IjXiEkyF5Jq/kzXqyXqx362PWumTlM/vkD6zPH/4nlAY=</latexit><latexit sha1_base64="HDkJIhEURy/nRoOqSwBpYbgbGwY=">AAAB+XicbVDLSgNBEJz1GeNro0cvg0HwFHZFUG9BQTxGcE0gWcLspJMMmX0w02sMaz7FiwcVr/6JN//GSbIHTSxoKKq6Z7orSKTQ6Djf1tLyyuraemGjuLm1vbNrl/budZwqDh6PZawaAdMgRQQeCpTQSBSwMJBQDwZXE7/+AEqLOLrDUQJ+yHqR6ArO0Ehtu9RCeMTsWsZDqhPGYdy2y07FmYIuEjcnZZKj1ra/Wp2YpyFEyCXTuuk6CfoZUyi4hHGxlWowLw9YD5qGRiwE7WfT1cf0yCgd2o2VqQjpVP09kbFQ61EYmM6QYV/PexPxP6+ZYvfcz0SUpAgRn33UTSXFmE5yoB2hgKMcGcK4EmZXyvtMMY4mraIJwZ0/eZF4J5WLint7Wq5e5mkUyAE5JMfEJWekSm5IjXiEkyF5Jq/kzXqyXqx362PWumTlM/vkD6zPH/4nlAY=</latexit><latexit sha1_base64="HDkJIhEURy/nRoOqSwBpYbgbGwY=">AAAB+XicbVDLSgNBEJz1GeNro0cvg0HwFHZFUG9BQTxGcE0gWcLspJMMmX0w02sMaz7FiwcVr/6JN//GSbIHTSxoKKq6Z7orSKTQ6Djf1tLyyuraemGjuLm1vbNrl/budZwqDh6PZawaAdMgRQQeCpTQSBSwMJBQDwZXE7/+AEqLOLrDUQJ+yHqR6ArO0Ehtu9RCeMTsWsZDqhPGYdy2y07FmYIuEjcnZZKj1ra/Wp2YpyFEyCXTuuk6CfoZUyi4hHGxlWowLw9YD5qGRiwE7WfT1cf0yCgd2o2VqQjpVP09kbFQ61EYmM6QYV/PexPxP6+ZYvfcz0SUpAgRn33UTSXFmE5yoB2hgKMcGcK4EmZXyvtMMY4mraIJwZ0/eZF4J5WLint7Wq5e5mkUyAE5JMfEJWekSm5IjXiEkyF5Jq/kzXqyXqx362PWumTlM/vkD6zPH/4nlAY=</latexit>

�
<latexit sha1_base64="LpRiA0tPxs0CLwFXsvaS+jiYeRg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqN6KXjxWMLbQhrLZbpqlu5uwuxFK6F/w4kHFq7/Im//GTZuDtj4YeLw3w8y8MOVMG9f9dipr6xubW9Xt2s7u3v5B/fDoUSeZItQnCU9UL8Saciapb5jhtJcqikXIaTec3BZ+94kqzRL5YKYpDQQeSxYxgk0hDdKYDesNt+nOgVaJV5IGlOgM61+DUUIyQaUhHGvd99zUBDlWhhFOZ7VBpmmKyQSPad9SiQXVQT6/dYbOrDJCUaJsSYPm6u+JHAutpyK0nQKbWC97hfif189MdBXkTKaZoZIsFkUZRyZBxeNoxBQlhk8twUQxeysiMVaYGBtPzYbgLb+8SvyL5nXTu79stG/KNKpwAqdwDh60oA130AEfCMTwDK/w5gjnxXl3PhatFaecOYY/cD5/AIC3jhM=</latexit><latexit sha1_base64="LpRiA0tPxs0CLwFXsvaS+jiYeRg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqN6KXjxWMLbQhrLZbpqlu5uwuxFK6F/w4kHFq7/Im//GTZuDtj4YeLw3w8y8MOVMG9f9dipr6xubW9Xt2s7u3v5B/fDoUSeZItQnCU9UL8Saciapb5jhtJcqikXIaTec3BZ+94kqzRL5YKYpDQQeSxYxgk0hDdKYDesNt+nOgVaJV5IGlOgM61+DUUIyQaUhHGvd99zUBDlWhhFOZ7VBpmmKyQSPad9SiQXVQT6/dYbOrDJCUaJsSYPm6u+JHAutpyK0nQKbWC97hfif189MdBXkTKaZoZIsFkUZRyZBxeNoxBQlhk8twUQxeysiMVaYGBtPzYbgLb+8SvyL5nXTu79stG/KNKpwAqdwDh60oA130AEfCMTwDK/w5gjnxXl3PhatFaecOYY/cD5/AIC3jhM=</latexit><latexit sha1_base64="LpRiA0tPxs0CLwFXsvaS+jiYeRg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqN6KXjxWMLbQhrLZbpqlu5uwuxFK6F/w4kHFq7/Im//GTZuDtj4YeLw3w8y8MOVMG9f9dipr6xubW9Xt2s7u3v5B/fDoUSeZItQnCU9UL8Saciapb5jhtJcqikXIaTec3BZ+94kqzRL5YKYpDQQeSxYxgk0hDdKYDesNt+nOgVaJV5IGlOgM61+DUUIyQaUhHGvd99zUBDlWhhFOZ7VBpmmKyQSPad9SiQXVQT6/dYbOrDJCUaJsSYPm6u+JHAutpyK0nQKbWC97hfif189MdBXkTKaZoZIsFkUZRyZBxeNoxBQlhk8twUQxeysiMVaYGBtPzYbgLb+8SvyL5nXTu79stG/KNKpwAqdwDh60oA130AEfCMTwDK/w5gjnxXl3PhatFaecOYY/cD5/AIC3jhM=</latexit><latexit sha1_base64="LpRiA0tPxs0CLwFXsvaS+jiYeRg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqN6KXjxWMLbQhrLZbpqlu5uwuxFK6F/w4kHFq7/Im//GTZuDtj4YeLw3w8y8MOVMG9f9dipr6xubW9Xt2s7u3v5B/fDoUSeZItQnCU9UL8Saciapb5jhtJcqikXIaTec3BZ+94kqzRL5YKYpDQQeSxYxgk0hDdKYDesNt+nOgVaJV5IGlOgM61+DUUIyQaUhHGvd99zUBDlWhhFOZ7VBpmmKyQSPad9SiQXVQT6/dYbOrDJCUaJsSYPm6u+JHAutpyK0nQKbWC97hfif189MdBXkTKaZoZIsFkUZRyZBxeNoxBQlhk8twUQxeysiMVaYGBtPzYbgLb+8SvyL5nXTu79stG/KNKpwAqdwDh60oA130AEfCMTwDK/w5gjnxXl3PhatFaecOYY/cD5/AIC3jhM=</latexit>

Initial

Solution

� = MF (t,!)
<latexit sha1_base64="QmDL1LKnaCd3cHsKbnVOlScqN8s=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJCOpCKAriRqhgbKEJZTKdtEMnM2FmItRQ/BU3LlTc+iHu/BunbRbaeuDC4Zx7ufeeMGFUacf5tgpz8wuLS8Xl0srq2vqGvbl1r0QqMfGwYEI2Q6QIo5x4mmpGmokkKA4ZaYT9y5HfeCBSUcHv9CAhQYy6nEYUI22ktr3jJz0Kz+HNVUUfQl/EpIsO2nbZqTpjwFni5qQMctTb9pffETiNCdeYIaVarpPoIENSU8zIsOSniiQI91GXtAzlKCYqyMbXD+G+UTowEtIU13Cs/p7IUKzUIA5NZ4x0T017I/E/r5Xq6DTIKE9STTieLIpSBrWAoyhgh0qCNRsYgrCk5laIe0girE1gJROCO/3yLPGOqmdV9/a4XLvI0yiCXbAHKsAFJ6AGrkEdeACDR/AMXsGb9WS9WO/Wx6S1YOUz2+APrM8fVx2Tag==</latexit><latexit sha1_base64="QmDL1LKnaCd3cHsKbnVOlScqN8s=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJCOpCKAriRqhgbKEJZTKdtEMnM2FmItRQ/BU3LlTc+iHu/BunbRbaeuDC4Zx7ufeeMGFUacf5tgpz8wuLS8Xl0srq2vqGvbl1r0QqMfGwYEI2Q6QIo5x4mmpGmokkKA4ZaYT9y5HfeCBSUcHv9CAhQYy6nEYUI22ktr3jJz0Kz+HNVUUfQl/EpIsO2nbZqTpjwFni5qQMctTb9pffETiNCdeYIaVarpPoIENSU8zIsOSniiQI91GXtAzlKCYqyMbXD+G+UTowEtIU13Cs/p7IUKzUIA5NZ4x0T017I/E/r5Xq6DTIKE9STTieLIpSBrWAoyhgh0qCNRsYgrCk5laIe0girE1gJROCO/3yLPGOqmdV9/a4XLvI0yiCXbAHKsAFJ6AGrkEdeACDR/AMXsGb9WS9WO/Wx6S1YOUz2+APrM8fVx2Tag==</latexit><latexit sha1_base64="QmDL1LKnaCd3cHsKbnVOlScqN8s=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJCOpCKAriRqhgbKEJZTKdtEMnM2FmItRQ/BU3LlTc+iHu/BunbRbaeuDC4Zx7ufeeMGFUacf5tgpz8wuLS8Xl0srq2vqGvbl1r0QqMfGwYEI2Q6QIo5x4mmpGmokkKA4ZaYT9y5HfeCBSUcHv9CAhQYy6nEYUI22ktr3jJz0Kz+HNVUUfQl/EpIsO2nbZqTpjwFni5qQMctTb9pffETiNCdeYIaVarpPoIENSU8zIsOSniiQI91GXtAzlKCYqyMbXD+G+UTowEtIU13Cs/p7IUKzUIA5NZ4x0T017I/E/r5Xq6DTIKE9STTieLIpSBrWAoyhgh0qCNRsYgrCk5laIe0girE1gJROCO/3yLPGOqmdV9/a4XLvI0yiCXbAHKsAFJ6AGrkEdeACDR/AMXsGb9WS9WO/Wx6S1YOUz2+APrM8fVx2Tag==</latexit><latexit sha1_base64="X/BbPPQRM1pmBhxdK1enSbL+gJw=">AAAB2HicbZDNSgMxFIXv1L86Vq1rN8EiuCozbtSd4MZlBccW2qFkMnfa0ExmSO4IpfQFXLhRfDB3vo3pz0KtBwIf5yTk3pOUSloKgi+vtrW9s7tX3/cPGv7h0XGz8WSLygiMRKEK00u4RSU1RiRJYa80yPNEYTeZ3C3y7jMaKwv9SNMS45yPtMyk4OSszrDZCtrBUmwTwjW0YK1h83OQFqLKUZNQ3Np+GJQUz7ghKRTO/UFlseRiwkfYd6h5jjaeLcecs3PnpCwrjDua2NL9+WLGc2uneeJu5pzG9m+2MP/L+hVl1/FM6rIi1GL1UVYpRgVb7MxSaVCQmjrgwkg3KxNjbrgg14zvOgj/brwJ0WX7ph0+BFCHUziDCwjhCm7hHjoQgYAUXuDNG3uv3vuqqpq37uwEfsn7+AaqKYoN</latexit><latexit sha1_base64="K3MdKsdvzJhtvE+z2ac17AUZhJo=">AAAB8XicbZDNSgMxFIXv1L9aq47izk2wCBWkzLhRF4IgiBuhgrWFzlAyaaYNTTJDkhHqUHwVNy5UfBl3vo3pz0JbDwQ+zkm4NydKOdPG876dwtLyyupacb20Ud7c2nZ3yg86yRShDZLwRLUirClnkjYMM5y2UkWxiDhtRoOrcd58pEqzRN6bYUpDgXuSxYxgY62OuxekfYYu0O111RyjIBG0h486bsWreROhRfBnUIGZ6h33K+gmJBNUGsKx1m3fS02YY2UY4XRUCjJNU0wGuEfbFiUWVIf5ZPsROrROF8WJskcaNHF/v8ix0HooIntTYNPX89nY/C9rZyY+C3Mm08xQSaaD4owjk6BxFajLFCWGDy1gopjdFZE+VpgYW1jJluDPf3kRGie185p/50ER9uEAquDDKVzCDdShAQSe4AXe4N15dl6dj2lbBWdW2y78kfP5A/98kgM=</latexit><latexit sha1_base64="K3MdKsdvzJhtvE+z2ac17AUZhJo=">AAAB8XicbZDNSgMxFIXv1L9aq47izk2wCBWkzLhRF4IgiBuhgrWFzlAyaaYNTTJDkhHqUHwVNy5UfBl3vo3pz0JbDwQ+zkm4NydKOdPG876dwtLyyupacb20Ud7c2nZ3yg86yRShDZLwRLUirClnkjYMM5y2UkWxiDhtRoOrcd58pEqzRN6bYUpDgXuSxYxgY62OuxekfYYu0O111RyjIBG0h486bsWreROhRfBnUIGZ6h33K+gmJBNUGsKx1m3fS02YY2UY4XRUCjJNU0wGuEfbFiUWVIf5ZPsROrROF8WJskcaNHF/v8ix0HooIntTYNPX89nY/C9rZyY+C3Mm08xQSaaD4owjk6BxFajLFCWGDy1gopjdFZE+VpgYW1jJluDPf3kRGie185p/50ER9uEAquDDKVzCDdShAQSe4AXe4N15dl6dj2lbBWdW2y78kfP5A/98kgM=</latexit><latexit sha1_base64="Pyp2u8D2Qc+G8CsFmvmP+S2MoGY=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJG3UhFAVxI1QwttCEMplO26HzCDMToYbir7hxoeLWD3Hn3zhts9DqgQuHc+7l3nvihFFtPO/LKczNLywuFZdLK6tr6xvu5tadlqnCJMCSSdWMkSaMChIYahhpJoogHjPSiAcXY79xT5SmUtyaYUIijnqCdilGxkptdydM+hSewevLijmEoeSkhw7abtmrehPAv8TPSRnkqLfdz7AjccqJMJghrVu+l5goQ8pQzMioFKaaJAgPUI+0LBWIEx1lk+tHcN8qHdiVypYwcKL+nMgQ13rIY9vJkenrWW8s/ue1UtM9iTIqktQQgaeLuimDRsJxFLBDFcGGDS1BWFF7K8R9pBA2NrCSDcGfffkvCY6qp1X/xivXzvM0imAX7IEK8MExqIErUAcBwOABPIEX8Oo8Os/Om/M+bS04+cw2+AXn4xtV3ZNm</latexit><latexit sha1_base64="QmDL1LKnaCd3cHsKbnVOlScqN8s=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJCOpCKAriRqhgbKEJZTKdtEMnM2FmItRQ/BU3LlTc+iHu/BunbRbaeuDC4Zx7ufeeMGFUacf5tgpz8wuLS8Xl0srq2vqGvbl1r0QqMfGwYEI2Q6QIo5x4mmpGmokkKA4ZaYT9y5HfeCBSUcHv9CAhQYy6nEYUI22ktr3jJz0Kz+HNVUUfQl/EpIsO2nbZqTpjwFni5qQMctTb9pffETiNCdeYIaVarpPoIENSU8zIsOSniiQI91GXtAzlKCYqyMbXD+G+UTowEtIU13Cs/p7IUKzUIA5NZ4x0T017I/E/r5Xq6DTIKE9STTieLIpSBrWAoyhgh0qCNRsYgrCk5laIe0girE1gJROCO/3yLPGOqmdV9/a4XLvI0yiCXbAHKsAFJ6AGrkEdeACDR/AMXsGb9WS9WO/Wx6S1YOUz2+APrM8fVx2Tag==</latexit><latexit sha1_base64="QmDL1LKnaCd3cHsKbnVOlScqN8s=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJCOpCKAriRqhgbKEJZTKdtEMnM2FmItRQ/BU3LlTc+iHu/BunbRbaeuDC4Zx7ufeeMGFUacf5tgpz8wuLS8Xl0srq2vqGvbl1r0QqMfGwYEI2Q6QIo5x4mmpGmokkKA4ZaYT9y5HfeCBSUcHv9CAhQYy6nEYUI22ktr3jJz0Kz+HNVUUfQl/EpIsO2nbZqTpjwFni5qQMctTb9pffETiNCdeYIaVarpPoIENSU8zIsOSniiQI91GXtAzlKCYqyMbXD+G+UTowEtIU13Cs/p7IUKzUIA5NZ4x0T017I/E/r5Xq6DTIKE9STTieLIpSBrWAoyhgh0qCNRsYgrCk5laIe0girE1gJROCO/3yLPGOqmdV9/a4XLvI0yiCXbAHKsAFJ6AGrkEdeACDR/AMXsGb9WS9WO/Wx6S1YOUz2+APrM8fVx2Tag==</latexit><latexit sha1_base64="QmDL1LKnaCd3cHsKbnVOlScqN8s=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJCOpCKAriRqhgbKEJZTKdtEMnM2FmItRQ/BU3LlTc+iHu/BunbRbaeuDC4Zx7ufeeMGFUacf5tgpz8wuLS8Xl0srq2vqGvbl1r0QqMfGwYEI2Q6QIo5x4mmpGmokkKA4ZaYT9y5HfeCBSUcHv9CAhQYy6nEYUI22ktr3jJz0Kz+HNVUUfQl/EpIsO2nbZqTpjwFni5qQMctTb9pffETiNCdeYIaVarpPoIENSU8zIsOSniiQI91GXtAzlKCYqyMbXD+G+UTowEtIU13Cs/p7IUKzUIA5NZ4x0T017I/E/r5Xq6DTIKE9STTieLIpSBrWAoyhgh0qCNRsYgrCk5laIe0girE1gJROCO/3yLPGOqmdV9/a4XLvI0yiCXbAHKsAFJ6AGrkEdeACDR/AMXsGb9WS9WO/Wx6S1YOUz2+APrM8fVx2Tag==</latexit><latexit sha1_base64="QmDL1LKnaCd3cHsKbnVOlScqN8s=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJCOpCKAriRqhgbKEJZTKdtEMnM2FmItRQ/BU3LlTc+iHu/BunbRbaeuDC4Zx7ufeeMGFUacf5tgpz8wuLS8Xl0srq2vqGvbl1r0QqMfGwYEI2Q6QIo5x4mmpGmokkKA4ZaYT9y5HfeCBSUcHv9CAhQYy6nEYUI22ktr3jJz0Kz+HNVUUfQl/EpIsO2nbZqTpjwFni5qQMctTb9pffETiNCdeYIaVarpPoIENSU8zIsOSniiQI91GXtAzlKCYqyMbXD+G+UTowEtIU13Cs/p7IUKzUIA5NZ4x0T017I/E/r5Xq6DTIKE9STTieLIpSBrWAoyhgh0qCNRsYgrCk5laIe0girE1gJROCO/3yLPGOqmdV9/a4XLvI0yiCXbAHKsAFJ6AGrkEdeACDR/AMXsGb9WS9WO/Wx6S1YOUz2+APrM8fVx2Tag==</latexit><latexit sha1_base64="QmDL1LKnaCd3cHsKbnVOlScqN8s=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJCOpCKAriRqhgbKEJZTKdtEMnM2FmItRQ/BU3LlTc+iHu/BunbRbaeuDC4Zx7ufeeMGFUacf5tgpz8wuLS8Xl0srq2vqGvbl1r0QqMfGwYEI2Q6QIo5x4mmpGmokkKA4ZaYT9y5HfeCBSUcHv9CAhQYy6nEYUI22ktr3jJz0Kz+HNVUUfQl/EpIsO2nbZqTpjwFni5qQMctTb9pffETiNCdeYIaVarpPoIENSU8zIsOSniiQI91GXtAzlKCYqyMbXD+G+UTowEtIU13Cs/p7IUKzUIA5NZ4x0T017I/E/r5Xq6DTIKE9STTieLIpSBrWAoyhgh0qCNRsYgrCk5laIe0girE1gJROCO/3yLPGOqmdV9/a4XLvI0yiCXbAHKsAFJ6AGrkEdeACDR/AMXsGb9WS9WO/Wx6S1YOUz2+APrM8fVx2Tag==</latexit><latexit sha1_base64="QmDL1LKnaCd3cHsKbnVOlScqN8s=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSxCBSmJCOpCKAriRqhgbKEJZTKdtEMnM2FmItRQ/BU3LlTc+iHu/BunbRbaeuDC4Zx7ufeeMGFUacf5tgpz8wuLS8Xl0srq2vqGvbl1r0QqMfGwYEI2Q6QIo5x4mmpGmokkKA4ZaYT9y5HfeCBSUcHv9CAhQYy6nEYUI22ktr3jJz0Kz+HNVUUfQl/EpIsO2nbZqTpjwFni5qQMctTb9pffETiNCdeYIaVarpPoIENSU8zIsOSniiQI91GXtAzlKCYqyMbXD+G+UTowEtIU13Cs/p7IUKzUIA5NZ4x0T017I/E/r5Xq6DTIKE9STTieLIpSBrWAoyhgh0qCNRsYgrCk5laIe0girE1gJROCO/3yLPGOqmdV9/a4XLvI0yiCXbAHKsAFJ6AGrkEdeACDR/AMXsGb9WS9WO/Wx6S1YOUz2+APrM8fVx2Tag==</latexit>

{� : MF †(�) = ⌧⇤,!⇤}
<latexit sha1_base64="FnJsm412WMyyQ9timbNydixshWs=">AAACFnicbVDLSsNAFJ3Ud31VXboZLEIVKYkIPkAoCuJGqGBsoWnLzfQ2HZw8mJkIJfQv3PgrblyouBV3/o1JzcLXgQtnzrmXufe4keBKm+aHUZiYnJqemZ0rzi8sLi2XVlavVRhLhjYLRSibLigUPEBbcy2wGUkE3xXYcG9OM79xi1LxMLjSwwjbPngB73MGOpW6paqTONGAH12cdZweeB7KSvbeosc0cTTEne0dJ/TRg872yBkVu6WyWTXHoH+JlZMyyVHvlt6dXshiHwPNBCjVssxItxOQmjOBo6ITK4yA3YCHrZQG4KNqJ+O7RnQzVXq0H8q0Ak3H6veJBHylhr6bdvqgB+q3l4n/ea1Y9w/aCQ+iWGPAvj7qx4LqkGYh0R6XyLQYpgSY5OmulA1AAtNplFkI1u+T/xJ7t3pYtS73yrWTPI1Zsk42SIVYZJ/UyDmpE5swckceyBN5Nu6NR+PFeP1qLRj5zBr5AePtEymlnj0=</latexit><latexit sha1_base64="FnJsm412WMyyQ9timbNydixshWs=">AAACFnicbVDLSsNAFJ3Ud31VXboZLEIVKYkIPkAoCuJGqGBsoWnLzfQ2HZw8mJkIJfQv3PgrblyouBV3/o1JzcLXgQtnzrmXufe4keBKm+aHUZiYnJqemZ0rzi8sLi2XVlavVRhLhjYLRSibLigUPEBbcy2wGUkE3xXYcG9OM79xi1LxMLjSwwjbPngB73MGOpW6paqTONGAH12cdZweeB7KSvbeosc0cTTEne0dJ/TRg872yBkVu6WyWTXHoH+JlZMyyVHvlt6dXshiHwPNBCjVssxItxOQmjOBo6ITK4yA3YCHrZQG4KNqJ+O7RnQzVXq0H8q0Ak3H6veJBHylhr6bdvqgB+q3l4n/ea1Y9w/aCQ+iWGPAvj7qx4LqkGYh0R6XyLQYpgSY5OmulA1AAtNplFkI1u+T/xJ7t3pYtS73yrWTPI1Zsk42SIVYZJ/UyDmpE5swckceyBN5Nu6NR+PFeP1qLRj5zBr5AePtEymlnj0=</latexit><latexit sha1_base64="FnJsm412WMyyQ9timbNydixshWs=">AAACFnicbVDLSsNAFJ3Ud31VXboZLEIVKYkIPkAoCuJGqGBsoWnLzfQ2HZw8mJkIJfQv3PgrblyouBV3/o1JzcLXgQtnzrmXufe4keBKm+aHUZiYnJqemZ0rzi8sLi2XVlavVRhLhjYLRSibLigUPEBbcy2wGUkE3xXYcG9OM79xi1LxMLjSwwjbPngB73MGOpW6paqTONGAH12cdZweeB7KSvbeosc0cTTEne0dJ/TRg872yBkVu6WyWTXHoH+JlZMyyVHvlt6dXshiHwPNBCjVssxItxOQmjOBo6ITK4yA3YCHrZQG4KNqJ+O7RnQzVXq0H8q0Ak3H6veJBHylhr6bdvqgB+q3l4n/ea1Y9w/aCQ+iWGPAvj7qx4LqkGYh0R6XyLQYpgSY5OmulA1AAtNplFkI1u+T/xJ7t3pYtS73yrWTPI1Zsk42SIVYZJ/UyDmpE5swckceyBN5Nu6NR+PFeP1qLRj5zBr5AePtEymlnj0=</latexit><latexit sha1_base64="FnJsm412WMyyQ9timbNydixshWs=">AAACFnicbVDLSsNAFJ3Ud31VXboZLEIVKYkIPkAoCuJGqGBsoWnLzfQ2HZw8mJkIJfQv3PgrblyouBV3/o1JzcLXgQtnzrmXufe4keBKm+aHUZiYnJqemZ0rzi8sLi2XVlavVRhLhjYLRSibLigUPEBbcy2wGUkE3xXYcG9OM79xi1LxMLjSwwjbPngB73MGOpW6paqTONGAH12cdZweeB7KSvbeosc0cTTEne0dJ/TRg872yBkVu6WyWTXHoH+JlZMyyVHvlt6dXshiHwPNBCjVssxItxOQmjOBo6ITK4yA3YCHrZQG4KNqJ+O7RnQzVXq0H8q0Ak3H6veJBHylhr6bdvqgB+q3l4n/ea1Y9w/aCQ+iWGPAvj7qx4LqkGYh0R6XyLQYpgSY5OmulA1AAtNplFkI1u+T/xJ7t3pYtS73yrWTPI1Zsk42SIVYZJ/UyDmpE5swckceyBN5Nu6NR+PFeP1qLRj5zBr5AePtEymlnj0=</latexit>

MF (⌧,!)
<latexit sha1_base64="3K/vucUpsOxBw4eP3+DV1kkM7yE=">AAAB+HicbVDLSsNAFJ34rPUVdelmsAgVpCQiqLuiIG6ECsYWmlIm00k7dB5hZlIooX/ixoWKWz/FnX/jpM1CWw9cOJxzL/feEyWMauN5387S8srq2nppo7y5tb2z6+7tP2mZKkwCLJlUrQhpwqgggaGGkVaiCOIRI81oeJP7zRFRmkrxaMYJ6XDUFzSmGBkrdV33/rYaGpSehpKTPjopd92KV/OmgIvEL0gFFGh03a+wJ3HKiTCYIa3bvpeYToaUoZiRSTlMNUkQHqI+aVsqECe6k00vn8Bjq/RgLJUtYeBU/T2RIa71mEe2kyMz0PNeLv7ntVMTX3YyKpLUEIFni+KUQSNhHgPsUUWwYWNLEFbU3grxACmEjQ0rD8Gff3mRBGe1q5r/cF6pXxdplMAhOAJV4IMLUAd3oAECgMEIPINX8OZkzovz7nzMWpecYuYA/IHz+QMwdZJE</latexit><latexit sha1_base64="3K/vucUpsOxBw4eP3+DV1kkM7yE=">AAAB+HicbVDLSsNAFJ34rPUVdelmsAgVpCQiqLuiIG6ECsYWmlIm00k7dB5hZlIooX/ixoWKWz/FnX/jpM1CWw9cOJxzL/feEyWMauN5387S8srq2nppo7y5tb2z6+7tP2mZKkwCLJlUrQhpwqgggaGGkVaiCOIRI81oeJP7zRFRmkrxaMYJ6XDUFzSmGBkrdV33/rYaGpSehpKTPjopd92KV/OmgIvEL0gFFGh03a+wJ3HKiTCYIa3bvpeYToaUoZiRSTlMNUkQHqI+aVsqECe6k00vn8Bjq/RgLJUtYeBU/T2RIa71mEe2kyMz0PNeLv7ntVMTX3YyKpLUEIFni+KUQSNhHgPsUUWwYWNLEFbU3grxACmEjQ0rD8Gff3mRBGe1q5r/cF6pXxdplMAhOAJV4IMLUAd3oAECgMEIPINX8OZkzovz7nzMWpecYuYA/IHz+QMwdZJE</latexit><latexit sha1_base64="3K/vucUpsOxBw4eP3+DV1kkM7yE=">AAAB+HicbVDLSsNAFJ34rPUVdelmsAgVpCQiqLuiIG6ECsYWmlIm00k7dB5hZlIooX/ixoWKWz/FnX/jpM1CWw9cOJxzL/feEyWMauN5387S8srq2nppo7y5tb2z6+7tP2mZKkwCLJlUrQhpwqgggaGGkVaiCOIRI81oeJP7zRFRmkrxaMYJ6XDUFzSmGBkrdV33/rYaGpSehpKTPjopd92KV/OmgIvEL0gFFGh03a+wJ3HKiTCYIa3bvpeYToaUoZiRSTlMNUkQHqI+aVsqECe6k00vn8Bjq/RgLJUtYeBU/T2RIa71mEe2kyMz0PNeLv7ntVMTX3YyKpLUEIFni+KUQSNhHgPsUUWwYWNLEFbU3grxACmEjQ0rD8Gff3mRBGe1q5r/cF6pXxdplMAhOAJV4IMLUAd3oAECgMEIPINX8OZkzovz7nzMWpecYuYA/IHz+QMwdZJE</latexit><latexit sha1_base64="3K/vucUpsOxBw4eP3+DV1kkM7yE=">AAAB+HicbVDLSsNAFJ34rPUVdelmsAgVpCQiqLuiIG6ECsYWmlIm00k7dB5hZlIooX/ixoWKWz/FnX/jpM1CWw9cOJxzL/feEyWMauN5387S8srq2nppo7y5tb2z6+7tP2mZKkwCLJlUrQhpwqgggaGGkVaiCOIRI81oeJP7zRFRmkrxaMYJ6XDUFzSmGBkrdV33/rYaGpSehpKTPjopd92KV/OmgIvEL0gFFGh03a+wJ3HKiTCYIa3bvpeYToaUoZiRSTlMNUkQHqI+aVsqECe6k00vn8Bjq/RgLJUtYeBU/T2RIa71mEe2kyMz0PNeLv7ntVMTX3YyKpLUEIFni+KUQSNhHgPsUUWwYWNLEFbU3grxACmEjQ0rD8Gff3mRBGe1q5r/cF6pXxdplMAhOAJV4IMLUAd3oAECgMEIPINX8OZkzovz7nzMWpecYuYA/IHz+QMwdZJE</latexit>

� = MF (⌧⇤,!⇤)
<latexit sha1_base64="1YALKBeYDDUdMw460PA0n9qXQRI=">AAACA3icbVBNS8NAEN3Ur1q/oh57WSxCLVISEdSDUBTEi1DB2EKTls122y7dTcLuRiihBy/+FS8eVLz6J7z5b9y0OWjrg4HHezPMzPMjRqWyrG8jt7C4tLySXy2srW9sbpnbO/cyjAUmDg5ZKJo+koTRgDiKKkaakSCI+4w0/OFl6jceiJA0DO7UKCIeR/2A9ihGSksds+hGAwrP4c1V2VUoblcO3ZCTPmpXDgods2RVrQngPLEzUgIZ6h3zy+2GOOYkUJghKVu2FSkvQUJRzMi44MaSRAgPUZ+0NA0QJ9JLJk+M4b5WurAXCl2BghP190SCuJQj7utOjtRAznqp+J/XilXv1EtoEMWKBHi6qBczqEKYJgK7VBCs2EgThAXVt0I8QAJhpXNLQ7BnX54nzlH1rGrfHpdqF1kaeVAEe6AMbHACauAa1IEDMHgEz+AVvBlPxovxbnxMW3NGNrML/sD4/AHaHZXc</latexit><latexit sha1_base64="1YALKBeYDDUdMw460PA0n9qXQRI=">AAACA3icbVBNS8NAEN3Ur1q/oh57WSxCLVISEdSDUBTEi1DB2EKTls122y7dTcLuRiihBy/+FS8eVLz6J7z5b9y0OWjrg4HHezPMzPMjRqWyrG8jt7C4tLySXy2srW9sbpnbO/cyjAUmDg5ZKJo+koTRgDiKKkaakSCI+4w0/OFl6jceiJA0DO7UKCIeR/2A9ihGSksds+hGAwrP4c1V2VUoblcO3ZCTPmpXDgods2RVrQngPLEzUgIZ6h3zy+2GOOYkUJghKVu2FSkvQUJRzMi44MaSRAgPUZ+0NA0QJ9JLJk+M4b5WurAXCl2BghP190SCuJQj7utOjtRAznqp+J/XilXv1EtoEMWKBHi6qBczqEKYJgK7VBCs2EgThAXVt0I8QAJhpXNLQ7BnX54nzlH1rGrfHpdqF1kaeVAEe6AMbHACauAa1IEDMHgEz+AVvBlPxovxbnxMW3NGNrML/sD4/AHaHZXc</latexit><latexit sha1_base64="1YALKBeYDDUdMw460PA0n9qXQRI=">AAACA3icbVBNS8NAEN3Ur1q/oh57WSxCLVISEdSDUBTEi1DB2EKTls122y7dTcLuRiihBy/+FS8eVLz6J7z5b9y0OWjrg4HHezPMzPMjRqWyrG8jt7C4tLySXy2srW9sbpnbO/cyjAUmDg5ZKJo+koTRgDiKKkaakSCI+4w0/OFl6jceiJA0DO7UKCIeR/2A9ihGSksds+hGAwrP4c1V2VUoblcO3ZCTPmpXDgods2RVrQngPLEzUgIZ6h3zy+2GOOYkUJghKVu2FSkvQUJRzMi44MaSRAgPUZ+0NA0QJ9JLJk+M4b5WurAXCl2BghP190SCuJQj7utOjtRAznqp+J/XilXv1EtoEMWKBHi6qBczqEKYJgK7VBCs2EgThAXVt0I8QAJhpXNLQ7BnX54nzlH1rGrfHpdqF1kaeVAEe6AMbHACauAa1IEDMHgEz+AVvBlPxovxbnxMW3NGNrML/sD4/AHaHZXc</latexit><latexit sha1_base64="1YALKBeYDDUdMw460PA0n9qXQRI=">AAACA3icbVBNS8NAEN3Ur1q/oh57WSxCLVISEdSDUBTEi1DB2EKTls122y7dTcLuRiihBy/+FS8eVLz6J7z5b9y0OWjrg4HHezPMzPMjRqWyrG8jt7C4tLySXy2srW9sbpnbO/cyjAUmDg5ZKJo+koTRgDiKKkaakSCI+4w0/OFl6jceiJA0DO7UKCIeR/2A9ihGSksds+hGAwrP4c1V2VUoblcO3ZCTPmpXDgods2RVrQngPLEzUgIZ6h3zy+2GOOYkUJghKVu2FSkvQUJRzMi44MaSRAgPUZ+0NA0QJ9JLJk+M4b5WurAXCl2BghP190SCuJQj7utOjtRAznqp+J/XilXv1EtoEMWKBHi6qBczqEKYJgK7VBCs2EgThAXVt0I8QAJhpXNLQ7BnX54nzlH1rGrfHpdqF1kaeVAEe6AMbHACauAa1IEDMHgEz+AVvBlPxovxbnxMW3NGNrML/sD4/AHaHZXc</latexit>

rL⇤<latexit sha1_base64="sUfkT8bzae7kRy/3PZjj6Omhufk=">AAAB/XicbVBNS8NAFNz4WetXVDx5CRZBPJREBPVW9OLBQwVjC00IL9tNu3SzCbsboYSAf8WLBxWv/g9v/hs3bQ7aOrAwzLzHm50wZVQq2/42FhaXlldWa2v19Y3NrW1zZ/dBJpnAxMUJS0Q3BEkY5cRVVDHSTQWBOGSkE46uS7/zSISkCb9X45T4MQw4jSgGpaXA3Pc4hAy8GNQQA8tviyA/KQKzYTftCax54lSkgSq0A/PL6yc4iwlXmIGUPcdOlZ+DUBQzUtS9TJIU8AgGpKcph5hIP5/EL6wjrfStKBH6cWVN1N8bOcRSjuNQT5Yx5axXiv95vUxFF35OeZopwvH0UJQxSyVW2YXVp4JgxcaaABZUZ7XwEARgpRur6xKc2S/PE/e0edl07s4arauqjRo6QIfoGDnoHLXQDWojF2GUo2f0it6MJ+PFeDc+pqMLRrWzh/7A+PwB52uVpg==</latexit><latexit sha1_base64="sUfkT8bzae7kRy/3PZjj6Omhufk=">AAAB/XicbVBNS8NAFNz4WetXVDx5CRZBPJREBPVW9OLBQwVjC00IL9tNu3SzCbsboYSAf8WLBxWv/g9v/hs3bQ7aOrAwzLzHm50wZVQq2/42FhaXlldWa2v19Y3NrW1zZ/dBJpnAxMUJS0Q3BEkY5cRVVDHSTQWBOGSkE46uS7/zSISkCb9X45T4MQw4jSgGpaXA3Pc4hAy8GNQQA8tviyA/KQKzYTftCax54lSkgSq0A/PL6yc4iwlXmIGUPcdOlZ+DUBQzUtS9TJIU8AgGpKcph5hIP5/EL6wjrfStKBH6cWVN1N8bOcRSjuNQT5Yx5axXiv95vUxFF35OeZopwvH0UJQxSyVW2YXVp4JgxcaaABZUZ7XwEARgpRur6xKc2S/PE/e0edl07s4arauqjRo6QIfoGDnoHLXQDWojF2GUo2f0it6MJ+PFeDc+pqMLRrWzh/7A+PwB52uVpg==</latexit><latexit sha1_base64="sUfkT8bzae7kRy/3PZjj6Omhufk=">AAAB/XicbVBNS8NAFNz4WetXVDx5CRZBPJREBPVW9OLBQwVjC00IL9tNu3SzCbsboYSAf8WLBxWv/g9v/hs3bQ7aOrAwzLzHm50wZVQq2/42FhaXlldWa2v19Y3NrW1zZ/dBJpnAxMUJS0Q3BEkY5cRVVDHSTQWBOGSkE46uS7/zSISkCb9X45T4MQw4jSgGpaXA3Pc4hAy8GNQQA8tviyA/KQKzYTftCax54lSkgSq0A/PL6yc4iwlXmIGUPcdOlZ+DUBQzUtS9TJIU8AgGpKcph5hIP5/EL6wjrfStKBH6cWVN1N8bOcRSjuNQT5Yx5axXiv95vUxFF35OeZopwvH0UJQxSyVW2YXVp4JgxcaaABZUZ7XwEARgpRur6xKc2S/PE/e0edl07s4arauqjRo6QIfoGDnoHLXQDWojF2GUo2f0it6MJ+PFeDc+pqMLRrWzh/7A+PwB52uVpg==</latexit><latexit sha1_base64="X/BbPPQRM1pmBhxdK1enSbL+gJw=">AAAB2HicbZDNSgMxFIXv1L86Vq1rN8EiuCozbtSd4MZlBccW2qFkMnfa0ExmSO4IpfQFXLhRfDB3vo3pz0KtBwIf5yTk3pOUSloKgi+vtrW9s7tX3/cPGv7h0XGz8WSLygiMRKEK00u4RSU1RiRJYa80yPNEYTeZ3C3y7jMaKwv9SNMS45yPtMyk4OSszrDZCtrBUmwTwjW0YK1h83OQFqLKUZNQ3Np+GJQUz7ghKRTO/UFlseRiwkfYd6h5jjaeLcecs3PnpCwrjDua2NL9+WLGc2uneeJu5pzG9m+2MP/L+hVl1/FM6rIi1GL1UVYpRgVb7MxSaVCQmjrgwkg3KxNjbrgg14zvOgj/brwJ0WX7ph0+BFCHUziDCwjhCm7hHjoQgYAUXuDNG3uv3vuqqpq37uwEfsn7+AaqKYoN</latexit><latexit sha1_base64="j5ScpSEvBTJkyMOclLuKg8XfJ/8=">AAAB8nicbVBNS8NAFHzxs9aqVfDkJVgE8VASL+pN8OLBQwVjC00IL9tNu3SzCbsboYSAf8WLBxV/jDf/jZu2B20dWBhm3uPNTpRxprTjfFsrq2vrG5u1rfp2Y2d3r7nfeFRpLgn1SMpT2YtQUc4E9TTTnPYySTGJOO1G45vK7z5RqVgqHvQko0GCQ8FiRlAbKWwe+gIjjn6CekSQF3dlWJyVYbPltJ0p7GXizkkL5uiEzS9/kJI8oUITjkr1XSfTQYFSM8JpWfdzRTMkYxzSvqECE6qCYhq/tE+MMrDjVJontD1Vf28UmCg1SSIzWcVUi14l/uf1cx1fBgUTWa6pILNDcc5tndpVF/aASUo0nxiCRDKT1SYjlEi0aaxuSnAXv7xMvPP2Vdu9d6AGR3AMp+DCBVzDLXTAAwIFvMAbvFvP1qv1MWtrxZrXdgB/YH3+AHdzlD4=</latexit><latexit sha1_base64="j5ScpSEvBTJkyMOclLuKg8XfJ/8=">AAAB8nicbVBNS8NAFHzxs9aqVfDkJVgE8VASL+pN8OLBQwVjC00IL9tNu3SzCbsboYSAf8WLBxV/jDf/jZu2B20dWBhm3uPNTpRxprTjfFsrq2vrG5u1rfp2Y2d3r7nfeFRpLgn1SMpT2YtQUc4E9TTTnPYySTGJOO1G45vK7z5RqVgqHvQko0GCQ8FiRlAbKWwe+gIjjn6CekSQF3dlWJyVYbPltJ0p7GXizkkL5uiEzS9/kJI8oUITjkr1XSfTQYFSM8JpWfdzRTMkYxzSvqECE6qCYhq/tE+MMrDjVJontD1Vf28UmCg1SSIzWcVUi14l/uf1cx1fBgUTWa6pILNDcc5tndpVF/aASUo0nxiCRDKT1SYjlEi0aaxuSnAXv7xMvPP2Vdu9d6AGR3AMp+DCBVzDLXTAAwIFvMAbvFvP1qv1MWtrxZrXdgB/YH3+AHdzlD4=</latexit><latexit sha1_base64="pZmoEPmBr9KfplwZTg7pnf8bKCE=">AAAB/XicbVBNS8NAFNzUr1q/ouLJS7AI4qEkXtRb0YsHDxWMLTQhvGw37dLNJuxuhBIC/hUvHlS8+j+8+W/ctDlo68DCMPMeb3bClFGpbPvbqC0tr6yu1dcbG5tb2zvm7t6DTDKBiYsTloheCJIwyomrqGKklwoCcchINxxfl373kQhJE36vJinxYxhyGlEMSkuBeeBxCBl4MagRBpbfFkF+WgRm027ZU1iLxKlIE1XoBOaXN0hwFhOuMAMp+46dKj8HoShmpGh4mSQp4DEMSV9TDjGRfj6NX1jHWhlYUSL048qaqr83coilnMShnixjynmvFP/z+pmKLvyc8jRThOPZoShjlkqssgtrQAXBik00ASyozmrhEQjASjfW0CU4819eJO5Z67Ll3NnN9lXVRh0doiN0ghx0jtroBnWQizDK0TN6RW/Gk/FivBsfs9GaUe3soz8wPn8A5iuVog==</latexit><latexit sha1_base64="sUfkT8bzae7kRy/3PZjj6Omhufk=">AAAB/XicbVBNS8NAFNz4WetXVDx5CRZBPJREBPVW9OLBQwVjC00IL9tNu3SzCbsboYSAf8WLBxWv/g9v/hs3bQ7aOrAwzLzHm50wZVQq2/42FhaXlldWa2v19Y3NrW1zZ/dBJpnAxMUJS0Q3BEkY5cRVVDHSTQWBOGSkE46uS7/zSISkCb9X45T4MQw4jSgGpaXA3Pc4hAy8GNQQA8tviyA/KQKzYTftCax54lSkgSq0A/PL6yc4iwlXmIGUPcdOlZ+DUBQzUtS9TJIU8AgGpKcph5hIP5/EL6wjrfStKBH6cWVN1N8bOcRSjuNQT5Yx5axXiv95vUxFF35OeZopwvH0UJQxSyVW2YXVp4JgxcaaABZUZ7XwEARgpRur6xKc2S/PE/e0edl07s4arauqjRo6QIfoGDnoHLXQDWojF2GUo2f0it6MJ+PFeDc+pqMLRrWzh/7A+PwB52uVpg==</latexit><latexit sha1_base64="sUfkT8bzae7kRy/3PZjj6Omhufk=">AAAB/XicbVBNS8NAFNz4WetXVDx5CRZBPJREBPVW9OLBQwVjC00IL9tNu3SzCbsboYSAf8WLBxWv/g9v/hs3bQ7aOrAwzLzHm50wZVQq2/42FhaXlldWa2v19Y3NrW1zZ/dBJpnAxMUJS0Q3BEkY5cRVVDHSTQWBOGSkE46uS7/zSISkCb9X45T4MQw4jSgGpaXA3Pc4hAy8GNQQA8tviyA/KQKzYTftCax54lSkgSq0A/PL6yc4iwlXmIGUPcdOlZ+DUBQzUtS9TJIU8AgGpKcph5hIP5/EL6wjrfStKBH6cWVN1N8bOcRSjuNQT5Yx5axXiv95vUxFF35OeZopwvH0UJQxSyVW2YXVp4JgxcaaABZUZ7XwEARgpRur6xKc2S/PE/e0edl07s4arauqjRo6QIfoGDnoHLXQDWojF2GUo2f0it6MJ+PFeDc+pqMLRrWzh/7A+PwB52uVpg==</latexit><latexit sha1_base64="sUfkT8bzae7kRy/3PZjj6Omhufk=">AAAB/XicbVBNS8NAFNz4WetXVDx5CRZBPJREBPVW9OLBQwVjC00IL9tNu3SzCbsboYSAf8WLBxWv/g9v/hs3bQ7aOrAwzLzHm50wZVQq2/42FhaXlldWa2v19Y3NrW1zZ/dBJpnAxMUJS0Q3BEkY5cRVVDHSTQWBOGSkE46uS7/zSISkCb9X45T4MQw4jSgGpaXA3Pc4hAy8GNQQA8tviyA/KQKzYTftCax54lSkgSq0A/PL6yc4iwlXmIGUPcdOlZ+DUBQzUtS9TJIU8AgGpKcph5hIP5/EL6wjrfStKBH6cWVN1N8bOcRSjuNQT5Yx5axXiv95vUxFF35OeZopwvH0UJQxSyVW2YXVp4JgxcaaABZUZ7XwEARgpRur6xKc2S/PE/e0edl07s4arauqjRo6QIfoGDnoHLXQDWojF2GUo2f0it6MJ+PFeDc+pqMLRrWzh/7A+PwB52uVpg==</latexit><latexit sha1_base64="sUfkT8bzae7kRy/3PZjj6Omhufk=">AAAB/XicbVBNS8NAFNz4WetXVDx5CRZBPJREBPVW9OLBQwVjC00IL9tNu3SzCbsboYSAf8WLBxWv/g9v/hs3bQ7aOrAwzLzHm50wZVQq2/42FhaXlldWa2v19Y3NrW1zZ/dBJpnAxMUJS0Q3BEkY5cRVVDHSTQWBOGSkE46uS7/zSISkCb9X45T4MQw4jSgGpaXA3Pc4hAy8GNQQA8tviyA/KQKzYTftCax54lSkgSq0A/PL6yc4iwlXmIGUPcdOlZ+DUBQzUtS9TJIU8AgGpKcph5hIP5/EL6wjrfStKBH6cWVN1N8bOcRSjuNQT5Yx5axXiv95vUxFF35OeZopwvH0UJQxSyVW2YXVp4JgxcaaABZUZ7XwEARgpRur6xKc2S/PE/e0edl07s4arauqjRo6QIfoGDnoHLXQDWojF2GUo2f0it6MJ+PFeDc+pqMLRrWzh/7A+PwB52uVpg==</latexit><latexit sha1_base64="sUfkT8bzae7kRy/3PZjj6Omhufk=">AAAB/XicbVBNS8NAFNz4WetXVDx5CRZBPJREBPVW9OLBQwVjC00IL9tNu3SzCbsboYSAf8WLBxWv/g9v/hs3bQ7aOrAwzLzHm50wZVQq2/42FhaXlldWa2v19Y3NrW1zZ/dBJpnAxMUJS0Q3BEkY5cRVVDHSTQWBOGSkE46uS7/zSISkCb9X45T4MQw4jSgGpaXA3Pc4hAy8GNQQA8tviyA/KQKzYTftCax54lSkgSq0A/PL6yc4iwlXmIGUPcdOlZ+DUBQzUtS9TJIU8AgGpKcph5hIP5/EL6wjrfStKBH6cWVN1N8bOcRSjuNQT5Yx5axXiv95vUxFF35OeZopwvH0UJQxSyVW2YXVp4JgxcaaABZUZ7XwEARgpRur6xKc2S/PE/e0edl07s4arauqjRo6QIfoGDnoHLXQDWojF2GUo2f0it6MJ+PFeDc+pqMLRrWzh/7A+PwB52uVpg==</latexit><latexit sha1_base64="sUfkT8bzae7kRy/3PZjj6Omhufk=">AAAB/XicbVBNS8NAFNz4WetXVDx5CRZBPJREBPVW9OLBQwVjC00IL9tNu3SzCbsboYSAf8WLBxWv/g9v/hs3bQ7aOrAwzLzHm50wZVQq2/42FhaXlldWa2v19Y3NrW1zZ/dBJpnAxMUJS0Q3BEkY5cRVVDHSTQWBOGSkE46uS7/zSISkCb9X45T4MQw4jSgGpaXA3Pc4hAy8GNQQA8tviyA/KQKzYTftCax54lSkgSq0A/PL6yc4iwlXmIGUPcdOlZ+DUBQzUtS9TJIU8AgGpKcph5hIP5/EL6wjrfStKBH6cWVN1N8bOcRSjuNQT5Yx5axXiv95vUxFF35OeZopwvH0UJQxSyVW2YXVp4JgxcaaABZUZ7XwEARgpRur6xKc2S/PE/e0edl07s4arauqjRo6QIfoGDnoHLXQDWojF2GUo2f0it6MJ+PFeDc+pqMLRrWzh/7A+PwB52uVpg==</latexit>

rLOP
<latexit sha1_base64="qvZii/XCHEE3DaM7z3aCrB7FfxA=">AAAB/nicbVBNS8NAFNzUr1q/ooIXL8EieCqJCOqt6MWDYAVjC00IL9tNu3SzCbsbocQc/CtePKh49Xd489+4bXPQ1oGFYeY93uyEKaNS2fa3UVlYXFpeqa7W1tY3NrfM7Z17mWQCExcnLBGdECRhlBNXUcVIJxUE4pCRdji8HPvtByIkTfidGqXEj6HPaUQxKC0F5p7HIWTgxaAGGFh+XQT5TasIzLrdsCew5olTkjoq0QrML6+X4CwmXGEGUnYdO1V+DkJRzEhR8zJJUsBD6JOuphxiIv18kr+wDrXSs6JE6MeVNVF/b+QQSzmKQz05zilnvbH4n9fNVHTm55SnmSIcTw9FGbNUYo3LsHpUEKzYSBPAguqsFh6AAKx0ZTVdgjP75XniHjfOG87tSb15UbZRRfvoAB0hB52iJrpCLeQijB7RM3pFb8aT8WK8Gx/T0YpR7uyiPzA+fwDF9ZYl</latexit><latexit sha1_base64="qvZii/XCHEE3DaM7z3aCrB7FfxA=">AAAB/nicbVBNS8NAFNzUr1q/ooIXL8EieCqJCOqt6MWDYAVjC00IL9tNu3SzCbsbocQc/CtePKh49Xd489+4bXPQ1oGFYeY93uyEKaNS2fa3UVlYXFpeqa7W1tY3NrfM7Z17mWQCExcnLBGdECRhlBNXUcVIJxUE4pCRdji8HPvtByIkTfidGqXEj6HPaUQxKC0F5p7HIWTgxaAGGFh+XQT5TasIzLrdsCew5olTkjoq0QrML6+X4CwmXGEGUnYdO1V+DkJRzEhR8zJJUsBD6JOuphxiIv18kr+wDrXSs6JE6MeVNVF/b+QQSzmKQz05zilnvbH4n9fNVHTm55SnmSIcTw9FGbNUYo3LsHpUEKzYSBPAguqsFh6AAKx0ZTVdgjP75XniHjfOG87tSb15UbZRRfvoAB0hB52iJrpCLeQijB7RM3pFb8aT8WK8Gx/T0YpR7uyiPzA+fwDF9ZYl</latexit><latexit sha1_base64="qvZii/XCHEE3DaM7z3aCrB7FfxA=">AAAB/nicbVBNS8NAFNzUr1q/ooIXL8EieCqJCOqt6MWDYAVjC00IL9tNu3SzCbsbocQc/CtePKh49Xd489+4bXPQ1oGFYeY93uyEKaNS2fa3UVlYXFpeqa7W1tY3NrfM7Z17mWQCExcnLBGdECRhlBNXUcVIJxUE4pCRdji8HPvtByIkTfidGqXEj6HPaUQxKC0F5p7HIWTgxaAGGFh+XQT5TasIzLrdsCew5olTkjoq0QrML6+X4CwmXGEGUnYdO1V+DkJRzEhR8zJJUsBD6JOuphxiIv18kr+wDrXSs6JE6MeVNVF/b+QQSzmKQz05zilnvbH4n9fNVHTm55SnmSIcTw9FGbNUYo3LsHpUEKzYSBPAguqsFh6AAKx0ZTVdgjP75XniHjfOG87tSb15UbZRRfvoAB0hB52iJrpCLeQijB7RM3pFb8aT8WK8Gx/T0YpR7uyiPzA+fwDF9ZYl</latexit><latexit sha1_base64="qvZii/XCHEE3DaM7z3aCrB7FfxA=">AAAB/nicbVBNS8NAFNzUr1q/ooIXL8EieCqJCOqt6MWDYAVjC00IL9tNu3SzCbsbocQc/CtePKh49Xd489+4bXPQ1oGFYeY93uyEKaNS2fa3UVlYXFpeqa7W1tY3NrfM7Z17mWQCExcnLBGdECRhlBNXUcVIJxUE4pCRdji8HPvtByIkTfidGqXEj6HPaUQxKC0F5p7HIWTgxaAGGFh+XQT5TasIzLrdsCew5olTkjoq0QrML6+X4CwmXGEGUnYdO1V+DkJRzEhR8zJJUsBD6JOuphxiIv18kr+wDrXSs6JE6MeVNVF/b+QQSzmKQz05zilnvbH4n9fNVHTm55SnmSIcTw9FGbNUYo3LsHpUEKzYSBPAguqsFh6AAKx0ZTVdgjP75XniHjfOG87tSb15UbZRRfvoAB0hB52iJrpCLeQijB7RM3pFb8aT8WK8Gx/T0YpR7uyiPzA+fwDF9ZYl</latexit>

rLMF
<latexit sha1_base64="6/kJYARU7PMVfNAyOhb3BNztLWc=">AAAB/nicbVBNS8NAFNz4WetXVPDiJVgETyURQb0VBfGgUMHYQhPCy3bbLt1swu5GKDEH/4oXDype/R3e/Ddu2hy0dWBhmHmPNzthwqhUtv1tzM0vLC4tV1aqq2vrG5vm1va9jFOBiYtjFot2CJIwyomrqGKknQgCUchIKxxeFH7rgQhJY36nRgnxI+hz2qMYlJYCc9fjEDLwIlADDCy7zoPs5jIPzJpdt8ewZolTkhoq0QzML68b4zQiXGEGUnYcO1F+BkJRzEhe9VJJEsBD6JOOphwiIv1snD+3DrTStXqx0I8ra6z+3sggknIUhXqyyCmnvUL8z+ukqnfqZ5QnqSIcTw71Umap2CrKsLpUEKzYSBPAguqsFh6AAKx0ZVVdgjP95VniHtXP6s7tca1xXrZRQXtoHx0iB52gBrpCTeQijB7RM3pFb8aT8WK8Gx+T0Tmj3NlBf2B8/gCzw5YZ</latexit><latexit sha1_base64="6/kJYARU7PMVfNAyOhb3BNztLWc=">AAAB/nicbVBNS8NAFNz4WetXVPDiJVgETyURQb0VBfGgUMHYQhPCy3bbLt1swu5GKDEH/4oXDype/R3e/Ddu2hy0dWBhmHmPNzthwqhUtv1tzM0vLC4tV1aqq2vrG5vm1va9jFOBiYtjFot2CJIwyomrqGKknQgCUchIKxxeFH7rgQhJY36nRgnxI+hz2qMYlJYCc9fjEDLwIlADDCy7zoPs5jIPzJpdt8ewZolTkhoq0QzML68b4zQiXGEGUnYcO1F+BkJRzEhe9VJJEsBD6JOOphwiIv1snD+3DrTStXqx0I8ra6z+3sggknIUhXqyyCmnvUL8z+ukqnfqZ5QnqSIcTw71Umap2CrKsLpUEKzYSBPAguqsFh6AAKx0ZVVdgjP95VniHtXP6s7tca1xXrZRQXtoHx0iB52gBrpCTeQijB7RM3pFb8aT8WK8Gx+T0Tmj3NlBf2B8/gCzw5YZ</latexit><latexit sha1_base64="6/kJYARU7PMVfNAyOhb3BNztLWc=">AAAB/nicbVBNS8NAFNz4WetXVPDiJVgETyURQb0VBfGgUMHYQhPCy3bbLt1swu5GKDEH/4oXDype/R3e/Ddu2hy0dWBhmHmPNzthwqhUtv1tzM0vLC4tV1aqq2vrG5vm1va9jFOBiYtjFot2CJIwyomrqGKknQgCUchIKxxeFH7rgQhJY36nRgnxI+hz2qMYlJYCc9fjEDLwIlADDCy7zoPs5jIPzJpdt8ewZolTkhoq0QzML68b4zQiXGEGUnYcO1F+BkJRzEhe9VJJEsBD6JOOphwiIv1snD+3DrTStXqx0I8ra6z+3sggknIUhXqyyCmnvUL8z+ukqnfqZ5QnqSIcTw71Umap2CrKsLpUEKzYSBPAguqsFh6AAKx0ZVVdgjP95VniHtXP6s7tca1xXrZRQXtoHx0iB52gBrpCTeQijB7RM3pFb8aT8WK8Gx+T0Tmj3NlBf2B8/gCzw5YZ</latexit><latexit sha1_base64="6/kJYARU7PMVfNAyOhb3BNztLWc=">AAAB/nicbVBNS8NAFNz4WetXVPDiJVgETyURQb0VBfGgUMHYQhPCy3bbLt1swu5GKDEH/4oXDype/R3e/Ddu2hy0dWBhmHmPNzthwqhUtv1tzM0vLC4tV1aqq2vrG5vm1va9jFOBiYtjFot2CJIwyomrqGKknQgCUchIKxxeFH7rgQhJY36nRgnxI+hz2qMYlJYCc9fjEDLwIlADDCy7zoPs5jIPzJpdt8ewZolTkhoq0QzML68b4zQiXGEGUnYcO1F+BkJRzEhe9VJJEsBD6JOOphwiIv1snD+3DrTStXqx0I8ra6z+3sggknIUhXqyyCmnvUL8z+ukqnfqZ5QnqSIcTw71Umap2CrKsLpUEKzYSBPAguqsFh6AAKx0ZVVdgjP95VniHtXP6s7tca1xXrZRQXtoHx0iB52gBrpCTeQijB7RM3pFb8aT8WK8Gx+T0Tmj3NlBf2B8/gCzw5YZ</latexit>

{� : LOF (�)  ✏}
<latexit sha1_base64="uUhOIpv32UJ4xMkZMvy/PQjCn/4=">AAACF3icbVBNS8NAEN34WetX1KOXxSLUS01E8ONUFMSDYAVrC00Im+20XbrZxN2NUEJ+hhf/ihcPKl715r8xaXvQ1gcDj/dmmJnnR5wpbVnfxszs3PzCYmGpuLyyurZubmzeqTCWFOo05KFs+kQBZwLqmmkOzUgCCXwODb9/nvuNB5CKheJWDyJwA9IVrMMo0ZnkmftO4kQ9doqdgOgeJTy5Sr3k+iIt5/IedjjcYwcixXgonLTomSWrYg2Bp4k9JiU0Rs0zv5x2SOMAhKacKNWyrUi7CZGaUQ5p0YkVRIT2SRdaGRUkAOUmw8dSvJspbdwJZVZC46H6eyIhgVKDwM868/PVpJeL/3mtWHeO3YSJKNYg6GhRJ+ZYhzhPCbeZBKr5ICOESpbdimmPSEJ1lmUegj358jSpH1ROKvbNYal6Nk6jgLbRDiojGx2hKrpENVRHFD2iZ/SK3own48V4Nz5GrTPGeGYL/YHx+QNf9J+O</latexit><latexit sha1_base64="uUhOIpv32UJ4xMkZMvy/PQjCn/4=">AAACF3icbVBNS8NAEN34WetX1KOXxSLUS01E8ONUFMSDYAVrC00Im+20XbrZxN2NUEJ+hhf/ihcPKl715r8xaXvQ1gcDj/dmmJnnR5wpbVnfxszs3PzCYmGpuLyyurZubmzeqTCWFOo05KFs+kQBZwLqmmkOzUgCCXwODb9/nvuNB5CKheJWDyJwA9IVrMMo0ZnkmftO4kQ9doqdgOgeJTy5Sr3k+iIt5/IedjjcYwcixXgonLTomSWrYg2Bp4k9JiU0Rs0zv5x2SOMAhKacKNWyrUi7CZGaUQ5p0YkVRIT2SRdaGRUkAOUmw8dSvJspbdwJZVZC46H6eyIhgVKDwM868/PVpJeL/3mtWHeO3YSJKNYg6GhRJ+ZYhzhPCbeZBKr5ICOESpbdimmPSEJ1lmUegj358jSpH1ROKvbNYal6Nk6jgLbRDiojGx2hKrpENVRHFD2iZ/SK3own48V4Nz5GrTPGeGYL/YHx+QNf9J+O</latexit><latexit sha1_base64="uUhOIpv32UJ4xMkZMvy/PQjCn/4=">AAACF3icbVBNS8NAEN34WetX1KOXxSLUS01E8ONUFMSDYAVrC00Im+20XbrZxN2NUEJ+hhf/ihcPKl715r8xaXvQ1gcDj/dmmJnnR5wpbVnfxszs3PzCYmGpuLyyurZubmzeqTCWFOo05KFs+kQBZwLqmmkOzUgCCXwODb9/nvuNB5CKheJWDyJwA9IVrMMo0ZnkmftO4kQ9doqdgOgeJTy5Sr3k+iIt5/IedjjcYwcixXgonLTomSWrYg2Bp4k9JiU0Rs0zv5x2SOMAhKacKNWyrUi7CZGaUQ5p0YkVRIT2SRdaGRUkAOUmw8dSvJspbdwJZVZC46H6eyIhgVKDwM868/PVpJeL/3mtWHeO3YSJKNYg6GhRJ+ZYhzhPCbeZBKr5ICOESpbdimmPSEJ1lmUegj358jSpH1ROKvbNYal6Nk6jgLbRDiojGx2hKrpENVRHFD2iZ/SK3own48V4Nz5GrTPGeGYL/YHx+QNf9J+O</latexit><latexit sha1_base64="uUhOIpv32UJ4xMkZMvy/PQjCn/4=">AAACF3icbVBNS8NAEN34WetX1KOXxSLUS01E8ONUFMSDYAVrC00Im+20XbrZxN2NUEJ+hhf/ihcPKl715r8xaXvQ1gcDj/dmmJnnR5wpbVnfxszs3PzCYmGpuLyyurZubmzeqTCWFOo05KFs+kQBZwLqmmkOzUgCCXwODb9/nvuNB5CKheJWDyJwA9IVrMMo0ZnkmftO4kQ9doqdgOgeJTy5Sr3k+iIt5/IedjjcYwcixXgonLTomSWrYg2Bp4k9JiU0Rs0zv5x2SOMAhKacKNWyrUi7CZGaUQ5p0YkVRIT2SRdaGRUkAOUmw8dSvJspbdwJZVZC46H6eyIhgVKDwM868/PVpJeL/3mtWHeO3YSJKNYg6GhRJ+ZYhzhPCbeZBKr5ICOESpbdimmPSEJ1lmUegj358jSpH1ROKvbNYal6Nk6jgLbRDiojGx2hKrpENVRHFD2iZ/SK3own48V4Nz5GrTPGeGYL/YHx+QNf9J+O</latexit>
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Direct
<latexit sha1_base64="UTaQHsHYNOyL/DhwNL1rNwaVCyU=">AAAB83icbVBNS8NAEN34WetX1aOXxSJ4KokI6q2oB48VjC20oWy2k3bp5sPdSbGE/g4vHlS8+me8+W/cpjlo64OBx3szzMzzEyk02va3tbS8srq2Xtoob25t7+xW9vYfdJwqDi6PZaxaPtMgRQQuCpTQShSw0JfQ9IfXU785AqVFHN3jOAEvZP1IBIIzNJLXQXjC7EYo4DjpVqp2zc5BF4lTkCop0OhWvjq9mKchRMgl07rt2Al6GVMouIRJuZNqSBgfsj60DY1YCNrL8qMn9NgoPRrEylSENFd/T2Qs1Hoc+qYzZDjQ895U/M9rpxhceJmIkhQh4rNFQSopxnSaAO3l38qxIYwrYW6lfMAU42hyKpsQnPmXF4l7WrusOXdn1fpVkUaJHJIjckIcck7q5JY0iEs4eSTP5JW8WSPrxXq3PmatS1Yxc0D+wPr8AbmLkkQ=</latexit><latexit sha1_base64="UTaQHsHYNOyL/DhwNL1rNwaVCyU=">AAAB83icbVBNS8NAEN34WetX1aOXxSJ4KokI6q2oB48VjC20oWy2k3bp5sPdSbGE/g4vHlS8+me8+W/cpjlo64OBx3szzMzzEyk02va3tbS8srq2Xtoob25t7+xW9vYfdJwqDi6PZaxaPtMgRQQuCpTQShSw0JfQ9IfXU785AqVFHN3jOAEvZP1IBIIzNJLXQXjC7EYo4DjpVqp2zc5BF4lTkCop0OhWvjq9mKchRMgl07rt2Al6GVMouIRJuZNqSBgfsj60DY1YCNrL8qMn9NgoPRrEylSENFd/T2Qs1Hoc+qYzZDjQ895U/M9rpxhceJmIkhQh4rNFQSopxnSaAO3l38qxIYwrYW6lfMAU42hyKpsQnPmXF4l7WrusOXdn1fpVkUaJHJIjckIcck7q5JY0iEs4eSTP5JW8WSPrxXq3PmatS1Yxc0D+wPr8AbmLkkQ=</latexit><latexit sha1_base64="UTaQHsHYNOyL/DhwNL1rNwaVCyU=">AAAB83icbVBNS8NAEN34WetX1aOXxSJ4KokI6q2oB48VjC20oWy2k3bp5sPdSbGE/g4vHlS8+me8+W/cpjlo64OBx3szzMzzEyk02va3tbS8srq2Xtoob25t7+xW9vYfdJwqDi6PZaxaPtMgRQQuCpTQShSw0JfQ9IfXU785AqVFHN3jOAEvZP1IBIIzNJLXQXjC7EYo4DjpVqp2zc5BF4lTkCop0OhWvjq9mKchRMgl07rt2Al6GVMouIRJuZNqSBgfsj60DY1YCNrL8qMn9NgoPRrEylSENFd/T2Qs1Hoc+qYzZDjQ895U/M9rpxhceJmIkhQh4rNFQSopxnSaAO3l38qxIYwrYW6lfMAU42hyKpsQnPmXF4l7WrusOXdn1fpVkUaJHJIjckIcck7q5JY0iEs4eSTP5JW8WSPrxXq3PmatS1Yxc0D+wPr8AbmLkkQ=</latexit><latexit sha1_base64="UTaQHsHYNOyL/DhwNL1rNwaVCyU=">AAAB83icbVBNS8NAEN34WetX1aOXxSJ4KokI6q2oB48VjC20oWy2k3bp5sPdSbGE/g4vHlS8+me8+W/cpjlo64OBx3szzMzzEyk02va3tbS8srq2Xtoob25t7+xW9vYfdJwqDi6PZaxaPtMgRQQuCpTQShSw0JfQ9IfXU785AqVFHN3jOAEvZP1IBIIzNJLXQXjC7EYo4DjpVqp2zc5BF4lTkCop0OhWvjq9mKchRMgl07rt2Al6GVMouIRJuZNqSBgfsj60DY1YCNrL8qMn9NgoPRrEylSENFd/T2Qs1Hoc+qYzZDjQ895U/M9rpxhceJmIkhQh4rNFQSopxnSaAO3l38qxIYwrYW6lfMAU42hyKpsQnPmXF4l7WrusOXdn1fpVkUaJHJIjckIcck7q5JY0iEs4eSTP5JW8WSPrxXq3PmatS1Yxc0D+wPr8AbmLkkQ=</latexit>

LOF
<latexit sha1_base64="h009SLq5kxJASUM2ReSBm9YCu38=">AAAB+HicbVBNS8NAFHypX7V+RT16WSyCp5KIoN6KgngQrGBsoQ1hs922SzebsLsplJB/4sWDild/ijf/jZs2B60OLAwz7/FmJ0w4U9pxvqzK0vLK6lp1vbaxubW9Y+/uPao4lYR6JOax7IRYUc4E9TTTnHYSSXEUctoOx1eF355QqVgsHvQ0oX6Eh4INGMHaSIFt9yKsRwTz7DYPsrvrPLDrTsOZAf0lbknqUKIV2J+9fkzSiApNOFaq6zqJ9jMsNSOc5rVeqmiCyRgPaddQgSOq/GyWPEdHRumjQSzNExrN1J8bGY6UmkahmSxyqkWvEP/zuqkenPsZE0mqqSDzQ4OUIx2jogbUZ5ISzaeGYCKZyYrICEtMtCmrZkpwF7/8l3gnjYuGe39ab16WbVThAA7hGFw4gybcQAs8IDCBJ3iBVyuznq03630+WrHKnX34BevjGx4uk4U=</latexit><latexit sha1_base64="h009SLq5kxJASUM2ReSBm9YCu38=">AAAB+HicbVBNS8NAFHypX7V+RT16WSyCp5KIoN6KgngQrGBsoQ1hs922SzebsLsplJB/4sWDild/ijf/jZs2B60OLAwz7/FmJ0w4U9pxvqzK0vLK6lp1vbaxubW9Y+/uPao4lYR6JOax7IRYUc4E9TTTnHYSSXEUctoOx1eF355QqVgsHvQ0oX6Eh4INGMHaSIFt9yKsRwTz7DYPsrvrPLDrTsOZAf0lbknqUKIV2J+9fkzSiApNOFaq6zqJ9jMsNSOc5rVeqmiCyRgPaddQgSOq/GyWPEdHRumjQSzNExrN1J8bGY6UmkahmSxyqkWvEP/zuqkenPsZE0mqqSDzQ4OUIx2jogbUZ5ISzaeGYCKZyYrICEtMtCmrZkpwF7/8l3gnjYuGe39ab16WbVThAA7hGFw4gybcQAs8IDCBJ3iBVyuznq03630+WrHKnX34BevjGx4uk4U=</latexit><latexit sha1_base64="h009SLq5kxJASUM2ReSBm9YCu38=">AAAB+HicbVBNS8NAFHypX7V+RT16WSyCp5KIoN6KgngQrGBsoQ1hs922SzebsLsplJB/4sWDild/ijf/jZs2B60OLAwz7/FmJ0w4U9pxvqzK0vLK6lp1vbaxubW9Y+/uPao4lYR6JOax7IRYUc4E9TTTnHYSSXEUctoOx1eF355QqVgsHvQ0oX6Eh4INGMHaSIFt9yKsRwTz7DYPsrvrPLDrTsOZAf0lbknqUKIV2J+9fkzSiApNOFaq6zqJ9jMsNSOc5rVeqmiCyRgPaddQgSOq/GyWPEdHRumjQSzNExrN1J8bGY6UmkahmSxyqkWvEP/zuqkenPsZE0mqqSDzQ4OUIx2jogbUZ5ISzaeGYCKZyYrICEtMtCmrZkpwF7/8l3gnjYuGe39ab16WbVThAA7hGFw4gybcQAs8IDCBJ3iBVyuznq03630+WrHKnX34BevjGx4uk4U=</latexit><latexit sha1_base64="h009SLq5kxJASUM2ReSBm9YCu38=">AAAB+HicbVBNS8NAFHypX7V+RT16WSyCp5KIoN6KgngQrGBsoQ1hs922SzebsLsplJB/4sWDild/ijf/jZs2B60OLAwz7/FmJ0w4U9pxvqzK0vLK6lp1vbaxubW9Y+/uPao4lYR6JOax7IRYUc4E9TTTnHYSSXEUctoOx1eF355QqVgsHvQ0oX6Eh4INGMHaSIFt9yKsRwTz7DYPsrvrPLDrTsOZAf0lbknqUKIV2J+9fkzSiApNOFaq6zqJ9jMsNSOc5rVeqmiCyRgPaddQgSOq/GyWPEdHRumjQSzNExrN1J8bGY6UmkahmSxyqkWvEP/zuqkenPsZE0mqqSDzQ4OUIx2jogbUZ5ISzaeGYCKZyYrICEtMtCmrZkpwF7/8l3gnjYuGe39ab16WbVThAA7hGFw4gybcQAs8IDCBJ3iBVyuznq03630+WrHKnX34BevjGx4uk4U=</latexit>

LMF
<latexit sha1_base64="b5FwmaaOTMEpAFnLvMKluR2u5iU=">AAAB+HicbVBNS8NAFHypX7V+RT16WSyCp5KIoN6KgnhQqGBsoQ1hs922SzebsLsplJB/4sWDild/ijf/jZs2B60OLAwz7/FmJ0w4U9pxvqzK0vLK6lp1vbaxubW9Y+/uPao4lYR6JOax7IRYUc4E9TTTnHYSSXEUctoOx1eF355QqVgsHvQ0oX6Eh4INGMHaSIFt9yKsRwTz7DYPsrvrPLDrTsOZAf0lbknqUKIV2J+9fkzSiApNOFaq6zqJ9jMsNSOc5rVeqmiCyRgPaddQgSOq/GyWPEdHRumjQSzNExrN1J8bGY6UmkahmSxyqkWvEP/zuqkenPsZE0mqqSDzQ4OUIx2jogbUZ5ISzaeGYCKZyYrICEtMtCmrZkpwF7/8l3gnjYuGe39ab16WbVThAA7hGFw4gybcQAs8IDCBJ3iBVyuznq03630+WrHKnX34BevjGxskk4M=</latexit><latexit sha1_base64="b5FwmaaOTMEpAFnLvMKluR2u5iU=">AAAB+HicbVBNS8NAFHypX7V+RT16WSyCp5KIoN6KgnhQqGBsoQ1hs922SzebsLsplJB/4sWDild/ijf/jZs2B60OLAwz7/FmJ0w4U9pxvqzK0vLK6lp1vbaxubW9Y+/uPao4lYR6JOax7IRYUc4E9TTTnHYSSXEUctoOx1eF355QqVgsHvQ0oX6Eh4INGMHaSIFt9yKsRwTz7DYPsrvrPLDrTsOZAf0lbknqUKIV2J+9fkzSiApNOFaq6zqJ9jMsNSOc5rVeqmiCyRgPaddQgSOq/GyWPEdHRumjQSzNExrN1J8bGY6UmkahmSxyqkWvEP/zuqkenPsZE0mqqSDzQ4OUIx2jogbUZ5ISzaeGYCKZyYrICEtMtCmrZkpwF7/8l3gnjYuGe39ab16WbVThAA7hGFw4gybcQAs8IDCBJ3iBVyuznq03630+WrHKnX34BevjGxskk4M=</latexit><latexit sha1_base64="b5FwmaaOTMEpAFnLvMKluR2u5iU=">AAAB+HicbVBNS8NAFHypX7V+RT16WSyCp5KIoN6KgnhQqGBsoQ1hs922SzebsLsplJB/4sWDild/ijf/jZs2B60OLAwz7/FmJ0w4U9pxvqzK0vLK6lp1vbaxubW9Y+/uPao4lYR6JOax7IRYUc4E9TTTnHYSSXEUctoOx1eF355QqVgsHvQ0oX6Eh4INGMHaSIFt9yKsRwTz7DYPsrvrPLDrTsOZAf0lbknqUKIV2J+9fkzSiApNOFaq6zqJ9jMsNSOc5rVeqmiCyRgPaddQgSOq/GyWPEdHRumjQSzNExrN1J8bGY6UmkahmSxyqkWvEP/zuqkenPsZE0mqqSDzQ4OUIx2jogbUZ5ISzaeGYCKZyYrICEtMtCmrZkpwF7/8l3gnjYuGe39ab16WbVThAA7hGFw4gybcQAs8IDCBJ3iBVyuznq03630+WrHKnX34BevjGxskk4M=</latexit><latexit sha1_base64="b5FwmaaOTMEpAFnLvMKluR2u5iU=">AAAB+HicbVBNS8NAFHypX7V+RT16WSyCp5KIoN6KgnhQqGBsoQ1hs922SzebsLsplJB/4sWDild/ijf/jZs2B60OLAwz7/FmJ0w4U9pxvqzK0vLK6lp1vbaxubW9Y+/uPao4lYR6JOax7IRYUc4E9TTTnHYSSXEUctoOx1eF355QqVgsHvQ0oX6Eh4INGMHaSIFt9yKsRwTz7DYPsrvrPLDrTsOZAf0lbknqUKIV2J+9fkzSiApNOFaq6zqJ9jMsNSOc5rVeqmiCyRgPaddQgSOq/GyWPEdHRumjQSzNExrN1J8bGY6UmkahmSxyqkWvEP/zuqkenPsZE0mqqSDzQ4OUIx2jogbUZ5ISzaeGYCKZyYrICEtMtCmrZkpwF7/8l3gnjYuGe39ab16WbVThAA7hGFw4gybcQAs8IDCBJ3iBVyuznq03630+WrHKnX34BevjGxskk4M=</latexit>

LMF + LOP
<latexit sha1_base64="IZVsIjzsUZmHTmoelK8ZO0tzBL4=">AAACCXicbVBNS8NAEN3Ur1q/oh69rBZBEEoignorCuJBsYKxhTaEzXbTLt1swu5GKCFnL/4VLx5UvPoPvPlv3LQ52NYHA4/3ZpiZ58eMSmVZP0Zpbn5hcam8XFlZXVvfMDe3HmSUCEwcHLFItHwkCaOcOIoqRlqxICj0GWn6g4vcbz4SIWnE79UwJm6IepwGFCOlJc/c7YRI9TFi6XXmpTeX2eGEcNvIPLNq1awR4CyxC1IFBRqe+d3pRjgJCVeYISnbthUrN0VCUcxIVukkksQID1CPtDXlKCTSTUevZHBfK10YREIXV3Ck/p1IUSjlMPR1Z36nnPZy8T+vnajg1E0pjxNFOB4vChIGVQTzXGCXCoIVG2qCsKD6Voj7SCCsdHoVHYI9/fIscY5qZzX77rhaPy/SKIMdsAcOgA1OQB1cgQZwAAZP4AW8gXfj2Xg1PozPcWvJKGa2wQSMr18wA5rI</latexit><latexit sha1_base64="IZVsIjzsUZmHTmoelK8ZO0tzBL4=">AAACCXicbVBNS8NAEN3Ur1q/oh69rBZBEEoignorCuJBsYKxhTaEzXbTLt1swu5GKCFnL/4VLx5UvPoPvPlv3LQ52NYHA4/3ZpiZ58eMSmVZP0Zpbn5hcam8XFlZXVvfMDe3HmSUCEwcHLFItHwkCaOcOIoqRlqxICj0GWn6g4vcbz4SIWnE79UwJm6IepwGFCOlJc/c7YRI9TFi6XXmpTeX2eGEcNvIPLNq1awR4CyxC1IFBRqe+d3pRjgJCVeYISnbthUrN0VCUcxIVukkksQID1CPtDXlKCTSTUevZHBfK10YREIXV3Ck/p1IUSjlMPR1Z36nnPZy8T+vnajg1E0pjxNFOB4vChIGVQTzXGCXCoIVG2qCsKD6Voj7SCCsdHoVHYI9/fIscY5qZzX77rhaPy/SKIMdsAcOgA1OQB1cgQZwAAZP4AW8gXfj2Xg1PozPcWvJKGa2wQSMr18wA5rI</latexit><latexit sha1_base64="IZVsIjzsUZmHTmoelK8ZO0tzBL4=">AAACCXicbVBNS8NAEN3Ur1q/oh69rBZBEEoignorCuJBsYKxhTaEzXbTLt1swu5GKCFnL/4VLx5UvPoPvPlv3LQ52NYHA4/3ZpiZ58eMSmVZP0Zpbn5hcam8XFlZXVvfMDe3HmSUCEwcHLFItHwkCaOcOIoqRlqxICj0GWn6g4vcbz4SIWnE79UwJm6IepwGFCOlJc/c7YRI9TFi6XXmpTeX2eGEcNvIPLNq1awR4CyxC1IFBRqe+d3pRjgJCVeYISnbthUrN0VCUcxIVukkksQID1CPtDXlKCTSTUevZHBfK10YREIXV3Ck/p1IUSjlMPR1Z36nnPZy8T+vnajg1E0pjxNFOB4vChIGVQTzXGCXCoIVG2qCsKD6Voj7SCCsdHoVHYI9/fIscY5qZzX77rhaPy/SKIMdsAcOgA1OQB1cgQZwAAZP4AW8gXfj2Xg1PozPcWvJKGa2wQSMr18wA5rI</latexit><latexit sha1_base64="IZVsIjzsUZmHTmoelK8ZO0tzBL4=">AAACCXicbVBNS8NAEN3Ur1q/oh69rBZBEEoignorCuJBsYKxhTaEzXbTLt1swu5GKCFnL/4VLx5UvPoPvPlv3LQ52NYHA4/3ZpiZ58eMSmVZP0Zpbn5hcam8XFlZXVvfMDe3HmSUCEwcHLFItHwkCaOcOIoqRlqxICj0GWn6g4vcbz4SIWnE79UwJm6IepwGFCOlJc/c7YRI9TFi6XXmpTeX2eGEcNvIPLNq1awR4CyxC1IFBRqe+d3pRjgJCVeYISnbthUrN0VCUcxIVukkksQID1CPtDXlKCTSTUevZHBfK10YREIXV3Ck/p1IUSjlMPR1Z36nnPZy8T+vnajg1E0pjxNFOB4vChIGVQTzXGCXCoIVG2qCsKD6Voj7SCCsdHoVHYI9/fIscY5qZzX77rhaPy/SKIMdsAcOgA1OQB1cgQZwAAZP4AW8gXfj2Xg1PozPcWvJKGa2wQSMr18wA5rI</latexit>

(a) Predict pose directly (b) Predict pose via flow space (c) losses comparison

Figure 3.3: Schematic interpretation of different loss functions. (a) Supervised training of direct
models utilize a loss defined on camera pose space. (b) Our approach defines losses on the space
of pixel flows and considers losses that measure the distance to the true motion field, the sub-space
of possible ego-motion fields (blue), and its orthogonal complement (gray dashed). The model is
also guided by photometric or scene-flow consistency between input frames (yellow) (c) shows
prediction error for supervised models trained with different combinations of these losses and
indicates that using losses defined in flow-space outperforms direct prediction of camera motion.
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<latexit sha1_base64="DaT94h1DLnbLnPhGLFSpXVx8QQQ=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYxdZCE8Jms2mXbjZhdyKUEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE9kPsKKcCdoFBpz2U0lxHHB6H4yvSv/+gUrFEnEHk5R6MR4KFjGCQUu+eXDr5y6MKODCDRIeqkmsv7xf+GbTbtlTWIvEqUgTVej45pcbJiSLqQDCsVIDx07By7EERjgtGm6maIrJGA/pQFOBY6q8fHpBYR1rJbSiROonwJqqvztyHKtyNV0ZYxipea8U//MGGUQXXs5EmgEVZDYoyrgFiVXGYYVMUgJ8ogkmkuldLTLCEhPQoTV0CM78yYukd9pyNL85a7Yvqzjq6BAdoRPkoHPURteog7qIoEf0jF7Rm/FkvBjvxsestGZUPfvoD4zPH5JZl5k=</latexit><latexit sha1_base64="DaT94h1DLnbLnPhGLFSpXVx8QQQ=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYxdZCE8Jms2mXbjZhdyKUEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE9kPsKKcCdoFBpz2U0lxHHB6H4yvSv/+gUrFEnEHk5R6MR4KFjGCQUu+eXDr5y6MKODCDRIeqkmsv7xf+GbTbtlTWIvEqUgTVej45pcbJiSLqQDCsVIDx07By7EERjgtGm6maIrJGA/pQFOBY6q8fHpBYR1rJbSiROonwJqqvztyHKtyNV0ZYxipea8U//MGGUQXXs5EmgEVZDYoyrgFiVXGYYVMUgJ8ogkmkuldLTLCEhPQoTV0CM78yYukd9pyNL85a7Yvqzjq6BAdoRPkoHPURteog7qIoEf0jF7Rm/FkvBjvxsestGZUPfvoD4zPH5JZl5k=</latexit><latexit sha1_base64="DaT94h1DLnbLnPhGLFSpXVx8QQQ=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYxdZCE8Jms2mXbjZhdyKUEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE9kPsKKcCdoFBpz2U0lxHHB6H4yvSv/+gUrFEnEHk5R6MR4KFjGCQUu+eXDr5y6MKODCDRIeqkmsv7xf+GbTbtlTWIvEqUgTVej45pcbJiSLqQDCsVIDx07By7EERjgtGm6maIrJGA/pQFOBY6q8fHpBYR1rJbSiROonwJqqvztyHKtyNV0ZYxipea8U//MGGUQXXs5EmgEVZDYoyrgFiVXGYYVMUgJ8ogkmkuldLTLCEhPQoTV0CM78yYukd9pyNL85a7Yvqzjq6BAdoRPkoHPURteog7qIoEf0jF7Rm/FkvBjvxsestGZUPfvoD4zPH5JZl5k=</latexit><latexit sha1_base64="DaT94h1DLnbLnPhGLFSpXVx8QQQ=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJCHosevFYxdZCE8Jms2mXbjZhdyKUEC/+FS8eFPHqv/Dmv3HT5qCtD5Z9vDfDzLwg5UyBbX8btaXlldW1+npjY3Nre8fc3eupJJOEdknCE9kPsKKcCdoFBpz2U0lxHHB6H4yvSv/+gUrFEnEHk5R6MR4KFjGCQUu+eXDr5y6MKODCDRIeqkmsv7xf+GbTbtlTWIvEqUgTVej45pcbJiSLqQDCsVIDx07By7EERjgtGm6maIrJGA/pQFOBY6q8fHpBYR1rJbSiROonwJqqvztyHKtyNV0ZYxipea8U//MGGUQXXs5EmgEVZDYoyrgFiVXGYYVMUgJ8ogkmkuldLTLCEhPQoTV0CM78yYukd9pyNL85a7Yvqzjq6BAdoRPkoHPURteog7qIoEf0jF7Rm/FkvBjvxsestGZUPfvoD4zPH5JZl5k=</latexit>

X
<latexit sha1_base64="FZ0n0sAsKDG0btS0kTjpB174BA0=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIUJdFNy4r2Ae0Y8lkMm1oJhmSjFKG/ocbF4q49V/c+Tdm2llo64GQwzn3kpMTJJxp47rfTmltfWNzq7xd2dnd2z+oHh51tEwVoW0iuVS9AGvKmaBtwwynvURRHAecdoPJTe53H6nSTIp7M02oH+ORYBEj2FjpYRBIHuppbK+sNxtWa27dnQOtEq8gNSjQGla/BqEkaUyFIRxr3ffcxPgZVoYRTmeVQappgskEj2jfUoFjqv1snnqGzqwSokgqe4RBc/X3RoZjnUezkzE2Y73s5eJ/Xj810ZWfMZGkhgqyeChKOTIS5RWgkClKDJ9agoliNisiY6wwMbaoii3BW/7yKulc1D3L7y5rzeuijjKcwCmcgwcNaMIttKANBBQ8wyu8OU/Oi/PufCxGS06xcwx/4Hz+ACKukuk=</latexit><latexit sha1_base64="FZ0n0sAsKDG0btS0kTjpB174BA0=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIUJdFNy4r2Ae0Y8lkMm1oJhmSjFKG/ocbF4q49V/c+Tdm2llo64GQwzn3kpMTJJxp47rfTmltfWNzq7xd2dnd2z+oHh51tEwVoW0iuVS9AGvKmaBtwwynvURRHAecdoPJTe53H6nSTIp7M02oH+ORYBEj2FjpYRBIHuppbK+sNxtWa27dnQOtEq8gNSjQGla/BqEkaUyFIRxr3ffcxPgZVoYRTmeVQappgskEj2jfUoFjqv1snnqGzqwSokgqe4RBc/X3RoZjnUezkzE2Y73s5eJ/Xj810ZWfMZGkhgqyeChKOTIS5RWgkClKDJ9agoliNisiY6wwMbaoii3BW/7yKulc1D3L7y5rzeuijjKcwCmcgwcNaMIttKANBBQ8wyu8OU/Oi/PufCxGS06xcwx/4Hz+ACKukuk=</latexit><latexit sha1_base64="FZ0n0sAsKDG0btS0kTjpB174BA0=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIUJdFNy4r2Ae0Y8lkMm1oJhmSjFKG/ocbF4q49V/c+Tdm2llo64GQwzn3kpMTJJxp47rfTmltfWNzq7xd2dnd2z+oHh51tEwVoW0iuVS9AGvKmaBtwwynvURRHAecdoPJTe53H6nSTIp7M02oH+ORYBEj2FjpYRBIHuppbK+sNxtWa27dnQOtEq8gNSjQGla/BqEkaUyFIRxr3ffcxPgZVoYRTmeVQappgskEj2jfUoFjqv1snnqGzqwSokgqe4RBc/X3RoZjnUezkzE2Y73s5eJ/Xj810ZWfMZGkhgqyeChKOTIS5RWgkClKDJ9agoliNisiY6wwMbaoii3BW/7yKulc1D3L7y5rzeuijjKcwCmcgwcNaMIttKANBBQ8wyu8OU/Oi/PufCxGS06xcwx/4Hz+ACKukuk=</latexit><latexit sha1_base64="FZ0n0sAsKDG0btS0kTjpB174BA0=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIUJdFNy4r2Ae0Y8lkMm1oJhmSjFKG/ocbF4q49V/c+Tdm2llo64GQwzn3kpMTJJxp47rfTmltfWNzq7xd2dnd2z+oHh51tEwVoW0iuVS9AGvKmaBtwwynvURRHAecdoPJTe53H6nSTIp7M02oH+ORYBEj2FjpYRBIHuppbK+sNxtWa27dnQOtEq8gNSjQGla/BqEkaUyFIRxr3ffcxPgZVoYRTmeVQappgskEj2jfUoFjqv1snnqGzqwSokgqe4RBc/X3RoZjnUezkzE2Y73s5eJ/Xj810ZWfMZGkhgqyeChKOTIS5RWgkClKDJ9agoliNisiY6wwMbaoii3BW/7yKulc1D3L7y5rzeuijjKcwCmcgwcNaMIttKANBBQ8wyu8OU/Oi/PufCxGS06xcwx/4Hz+ACKukuk=</latexit>

V = X ⇥ !
<latexit sha1_base64="LQQAwwjvaf3VynqpuDsEzdcOqB4=">AAACInicbVDLSsNAFJ34rPUVdelmsAiuSiKCuhCKblxWsA9oQplMJu3QmUyYmQgl5Fvc+CtuXCjqSvBjnLRZ9OGBYQ7n3Mu99wQJo0o7zo+1srq2vrFZ2apu7+zu7dsHh20lUolJCwsmZDdAijAak5ammpFuIgniASOdYHRX+J0nIhUV8aMeJ8TnaBDTiGKkjdS3r71AsFCNufmydg5v4KzQzT1NOVFzoic4GaC8b9ecujMBXCZuSWqgRLNvf3mhwCknscYMKdVznUT7GZKaYkbyqpcqkiA8QgPSMzRGZrCfTU7M4alRQhgJaV6s4USd7cgQV8V+ppIjPVSLXiH+5/VSHV35GY2TVJMYTwdFKYNawCIvGFJJsGZjQxCW1OwK8RBJhLVJtWpCcBdPXibt87pr+MNFrXFbxlEBx+AEnAEXXIIGuAdN0AIYPINX8A4+rBfrzfq0vqelK1bZcwTmYP3+AdVApbQ=</latexit><latexit sha1_base64="LQQAwwjvaf3VynqpuDsEzdcOqB4=">AAACInicbVDLSsNAFJ34rPUVdelmsAiuSiKCuhCKblxWsA9oQplMJu3QmUyYmQgl5Fvc+CtuXCjqSvBjnLRZ9OGBYQ7n3Mu99wQJo0o7zo+1srq2vrFZ2apu7+zu7dsHh20lUolJCwsmZDdAijAak5ammpFuIgniASOdYHRX+J0nIhUV8aMeJ8TnaBDTiGKkjdS3r71AsFCNufmydg5v4KzQzT1NOVFzoic4GaC8b9ecujMBXCZuSWqgRLNvf3mhwCknscYMKdVznUT7GZKaYkbyqpcqkiA8QgPSMzRGZrCfTU7M4alRQhgJaV6s4USd7cgQV8V+ppIjPVSLXiH+5/VSHV35GY2TVJMYTwdFKYNawCIvGFJJsGZjQxCW1OwK8RBJhLVJtWpCcBdPXibt87pr+MNFrXFbxlEBx+AEnAEXXIIGuAdN0AIYPINX8A4+rBfrzfq0vqelK1bZcwTmYP3+AdVApbQ=</latexit><latexit sha1_base64="LQQAwwjvaf3VynqpuDsEzdcOqB4=">AAACInicbVDLSsNAFJ34rPUVdelmsAiuSiKCuhCKblxWsA9oQplMJu3QmUyYmQgl5Fvc+CtuXCjqSvBjnLRZ9OGBYQ7n3Mu99wQJo0o7zo+1srq2vrFZ2apu7+zu7dsHh20lUolJCwsmZDdAijAak5ammpFuIgniASOdYHRX+J0nIhUV8aMeJ8TnaBDTiGKkjdS3r71AsFCNufmydg5v4KzQzT1NOVFzoic4GaC8b9ecujMBXCZuSWqgRLNvf3mhwCknscYMKdVznUT7GZKaYkbyqpcqkiA8QgPSMzRGZrCfTU7M4alRQhgJaV6s4USd7cgQV8V+ppIjPVSLXiH+5/VSHV35GY2TVJMYTwdFKYNawCIvGFJJsGZjQxCW1OwK8RBJhLVJtWpCcBdPXibt87pr+MNFrXFbxlEBx+AEnAEXXIIGuAdN0AIYPINX8A4+rBfrzfq0vqelK1bZcwTmYP3+AdVApbQ=</latexit><latexit sha1_base64="LQQAwwjvaf3VynqpuDsEzdcOqB4=">AAACInicbVDLSsNAFJ34rPUVdelmsAiuSiKCuhCKblxWsA9oQplMJu3QmUyYmQgl5Fvc+CtuXCjqSvBjnLRZ9OGBYQ7n3Mu99wQJo0o7zo+1srq2vrFZ2apu7+zu7dsHh20lUolJCwsmZDdAijAak5ammpFuIgniASOdYHRX+J0nIhUV8aMeJ8TnaBDTiGKkjdS3r71AsFCNufmydg5v4KzQzT1NOVFzoic4GaC8b9ecujMBXCZuSWqgRLNvf3mhwCknscYMKdVznUT7GZKaYkbyqpcqkiA8QgPSMzRGZrCfTU7M4alRQhgJaV6s4USd7cgQV8V+ppIjPVSLXiH+5/VSHV35GY2TVJMYTwdFKYNawCIvGFJJsGZjQxCW1OwK8RBJhLVJtWpCcBdPXibt87pr+MNFrXFbxlEBx+AEnAEXXIIGuAdN0AIYPINX8A4+rBfrzfq0vqelK1bZcwTmYP3+AdVApbQ=</latexit>

V = R✓X � X
<latexit sha1_base64="GfSSYV7sn8iG875uEZsuyde/HIU=">AAACIXicbVDLSsNAFJ34rPVVdelmsAhuLIkIdiMU3bisYh/QljCZTNqhk0mYuRFKyK+48VfcuFCkO/FnnLRd9OGBYQ7n3Mu993ix4Bps+8daW9/Y3Nou7BR39/YPDktHx00dJYqyBo1EpNoe0UxwyRrAQbB2rBgJPcFa3vA+91svTGkeyWcYxawXkr7kAacEjOSWql0vEr4eheZLmxm+xU9uFwYMyLzRzvAlXhTcUtmu2BPgVeLMSBnNUHdL464f0SRkEqggWnccO4ZeShRwKlhW7CaaxYQOSZ91DJUkZLqXTi7M8LlRfBxEyjwJeKLOd6Qk1PlqpjIkMNDLXi7+53USCKq9lMs4ASbpdFCQCAwRzuPCPleMghgZQqjiZldMB0QRCibUognBWT55lTSvKo7hj9fl2t0sjgI6RWfoAjnoBtXQA6qjBqLoFb2jT/RlvVkf1rc1npauWbOeE7QA6/cP3fWkjw==</latexit><latexit sha1_base64="GfSSYV7sn8iG875uEZsuyde/HIU=">AAACIXicbVDLSsNAFJ34rPVVdelmsAhuLIkIdiMU3bisYh/QljCZTNqhk0mYuRFKyK+48VfcuFCkO/FnnLRd9OGBYQ7n3Mu993ix4Bps+8daW9/Y3Nou7BR39/YPDktHx00dJYqyBo1EpNoe0UxwyRrAQbB2rBgJPcFa3vA+91svTGkeyWcYxawXkr7kAacEjOSWql0vEr4eheZLmxm+xU9uFwYMyLzRzvAlXhTcUtmu2BPgVeLMSBnNUHdL464f0SRkEqggWnccO4ZeShRwKlhW7CaaxYQOSZ91DJUkZLqXTi7M8LlRfBxEyjwJeKLOd6Qk1PlqpjIkMNDLXi7+53USCKq9lMs4ASbpdFCQCAwRzuPCPleMghgZQqjiZldMB0QRCibUognBWT55lTSvKo7hj9fl2t0sjgI6RWfoAjnoBtXQA6qjBqLoFb2jT/RlvVkf1rc1npauWbOeE7QA6/cP3fWkjw==</latexit><latexit sha1_base64="GfSSYV7sn8iG875uEZsuyde/HIU=">AAACIXicbVDLSsNAFJ34rPVVdelmsAhuLIkIdiMU3bisYh/QljCZTNqhk0mYuRFKyK+48VfcuFCkO/FnnLRd9OGBYQ7n3Mu993ix4Bps+8daW9/Y3Nou7BR39/YPDktHx00dJYqyBo1EpNoe0UxwyRrAQbB2rBgJPcFa3vA+91svTGkeyWcYxawXkr7kAacEjOSWql0vEr4eheZLmxm+xU9uFwYMyLzRzvAlXhTcUtmu2BPgVeLMSBnNUHdL464f0SRkEqggWnccO4ZeShRwKlhW7CaaxYQOSZ91DJUkZLqXTi7M8LlRfBxEyjwJeKLOd6Qk1PlqpjIkMNDLXi7+53USCKq9lMs4ASbpdFCQCAwRzuPCPleMghgZQqjiZldMB0QRCibUognBWT55lTSvKo7hj9fl2t0sjgI6RWfoAjnoBtXQA6qjBqLoFb2jT/RlvVkf1rc1npauWbOeE7QA6/cP3fWkjw==</latexit><latexit sha1_base64="GfSSYV7sn8iG875uEZsuyde/HIU=">AAACIXicbVDLSsNAFJ34rPVVdelmsAhuLIkIdiMU3bisYh/QljCZTNqhk0mYuRFKyK+48VfcuFCkO/FnnLRd9OGBYQ7n3Mu993ix4Bps+8daW9/Y3Nou7BR39/YPDktHx00dJYqyBo1EpNoe0UxwyRrAQbB2rBgJPcFa3vA+91svTGkeyWcYxawXkr7kAacEjOSWql0vEr4eheZLmxm+xU9uFwYMyLzRzvAlXhTcUtmu2BPgVeLMSBnNUHdL464f0SRkEqggWnccO4ZeShRwKlhW7CaaxYQOSZ91DJUkZLqXTi7M8LlRfBxEyjwJeKLOd6Qk1PlqpjIkMNDLXi7+53USCKq9lMs4ASbpdFCQCAwRzuPCPleMghgZQqjiZldMB0QRCibUognBWT55lTSvKo7hj9fl2t0sjgI6RWfoAjnoBtXQA6qjBqLoFb2jT/RlvVkf1rc1npauWbOeE7QA6/cP3fWkjw==</latexit>

V
<latexit sha1_base64="BhQxE8s1bTnZxv2ZU9kOu2agTkU=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIUJdFNy4r2Ae0Y8lkMm1oJhmSjFKG/ocbF4q49V/c+Tdm2llo64GQwzn3kpMTJJxp47rfTmltfWNzq7xd2dnd2z+oHh51tEwVoW0iuVS9AGvKmaBtwwynvURRHAecdoPJTe53H6nSTIp7M02oH+ORYBEj2FjpYRBIHuppbK+sMxtWa27dnQOtEq8gNSjQGla/BqEkaUyFIRxr3ffcxPgZVoYRTmeVQappgskEj2jfUoFjqv1snnqGzqwSokgqe4RBc/X3RoZjnUezkzE2Y73s5eJ/Xj810ZWfMZGkhgqyeChKOTIS5RWgkClKDJ9agoliNisiY6wwMbaoii3BW/7yKulc1D3L7y5rzeuijjKcwCmcgwcNaMIttKANBBQ8wyu8OU/Oi/PufCxGS06xcwx/4Hz+AB+kkuc=</latexit><latexit sha1_base64="BhQxE8s1bTnZxv2ZU9kOu2agTkU=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIUJdFNy4r2Ae0Y8lkMm1oJhmSjFKG/ocbF4q49V/c+Tdm2llo64GQwzn3kpMTJJxp47rfTmltfWNzq7xd2dnd2z+oHh51tEwVoW0iuVS9AGvKmaBtwwynvURRHAecdoPJTe53H6nSTIp7M02oH+ORYBEj2FjpYRBIHuppbK+sMxtWa27dnQOtEq8gNSjQGla/BqEkaUyFIRxr3ffcxPgZVoYRTmeVQappgskEj2jfUoFjqv1snnqGzqwSokgqe4RBc/X3RoZjnUezkzE2Y73s5eJ/Xj810ZWfMZGkhgqyeChKOTIS5RWgkClKDJ9agoliNisiY6wwMbaoii3BW/7yKulc1D3L7y5rzeuijjKcwCmcgwcNaMIttKANBBQ8wyu8OU/Oi/PufCxGS06xcwx/4Hz+AB+kkuc=</latexit><latexit sha1_base64="BhQxE8s1bTnZxv2ZU9kOu2agTkU=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIUJdFNy4r2Ae0Y8lkMm1oJhmSjFKG/ocbF4q49V/c+Tdm2llo64GQwzn3kpMTJJxp47rfTmltfWNzq7xd2dnd2z+oHh51tEwVoW0iuVS9AGvKmaBtwwynvURRHAecdoPJTe53H6nSTIp7M02oH+ORYBEj2FjpYRBIHuppbK+sMxtWa27dnQOtEq8gNSjQGla/BqEkaUyFIRxr3ffcxPgZVoYRTmeVQappgskEj2jfUoFjqv1snnqGzqwSokgqe4RBc/X3RoZjnUezkzE2Y73s5eJ/Xj810ZWfMZGkhgqyeChKOTIS5RWgkClKDJ9agoliNisiY6wwMbaoii3BW/7yKulc1D3L7y5rzeuijjKcwCmcgwcNaMIttKANBBQ8wyu8OU/Oi/PufCxGS06xcwx/4Hz+AB+kkuc=</latexit><latexit sha1_base64="BhQxE8s1bTnZxv2ZU9kOu2agTkU=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIUJdFNy4r2Ae0Y8lkMm1oJhmSjFKG/ocbF4q49V/c+Tdm2llo64GQwzn3kpMTJJxp47rfTmltfWNzq7xd2dnd2z+oHh51tEwVoW0iuVS9AGvKmaBtwwynvURRHAecdoPJTe53H6nSTIp7M02oH+ORYBEj2FjpYRBIHuppbK+sMxtWa27dnQOtEq8gNSjQGla/BqEkaUyFIRxr3ffcxPgZVoYRTmeVQappgskEj2jfUoFjqv1snnqGzqwSokgqe4RBc/X3RoZjnUezkzE2Y73s5eJ/Xj810ZWfMZGkhgqyeChKOTIS5RWgkClKDJ9agoliNisiY6wwMbaoii3BW/7yKulc1D3L7y5rzeuijjKcwCmcgwcNaMIttKANBBQ8wyu8OU/Oi/PufCxGS06xcwx/4Hz+AB+kkuc=</latexit>

✓
<latexit sha1_base64="+2a+YdAkK5gXAKPWKNIZ/6djIOk=">AAAB7XicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHCvYD2qVk07SNzSZLMiuUpf/BiwdFvPp/vPlvTNs9aOsLgYd3ZsjMGyVSWPT9b6+wtr6xuVXcLu3s7u0flA+PmlanhvEG01KbdkQtl0LxBgqUvJ0YTuNI8lY0vp3VW0/cWKHVA04SHsZ0qMRAMIrOanZxxJH2yhW/6s9FViHIoQK56r3yV7evWRpzhUxSazuBn2CYUYOCST4tdVPLE8rGdMg7DhWNuQ2z+bZTcuacPhlo455CMnd/T2Q0tnYSR64zpjiyy7WZ+V+tk+LgOsyESlLkii0+GqSSoCaz00lfGM5QThxQZoTblbARNZShC6jkQgiWT16F5kU1cHx/Wand5HEU4QRO4RwCuIIa3EEdGsDgEZ7hFd487b14797HorXg5TPH8Efe5w+j+Y8o</latexit><latexit sha1_base64="+2a+YdAkK5gXAKPWKNIZ/6djIOk=">AAAB7XicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHCvYD2qVk07SNzSZLMiuUpf/BiwdFvPp/vPlvTNs9aOsLgYd3ZsjMGyVSWPT9b6+wtr6xuVXcLu3s7u0flA+PmlanhvEG01KbdkQtl0LxBgqUvJ0YTuNI8lY0vp3VW0/cWKHVA04SHsZ0qMRAMIrOanZxxJH2yhW/6s9FViHIoQK56r3yV7evWRpzhUxSazuBn2CYUYOCST4tdVPLE8rGdMg7DhWNuQ2z+bZTcuacPhlo455CMnd/T2Q0tnYSR64zpjiyy7WZ+V+tk+LgOsyESlLkii0+GqSSoCaz00lfGM5QThxQZoTblbARNZShC6jkQgiWT16F5kU1cHx/Wand5HEU4QRO4RwCuIIa3EEdGsDgEZ7hFd487b14797HorXg5TPH8Efe5w+j+Y8o</latexit><latexit sha1_base64="+2a+YdAkK5gXAKPWKNIZ/6djIOk=">AAAB7XicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHCvYD2qVk07SNzSZLMiuUpf/BiwdFvPp/vPlvTNs9aOsLgYd3ZsjMGyVSWPT9b6+wtr6xuVXcLu3s7u0flA+PmlanhvEG01KbdkQtl0LxBgqUvJ0YTuNI8lY0vp3VW0/cWKHVA04SHsZ0qMRAMIrOanZxxJH2yhW/6s9FViHIoQK56r3yV7evWRpzhUxSazuBn2CYUYOCST4tdVPLE8rGdMg7DhWNuQ2z+bZTcuacPhlo455CMnd/T2Q0tnYSR64zpjiyy7WZ+V+tk+LgOsyESlLkii0+GqSSoCaz00lfGM5QThxQZoTblbARNZShC6jkQgiWT16F5kU1cHx/Wand5HEU4QRO4RwCuIIa3EEdGsDgEZ7hFd487b14797HorXg5TPH8Efe5w+j+Y8o</latexit><latexit sha1_base64="+2a+YdAkK5gXAKPWKNIZ/6djIOk=">AAAB7XicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHCvYD2qVk07SNzSZLMiuUpf/BiwdFvPp/vPlvTNs9aOsLgYd3ZsjMGyVSWPT9b6+wtr6xuVXcLu3s7u0flA+PmlanhvEG01KbdkQtl0LxBgqUvJ0YTuNI8lY0vp3VW0/cWKHVA04SHsZ0qMRAMIrOanZxxJH2yhW/6s9FViHIoQK56r3yV7evWRpzhUxSazuBn2CYUYOCST4tdVPLE8rGdMg7DhWNuQ2z+bZTcuacPhlo455CMnd/T2Q0tnYSR64zpjiyy7WZ+V+tk+LgOsyESlLkii0+GqSSoCaz00lfGM5QThxQZoTblbARNZShC6jkQgiWT16F5kU1cHx/Wand5HEU4QRO4RwCuIIa3EEdGsDgEZ7hFd487b14797HorXg5TPH8Efe5w+j+Y8o</latexit>
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Figure 3.4: Illustration of continuous formulation. With Euler format of rotation, motion vector
from a point X to transformed point RΘX is its difference V = RΘX −X . In contrast, if we use
continuous formulation, we can define the motion as a cross product of X and its angular velocity
ω. With small enough angle Θ, the motion vector can be approximated.

(a) It (d) Optical Flow (g) Segdynamic (j) Segstatic

(b) It+1 (e)MFglobal (h)MFdynamic (k)MFstatic

(c) |It − It+δ|1 (f) |It − I
Wg
t |1 (i) |It − IWd

t |1 (l) |It − IWs
t |1

Figure 3.5: A sample result on a dynamic sequence from TUM [100]. From an input frame pair (a)
and (b), NetOF predicts optical flow (d). Both camera and object motion are visible in the frame
difference (c). A single motion field (e) is dominated by large object motions and yields poor
warping error (f), particularly on the background. Our model includes a segmentation network
Netseg that divides the image into dynamic and static masks (g,j) and fits corresponding motion
fields (h,k). These provide better warping error on the objects (i) and background (l) respectively.
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(a) Translation Error (b) Rotation Error

Figure 3.6: Camera motion error on held-out test data as a function of training set size for TUM
(top) and Virtual KITTI (Bottom) RGBD datasets. The blue line denotes training a supervised
model that can’t exploit unlabeled data. Introducing self-supervised warping losses yields much
better performance when either using only unsupervised training (yellow) or semi-supervised train-
ing (green). Surprisingly, unsupervised training is actually competitive with supervised training for
estimating rotation (b) but performs worse for translation (a).
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(a) It (b) It+δ (c) Optical flow (d) Motion field (e) |It − IWMF
t |1

Figure 3.7: Visualizations of our single layered model. Top three rows come from TUM [100]
dataset and bottom three come from Virtual KITTI [25]. From the input images (a) and (b), the
predicted flow, and recovered motion field are displayed in (c) and (d) respectively. Since motion
field is derived from camera pose estimate, the error between It and motion field based warped
image IWMF

t reflects the accuracy of predicted camera motion. If the predicted camera pose and
depth is ideal, then the error in (e) should be zero.

(a) It (b) Optical (c)MF (c)WE (d) Seg (e)MF (f)WE
flow (all) (all) (static) (static) (static)

Figure 3.8: Intermediate results of two layered model for dynamic scene camera pose prediction.
Without separating static and dynamic components, it is difficult to get good camera motions (high
error in (c)). However, as shown in (f), it is possible to predict camera motion for background by
fitting only the static segment (d).
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Chapter 4

Self-supervised learning for better post

refinement

For the movable agents which have visual data obtaining system (e.g. eye, camera), recognizing

their pose through visual information is a critical task in order to understand their surroundings

and plan the next motion. In computer vision and robotics, the task is called visual ego-motion

prediction or visual odometry and has been widely studied. Many recent learning based ego-motion

prediction methods [126, 32, 65, 123] show successful results on car driving dataset (i.e. KITTI).

Specifically, they focus on understanding ego-motion through short-term visual data and try to

develop better and better loss functions to boost the local accuracy. Are those enough to achieve

complete scene reconstruction? One of major difference between those learning based method and

classic methods is whether they use global pose refinement. Since it is difficult to implement global

refinement as differentiable layers, learning-based models tend to exclude the refinement step. In

this chapter, we focus on the bridge between local estimates and global refinement by predicting

valuable clues to do better pose refinement.

The pose prediction task is a part of simultaneous localization and mapping (SLAM) and especially
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<latexit sha1_base64="UPokKVheDhmbefXjKuY8gEj6EYo=">AAAB7XicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OKxgv2ANpTNZtOu3WTD7kQoof/BiwdFvPp/vPlv3LY5aOsLCw/vzLAzb5BKYdB1v53S2vrG5lZ5u7Kzu7d/UD08ahuVacZbTEmluwE1XIqEt1Cg5N1UcxoHkneC8e2s3nni2giVPOAk5X5Mh4mIBKNorXafhQrNoFpz6+5cZBW8AmpQqDmofvVDxbKYJ8gkNabnuSn6OdUomOTTSj8zPKVsTIe8ZzGhMTd+Pt92Ss6sE5JIafsSJHP390ROY2MmcWA7Y4ojs1ybmf/VehlG134ukjRDnrDFR1EmCSoyO52EQnOGcmKBMi3sroSNqKYMbUAVG4K3fPIqtC/qnuX7y1rjpoijDCdwCufgwRU04A6a0AIGj/AMr/DmKOfFeXc+Fq0lp5g5hj9yPn8ArlmPLw==</latexit> <latexit sha1_base64="UPokKVheDhmbefXjKuY8gEj6EYo=">AAAB7XicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OKxgv2ANpTNZtOu3WTD7kQoof/BiwdFvPp/vPlv3LY5aOsLCw/vzLAzb5BKYdB1v53S2vrG5lZ5u7Kzu7d/UD08ahuVacZbTEmluwE1XIqEt1Cg5N1UcxoHkneC8e2s3nni2giVPOAk5X5Mh4mIBKNorXafhQrNoFpz6+5cZBW8AmpQqDmofvVDxbKYJ8gkNabnuSn6OdUomOTTSj8zPKVsTIe8ZzGhMTd+Pt92Ss6sE5JIafsSJHP390ROY2MmcWA7Y4ojs1ybmf/VehlG134ukjRDnrDFR1EmCSoyO52EQnOGcmKBMi3sroSNqKYMbUAVG4K3fPIqtC/qnuX7y1rjpoijDCdwCufgwRU04A6a0AIGj/AMr/DmKOfFeXc+Fq0lp5g5hj9yPn8ArlmPLw==</latexit> <latexit sha1_base64="UPokKVheDhmbefXjKuY8gEj6EYo=">AAAB7XicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OKxgv2ANpTNZtOu3WTD7kQoof/BiwdFvPp/vPlv3LY5aOsLCw/vzLAzb5BKYdB1v53S2vrG5lZ5u7Kzu7d/UD08ahuVacZbTEmluwE1XIqEt1Cg5N1UcxoHkneC8e2s3nni2giVPOAk5X5Mh4mIBKNorXafhQrNoFpz6+5cZBW8AmpQqDmofvVDxbKYJ8gkNabnuSn6OdUomOTTSj8zPKVsTIe8ZzGhMTd+Pt92Ss6sE5JIafsSJHP390ROY2MmcWA7Y4ojs1ybmf/VehlG134ukjRDnrDFR1EmCSoyO52EQnOGcmKBMi3sroSNqKYMbUAVG4K3fPIqtC/qnuX7y1rjpoijDCdwCufgwRU04A6a0AIGj/AMr/DmKOfFeXc+Fq0lp5g5hj9yPn8ArlmPLw==</latexit> <latexit sha1_base64="UPokKVheDhmbefXjKuY8gEj6EYo=">AAAB7XicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OKxgv2ANpTNZtOu3WTD7kQoof/BiwdFvPp/vPlv3LY5aOsLCw/vzLAzb5BKYdB1v53S2vrG5lZ5u7Kzu7d/UD08ahuVacZbTEmluwE1XIqEt1Cg5N1UcxoHkneC8e2s3nni2giVPOAk5X5Mh4mIBKNorXafhQrNoFpz6+5cZBW8AmpQqDmofvVDxbKYJ8gkNabnuSn6OdUomOTTSj8zPKVsTIe8ZzGhMTd+Pt92Ss6sE5JIafsSJHP390ROY2MmcWA7Y4ojs1ybmf/VehlG134ukjRDnrDFR1EmCSoyO52EQnOGcmKBMi3sroSNqKYMbUAVG4K3fPIqtC/qnuX7y1rjpoijDCdwCufgwRU04A6a0AIGj/AMr/DmKOfFeXc+Fq0lp5g5hj9yPn8ArlmPLw==</latexit>

Lw
<latexit sha1_base64="z9r3zUR1VBv865/kxp6H9HV8Ob4=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyVV8bErunHhooJ9QBvCZDpph04ezEyUGvIlblwo4tZPceffOEmDqPXAwOGce7lnjhtxJpVlfRqlhcWl5ZXyamVtfWOzam5td2QYC0LbJOSh6LlYUs4C2lZMcdqLBMW+y2nXnVxmfveOCsnC4FZNI2r7eBQwjxGstOSY1YGP1ZhgnlynTnKfOmbNqls50DxpFKQGBVqO+TEYhiT2aaAIx1L2G1ak7AQLxQinaWUQSxphMsEj2tc0wD6VdpIHT9G+VobIC4V+gUK5+nMjwb6UU9/Vk1lM+dfLxP+8fqy8MzthQRQrGpDZIS/mSIUoawENmaBE8akmmAimsyIyxgITpbuq5CWcZzj5/vI86RzWG0f1o5vjWvOiqKMMu7AHB9CAU2jCFbSgDQRieIRneDEejCfj1XibjZaMYmcHfsF4/wJ2VJPA</latexit>

↵
<latexit sha1_base64="ouCxGTfZ1RfiGrKcpQU5E28bMWQ=">AAAB/HicbVDNS8MwHE3n15xf1R29BIfgabQqftyGXjxOcB+wlpGm2RaWJiVJhVLmv+LFgyJe/UO8+d+YdkXU+SDk8d7vR15eEDOqtON8WpWl5ZXVtep6bWNza3vH3t3rKpFITDpYMCH7AVKEUU46mmpG+rEkKAoY6QXT69zv3ROpqOB3Oo2JH6ExpyOKkTbS0K57gWChSiNzZR5i8QTNhnbDaToF4CJxS9IAJdpD+8MLBU4iwjVmSKmB68Taz5DUFDMyq3mJIjHCUzQmA0M5iojysyL8DB4aJYQjIc3hGhbqz40MRSrPZyYjpCfqr5eL/3mDRI8u/IzyONGE4/lDo4RBLWDeBAypJFiz1BCEJTVZIZ4gibA2fdWKEi5znH1/eZF0j5vuSfPk9rTRuirrqIJ9cACOgAvOQQvcgDboAAxS8AiewYv1YD1Zr9bbfLRilTt18AvW+xelP5WN</latexit>

Reprojected Images

Predicted 

Edge Weights

Composite Loss (Sec 3.4)

X
<latexit sha1_base64="dZi7cFCcG+/XxBkt9ojIyrzp6C4=">AAAB63icbVDLSsNAFL2pr1pfVZduBovgqiQqPnZFNy4r2Ae0oUymk3bozCTMTIQS+gtuXCji1h9y5984SYOo9cCFwzn3cu89QcyZNq776ZSWlldW18rrlY3Nre2d6u5eW0eJIrRFIh6pboA15UzSlmGG026sKBYBp51gcpP5nQeqNIvkvZnG1Bd4JFnICDaZ1NeJGFRrbt3NgRaJV5AaFGgOqh/9YUQSQaUhHGvd89zY+ClWhhFOZ5V+ommMyQSPaM9SiQXVfprfOkNHVhmiMFK2pEG5+nMixULrqQhsp8BmrP96mfif10tMeOmnTMaJoZLMF4UJRyZC2eNoyBQlhk8twUQxeysiY6wwMTaeSh7CVYbz75cXSfuk7p3WT+/Oao3rIo4yHMAhHIMHF9CAW2hCCwiM4RGe4cURzpPz6rzNW0tOMbMPv+C8fwFKs46K</latexit>

fp
<latexit sha1_base64="ZHIoh7QvUaY6OZWF/QmZrS0i750=">AAAB6nicbVDLSsNAFL2pr1pfUZduBovgqiRWfOyKblxWtA9oQ5lMJ+3QySTMTIQS+gluXCji1i9y5984SYOo9cCFwzn3cu89fsyZ0o7zaZWWlldW18rrlY3Nre0de3evraJEEtoiEY9k18eKciZoSzPNaTeWFIc+px1/cp35nQcqFYvEvZ7G1AvxSLCAEayNdBcM4oFddWpODrRI3IJUoUBzYH/0hxFJQio04VipnuvE2kux1IxwOqv0E0VjTCZ4RHuGChxS5aX5qTN0ZJQhCiJpSmiUqz8nUhwqNQ190xliPVZ/vUz8z+slOrjwUibiRFNB5ouChCMdoexvNGSSEs2nhmAimbkVkTGWmGiTTiUP4TLD2ffLi6R9UnPrtfrtabVxVcRRhgM4hGNw4RwacANNaAGBETzCM7xY3HqyXq23eWvJKmb24Res9y9oiI4E</latexit>

fv
<latexit sha1_base64="xHV7x87Clbo4Cu0C+bBgUNm1YUY=">AAAB6nicbVDLSsNAFL2pr1pfVZduBovgqiS2+NgV3bisaB/QhjKZTtqhk0mYmRRK6Ce4caGIW7/InX/jJA2i1gMXDufcy733eBFnStv2p1VYWV1b3yhulra2d3b3yvsHbRXGktAWCXkoux5WlDNBW5ppTruRpDjwOO14k5vU70ypVCwUD3oWUTfAI8F8RrA20r0/mA7KFbtqZ0DLxMlJBXI0B+WP/jAkcUCFJhwr1XPsSLsJlpoRTuelfqxohMkEj2jPUIEDqtwkO3WOTowyRH4oTQmNMvXnRIIDpWaBZzoDrMfqr5eK/3m9WPuXbsJEFGsqyGKRH3OkQ5T+jYZMUqL5zBBMJDO3IjLGEhNt0illIVylOP9+eZm0z6pOrVq7q1ca13kcRTiCYzgFBy6gAbfQhBYQGMEjPMOLxa0n69V6W7QWrHzmEH7Bev8CcaCOCg==</latexit>

fw
<latexit sha1_base64="LmOhd9xai3bexHA8upiVAWzB//I=">AAAB6nicbVDLSsNAFL2pr1pfVZduBovgqiS2+NgV3bisaB/QhjKZTtqhk0mYmSgl9BPcuFDErV/kzr9xkgZR64ELh3Pu5d57vIgzpW370yosLa+srhXXSxubW9s75d29tgpjSWiLhDyUXQ8rypmgLc00p91IUhx4nHa8yVXqd+6pVCwUd3oaUTfAI8F8RrA20q0/eBiUK3bVzoAWiZOTCuRoDsof/WFI4oAKTThWqufYkXYTLDUjnM5K/VjRCJMJHtGeoQIHVLlJduoMHRlliPxQmhIaZerPiQQHSk0Dz3QGWI/VXy8V//N6sfbP3YSJKNZUkPkiP+ZIhyj9Gw2ZpETzqSGYSGZuRWSMJSbapFPKQrhIcfr98iJpn1SdWrV2U680LvM4inAAh3AMDpxBA66hCS0gMIJHeIYXi1tP1qv1Nm8tWPnMPvyC9f4FcySOCw==</latexit>

w
<latexit sha1_base64="RqYUPHzuTAqVIa1pxf2YwGdIuhw=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsxY8bErunFZwT6gHUsmk2lDM5khyVjK0P9w40IRt/6LO//GTDuIWg+EHM65l5wcL+ZMadv+tApLyyura8X10sbm1vZOeXevpaJEEtokEY9kx8OKciZoUzPNaSeWFIcep21vdJ357QcqFYvEnZ7E1A3xQLCAEayNdN/zIu6rSWiudDztlyt21Z4BLRInJxXI0eiXP3p+RJKQCk04Vqrr2LF2Uyw1I5xOS71E0RiTER7QrqECh1S56Sz1FB0ZxUdBJM0RGs3UnxspDlUWzUyGWA/VXy8T//O6iQ4u3JSJONFUkPlDQcKRjlBWAfKZpETziSGYSGayIjLEEhNtiirNSrjMcPb95UXSOqk6tWrt9rRSv8rrKMIBHMIxOHAOdbiBBjSBgIRHeIYXa2w9Wa/W23y0YOU7+/AL1vsXao+TPw==</latexit>

Input Images

···
<latexit sha1_base64="UPokKVheDhmbefXjKuY8gEj6EYo=">AAAB7XicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OKxgv2ANpTNZtOu3WTD7kQoof/BiwdFvPp/vPlv3LY5aOsLCw/vzLAzb5BKYdB1v53S2vrG5lZ5u7Kzu7d/UD08ahuVacZbTEmluwE1XIqEt1Cg5N1UcxoHkneC8e2s3nni2giVPOAk5X5Mh4mIBKNorXafhQrNoFpz6+5cZBW8AmpQqDmofvVDxbKYJ8gkNabnuSn6OdUomOTTSj8zPKVsTIe8ZzGhMTd+Pt92Ss6sE5JIafsSJHP390ROY2MmcWA7Y4ojs1ybmf/VehlG134ukjRDnrDFR1EmCSoyO52EQnOGcmKBMi3sroSNqKYMbUAVG4K3fPIqtC/qnuX7y1rjpoijDCdwCufgwRU04A6a0AIGj/AMr/DmKOfFeXc+Fq0lp5g5hj9yPn8ArlmPLw==</latexit> <latexit sha1_base64="UPokKVheDhmbefXjKuY8gEj6EYo=">AAAB7XicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OKxgv2ANpTNZtOu3WTD7kQoof/BiwdFvPp/vPlv3LY5aOsLCw/vzLAzb5BKYdB1v53S2vrG5lZ5u7Kzu7d/UD08ahuVacZbTEmluwE1XIqEt1Cg5N1UcxoHkneC8e2s3nni2giVPOAk5X5Mh4mIBKNorXafhQrNoFpz6+5cZBW8AmpQqDmofvVDxbKYJ8gkNabnuSn6OdUomOTTSj8zPKVsTIe8ZzGhMTd+Pt92Ss6sE5JIafsSJHP390ROY2MmcWA7Y4ojs1ybmf/VehlG134ukjRDnrDFR1EmCSoyO52EQnOGcmKBMi3sroSNqKYMbUAVG4K3fPIqtC/qnuX7y1rjpoijDCdwCufgwRU04A6a0AIGj/AMr/DmKOfFeXc+Fq0lp5g5hj9yPn8ArlmPLw==</latexit> <latexit sha1_base64="UPokKVheDhmbefXjKuY8gEj6EYo=">AAAB7XicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OKxgv2ANpTNZtOu3WTD7kQoof/BiwdFvPp/vPlv3LY5aOsLCw/vzLAzb5BKYdB1v53S2vrG5lZ5u7Kzu7d/UD08ahuVacZbTEmluwE1XIqEt1Cg5N1UcxoHkneC8e2s3nni2giVPOAk5X5Mh4mIBKNorXafhQrNoFpz6+5cZBW8AmpQqDmofvVDxbKYJ8gkNabnuSn6OdUomOTTSj8zPKVsTIe8ZzGhMTd+Pt92Ss6sE5JIafsSJHP390ROY2MmcWA7Y4ojs1ybmf/VehlG134ukjRDnrDFR1EmCSoyO52EQnOGcmKBMi3sroSNqKYMbUAVG4K3fPIqtC/qnuX7y1rjpoijDCdwCufgwRU04A6a0AIGj/AMr/DmKOfFeXc+Fq0lp5g5hj9yPn8ArlmPLw==</latexit> <latexit sha1_base64="UPokKVheDhmbefXjKuY8gEj6EYo=">AAAB7XicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9OKxgv2ANpTNZtOu3WTD7kQoof/BiwdFvPp/vPlv3LY5aOsLCw/vzLAzb5BKYdB1v53S2vrG5lZ5u7Kzu7d/UD08ahuVacZbTEmluwE1XIqEt1Cg5N1UcxoHkneC8e2s3nni2giVPOAk5X5Mh4mIBKNorXafhQrNoFpz6+5cZBW8AmpQqDmofvVDxbKYJ8gkNabnuSn6OdUomOTTSj8zPKVsTIe8ZzGhMTd+Pt92Ss6sE5JIafsSJHP390ROY2MmcWA7Y4ojs1ybmf/VehlG134ukjRDnrDFR1EmCSoyO52EQnOGcmKBMi3sroSNqKYMbUAVG4K3fPIqtC/qnuX7y1rjpoijDCdwCufgwRU04A6a0AIGj/AMr/DmKOfFeXc+Fq0lp5g5hj9yPn8ArlmPLw==</latexit>

MotionNet
<latexit sha1_base64="pnhVrM4FPAvWYMvcMV+NPhnIKo8=">AAACA3icbVDLSsNQEL3xWesr6k43wSK4KqkVH7uiGzdKBfuAJpSb20l76c2DeydiCQE3/oobF4q49Sfc+TcmbRC1Hhg4nDPDzBwnFFyhaX5qM7Nz8wuLhaXi8srq2rq+sdlUQSQZNFggAtl2qALBfWggRwHtUAL1HAEtZ3ie+a1bkIoH/g2OQrA92ve5yxnFVOrq2xbCHTpubIEXDuLLIJOvAJOk2NVLZtkcw5gmlZyUSI56V/+wegGLPPCRCapUp2KGaMdUImcCkqIVKQgpG9I+dFLqUw+UHY9/SIy9VOkZbiDT8tEYqz8nYuopNfKctNOjOFB/vUz8z+tE6J7YMffDCMFnk0VuJAwMjCwQo8clMBSjlFAmeXqrwQZUUoZpbJMQTjMcfb88TZoH5Uq1XL0+LNXO8jgKZIfskn1SIcekRi5InTQII/fkkTyTF+1Be9JetbdJ64yWz2yRX9DevwDaNJhs</latexit>

DepthNet
<latexit sha1_base64="GqqX4vkzxgj0gftAuG5KGOZfdAk=">AAACAnicbVDJSgNBEO1xjXEb9SReBoPgKUyMuNyCevAkEcwCmRB6OjVJk56F7hoxDIMXf8WLB0W8+hXe/Bt7kiBqfFDweK+KqnpuJLhC2/40Zmbn5hcWc0v55ZXVtXVzY7OuwlgyqLFQhLLpUgWCB1BDjgKakQTquwIa7uA88xu3IBUPgxscRtD2aS/gHmcUtdQxtx2EO3S9xAE/6icXEGH/CjBN8x2zYBftEaxpUpqQApmg2jE/nG7IYh8CZIIq1SrZEbYTKpEzAWneiRVElA1oD1qaBtQH1U5GL6TWnla6lhdKXQFaI/XnREJ9pYa+qzt9in3118vE/7xWjN5JO+FBFCMEbLzIi4WFoZXlYXW5BIZiqAllkutbLdankjLUqY1DOM1w9P3yNKkfFEvlYvn6sFA5m8SRIztkl+yTEjkmFXJJqqRGGLknj+SZvBgPxpPxaryNW2eMycwW+QXj/QvmPJfh</latexit>

It
<latexit sha1_base64="a+ppVC1BCfPbhnFCcy4+y381DfI=">AAACA3icbVDLSsNAFJ34rPUVdaebYBFcldSKj13Rje4q2Ac0IUwmk3boZCbMTIQSAm78FTcuFHHrT7jzb5ykQdR6YJjDufdyzz1+TIlUtv1pzM0vLC4tV1aqq2vrG5vm1nZX8kQg3EGcctH3ocSUMNxRRFHcjwWGkU9xzx9f5vXeHRaScHarJjF2IzhkJCQIKi155q7jcxrISaS/1ImgGiFI0+ss85Rn1uy6XcCaJY2S1ECJtmd+OAFHSYSZQhRKOWjYsXJTKBRBFGdVJ5E4hmgMh3igKYMRlm5a3JBZB1oJrJAL/ZiyCvXnRAojmdvUnblL+beWi//VBokKz9yUsDhRmKHpojChluJWHogVEIGRohNNIBJEe7XQCAqIlI6tWoRwnuPk++RZ0j2qN5r15s1xrXVRxlEBe2AfHIIGOAUtcAXaoAMQuAeP4Bm8GA/Gk/FqvE1b54xyZgf8gvH+BVFdmLs=</latexit>

It+1
<latexit sha1_base64="X5k/0veSwUtUsKrvF/wwXcGzmN8=">AAACB3icbVDLSsNAFJ3UV62vqEtBBosgCCWx4mNXdKO7CvYBTQiTyaQdOnkwMxFKyM6Nv+LGhSJu/QV3/o2TNIhaDwxzOPde7rnHjRkV0jA+tcrc/MLiUnW5trK6tr6hb251RZRwTDo4YhHvu0gQRkPSkVQy0o85QYHLSM8dX+b13h3hgkbhrZzExA7QMKQ+xUgqydF3LTdinpgE6kutAMkRRiy9zjInlYdm5uh1o2EUgLPELEkdlGg7+oflRTgJSCgxQ0IMTCOWdoq4pJiRrGYlgsQIj9GQDBQNUUCEnRZ3ZHBfKR70I65eKGGh/pxIUSByq6ozdyr+1nLxv9ogkf6ZndIwTiQJ8XSRnzAoI5iHAj3KCZZsogjCnCqvEI8QR1iq6GpFCOc5Tr5PniXdo4bZbDRvjuutizKOKtgBe+AAmOAUtMAVaIMOwOAePIJn8KI9aE/aq/Y2ba1o5cw2+AXt/QsXDZo3</latexit>

It+2
<latexit sha1_base64="r9wEhiXIZV9CKh5v+YS7egMCJvM=">AAACB3icbVDLSsNAFJ34rPUVdSnIYBEEoSSt+NgV3eiugn1AE8JkMmmHTh7MTIQSsnPjr7hxoYhbf8Gdf+MkDaLWA8Mczr2Xe+5xY0aFNIxPbW5+YXFpubJSXV1b39jUt7a7Iko4Jh0csYj3XSQIoyHpSCoZ6cecoMBlpOeOL/N6745wQaPwVk5iYgdoGFKfYiSV5Oh7lhsxT0wC9aVWgOQII5ZeZ5mTyqNG5ug1o24UgLPELEkNlGg7+oflRTgJSCgxQ0IMTCOWdoq4pJiRrGolgsQIj9GQDBQNUUCEnRZ3ZPBAKR70I65eKGGh/pxIUSByq6ozdyr+1nLxv9ogkf6ZndIwTiQJ8XSRnzAoI5iHAj3KCZZsogjCnCqvEI8QR1iq6KpFCOc5Tr5PniXdRt1s1ps3x7XWRRlHBeyCfXAITHAKWuAKtEEHYHAPHsEzeNEetCftVXubts5p5cwO+AXt/QsYkpo4</latexit>

Îv

t
<latexit sha1_base64="ntwtAG3pkICnVVYLJNUpcsOoMos=">AAACDXicbVDLSsNAFJ34rPUVdekmWAVXJbXiY1d0o7sK9gFNLJPptB06eTBzUyhDfsCNv+LGhSJu3bvzb5ykQdR6YJjDufdyzz1exJkE2/405uYXFpeWCyvF1bX1jU1za7spw1gQ2iAhD0Xbw5JyFtAGMOC0HQmKfY/Tlje6TOutMRWShcEtTCLq+ngQsD4jGLTUNfedIQbleCHvyYmvP+X4GIYEc3WdJMnduKsg6Zolu2xnsGZJJScllKPeNT+cXkhinwZAOJayU7EjcBUWwAinSdGJJY0wGeEB7WgaYJ9KV2XXJNaBVnpWPxT6BWBl6s8JhX2ZetWdqVX5t5aK/9U6MfTPXMWCKAYakOmifswtCK00GqvHBCXAJ5pgIpj2apEhFpiADrCYhXCe4uT75FnSPCpXquXqzXGpdpHHUUC7aA8dogo6RTV0heqogQi6R4/oGb0YD8aT8Wq8TVvnjHxmB/2C8f4F4k2dfA==</latexit>

Îv

t+1
<latexit sha1_base64="fBFi04heWOimZPuev/j4hq/+uAk=">AAACD3icbVDLSgMxFM3UV62vqks3waIIQpmx4mNXdKO7CvYBnTpkMmkbmnmQ3CmUYf7Ajb/ixoUibt2682/MtEXUeiDkcO693HOPGwmuwDQ/jdzc/MLiUn65sLK6tr5R3NxqqDCWlNVpKELZcoliggesDhwEa0WSEd8VrOkOLrN6c8ik4mFwC6OIdXzSC3iXUwJacor7dp9AYruh8NTI119i+wT6lIjkOk3Tu6GTwKGVOsWSWTbHwLPEmpISmqLmFD9sL6SxzwKggijVtswIOgmRwKlgacGOFYsIHZAea2saEJ+pTjK+J8V7WvFwN5T6BYDH6s+JhPgqc6s7M7Pqby0T/6u1Y+iedRIeRDGwgE4WdWOBIcRZONjjklEQI00IlVx7xbRPJKGgIyyMQzjPcPJ98ixpHJWtSrlyc1yqXkzjyKMdtIsOkIVOURVdoRqqI4ru0SN6Ri/Gg/FkvBpvk9acMZ3ZRr9gvH8B1lGd7A==</latexit>

Îv

t+2
<latexit sha1_base64="/T+LBf+Ru+eV362YbqBZJWU2ok8=">AAACD3icbVDLSsNAFJ34rPUVdekmWBRBKGkrPnZFN7qrYB/QxDCZTtuhk0yYuSmUkD9w46+4caGIW7fu/BsnbRG1HhjmcO693HOPH3GmwLY/jbn5hcWl5dxKfnVtfWPT3NpuKBFLQutEcCFbPlaUs5DWgQGnrUhSHPicNv3BZVZvDqlUTIS3MIqoG+BeyLqMYNCSZx44fQyJ4wveUaNAf4kTYOgTzJPrNE3vhl4CR+XUMwt20R7DmiWlKSmgKWqe+eF0BIkDGgLhWKl2yY7ATbAERjhN806saITJAPdoW9MQB1S5yfie1NrXSsfqCqlfCNZY/TmR4EBlbnVnZlb9rWXif7V2DN0zN2FhFAMNyWRRN+YWCCsLx+owSQnwkSaYSKa9WqSPJSagI8yPQzjPcPJ98ixplIulSrFyc1yoXkzjyKFdtIcOUQmdoiq6QjVURwTdo0f0jF6MB+PJeDXeJq1zxnRmB/2C8f4F19ad7Q==</latexit>

Figure 4.1: The flow to get reliability score. We combine camera ego-motion driven warp images
with trainable weight α. From this loss, we train reliability score between frames and that reflects
weights of each predicted ego-motion(Black means training flow and orange flow is for inference).
See Section 4.1.4 for detail.

the local prediction is called front-end part of SLAM. As its name implies, SLAM does localization

and mapping at the same time. In the localization step, it utilizes the generated map. Without using

mapping part, dead-reckoning would make large drift error [11] because the map helps the agent

to reset the accumulated error by aligning the agent to generated map.

Even though utilizing a map has the critical advantage, many modern learning based visual odom-

etry (VO) systems do not include map creation and corresponding localization. Instead of using a

map for localization, global pose refinement can be an alternative to reset accumulated error. Li

et al.[67] use global pose refinement after they predict local estimates in order to achieve global

adjustment effects. After the global refinement, the accumulated error is greatly reduced. In the

adjustment stage, they put equal weight on pair-wise relative estimates. However this has some

limitation when some estimates have serious error for example false-positive closed loop. When
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MotionNet
<latexit sha1_base64="Fe2CsGnrDs3p8V2q1OFIxjfpKB8=">AAAB+XicbZDLSgMxFIYzXmu9jbp0EyyCqzIjgi6LbtwoFewF2qFk0jNtaOZCcqZYhr6JGxeKuPVN3Pk2ZtpZaOsPgS//OYec/H4ihUbH+bZWVtfWNzZLW+Xtnd29ffvgsKnjVHFo8FjGqu0zDVJE0ECBEtqJAhb6Elr+6Cavt8agtIijR5wk4IVsEIlAcIbG6tl2F+EJs7s4v94DTnt2xak6M9FlcAuokEL1nv3V7cc8DSFCLpnWHddJ0MuYQsElTMvdVEPC+IgNoGMwYiFoL5ttPqWnxunTIFbmREhn7u+JjIVaT0LfdIYMh3qxlpv/1TopBldeJqIkRYj4/KEglRRjmsdA+0IBRzkxwLgSZlfKh0wxjiassgnBXfzyMjTPq67hh4tK7bqIo0SOyQk5Iy65JDVyS+qkQTgZk2fySt6szHqx3q2PeeuKVcwckT+yPn8AMRmUAQ==</latexit><latexit sha1_base64="Fe2CsGnrDs3p8V2q1OFIxjfpKB8=">AAAB+XicbZDLSgMxFIYzXmu9jbp0EyyCqzIjgi6LbtwoFewF2qFk0jNtaOZCcqZYhr6JGxeKuPVN3Pk2ZtpZaOsPgS//OYec/H4ihUbH+bZWVtfWNzZLW+Xtnd29ffvgsKnjVHFo8FjGqu0zDVJE0ECBEtqJAhb6Elr+6Cavt8agtIijR5wk4IVsEIlAcIbG6tl2F+EJs7s4v94DTnt2xak6M9FlcAuokEL1nv3V7cc8DSFCLpnWHddJ0MuYQsElTMvdVEPC+IgNoGMwYiFoL5ttPqWnxunTIFbmREhn7u+JjIVaT0LfdIYMh3qxlpv/1TopBldeJqIkRYj4/KEglRRjmsdA+0IBRzkxwLgSZlfKh0wxjiassgnBXfzyMjTPq67hh4tK7bqIo0SOyQk5Iy65JDVyS+qkQTgZk2fySt6szHqx3q2PeeuKVcwckT+yPn8AMRmUAQ==</latexit><latexit sha1_base64="Fe2CsGnrDs3p8V2q1OFIxjfpKB8=">AAAB+XicbZDLSgMxFIYzXmu9jbp0EyyCqzIjgi6LbtwoFewF2qFk0jNtaOZCcqZYhr6JGxeKuPVN3Pk2ZtpZaOsPgS//OYec/H4ihUbH+bZWVtfWNzZLW+Xtnd29ffvgsKnjVHFo8FjGqu0zDVJE0ECBEtqJAhb6Elr+6Cavt8agtIijR5wk4IVsEIlAcIbG6tl2F+EJs7s4v94DTnt2xak6M9FlcAuokEL1nv3V7cc8DSFCLpnWHddJ0MuYQsElTMvdVEPC+IgNoGMwYiFoL5ttPqWnxunTIFbmREhn7u+JjIVaT0LfdIYMh3qxlpv/1TopBldeJqIkRYj4/KEglRRjmsdA+0IBRzkxwLgSZlfKh0wxjiassgnBXfzyMjTPq67hh4tK7bqIo0SOyQk5Iy65JDVyS+qkQTgZk2fySt6szHqx3q2PeeuKVcwckT+yPn8AMRmUAQ==</latexit><latexit sha1_base64="Fe2CsGnrDs3p8V2q1OFIxjfpKB8=">AAAB+XicbZDLSgMxFIYzXmu9jbp0EyyCqzIjgi6LbtwoFewF2qFk0jNtaOZCcqZYhr6JGxeKuPVN3Pk2ZtpZaOsPgS//OYec/H4ihUbH+bZWVtfWNzZLW+Xtnd29ffvgsKnjVHFo8FjGqu0zDVJE0ECBEtqJAhb6Elr+6Cavt8agtIijR5wk4IVsEIlAcIbG6tl2F+EJs7s4v94DTnt2xak6M9FlcAuokEL1nv3V7cc8DSFCLpnWHddJ0MuYQsElTMvdVEPC+IgNoGMwYiFoL5ttPqWnxunTIFbmREhn7u+JjIVaT0LfdIYMh3qxlpv/1TopBldeJqIkRYj4/KEglRRjmsdA+0IBRzkxwLgSZlfKh0wxjiassgnBXfzyMjTPq67hh4tK7bqIo0SOyQk5Iy65JDVyS+qkQTgZk2fySt6szHqx3q2PeeuKVcwckT+yPn8AMRmUAQ==</latexit>

DepthNet
<latexit sha1_base64="+J0XlE7kO/QdJqn+YHRaLYYc8lc=">AAAB+HicbZDLSgNBEEV74ivGR0ZdumkMgqswI4Iug7pwJRHMA5Ih9HRqkiY9D7prxDjkS9y4UMStn+LOv7GTzEITLzQcblVR1ddPpNDoON9WYWV1bX2juFna2t7ZLdt7+00dp4pDg8cyVm2faZAiggYKlNBOFLDQl9DyR1fTeusBlBZxdI/jBLyQDSIRCM7QWD273EV4xOwaEhzeAk56dsWpOjPRZXBzqJBc9Z791e3HPA0hQi6Z1h3XSdDLmELBJUxK3VRDwviIDaBjMGIhaC+bHT6hx8bp0yBW5kVIZ+7viYyFWo9D33SGDId6sTY1/6t1UgwuvExESYoQ8fmiIJUUYzpNgfaFAo5ybIBxJcytlA+ZYhxNViUTgrv45WVonlZdw3dnldplHkeRHJIjckJcck5q5IbUSYNwkpJn8krerCfrxXq3PuatBSufOSB/ZH3+AEGAk3Y=</latexit><latexit sha1_base64="+J0XlE7kO/QdJqn+YHRaLYYc8lc=">AAAB+HicbZDLSgNBEEV74ivGR0ZdumkMgqswI4Iug7pwJRHMA5Ih9HRqkiY9D7prxDjkS9y4UMStn+LOv7GTzEITLzQcblVR1ddPpNDoON9WYWV1bX2juFna2t7ZLdt7+00dp4pDg8cyVm2faZAiggYKlNBOFLDQl9DyR1fTeusBlBZxdI/jBLyQDSIRCM7QWD273EV4xOwaEhzeAk56dsWpOjPRZXBzqJBc9Z791e3HPA0hQi6Z1h3XSdDLmELBJUxK3VRDwviIDaBjMGIhaC+bHT6hx8bp0yBW5kVIZ+7viYyFWo9D33SGDId6sTY1/6t1UgwuvExESYoQ8fmiIJUUYzpNgfaFAo5ybIBxJcytlA+ZYhxNViUTgrv45WVonlZdw3dnldplHkeRHJIjckJcck5q5IbUSYNwkpJn8krerCfrxXq3PuatBSufOSB/ZH3+AEGAk3Y=</latexit><latexit sha1_base64="+J0XlE7kO/QdJqn+YHRaLYYc8lc=">AAAB+HicbZDLSgNBEEV74ivGR0ZdumkMgqswI4Iug7pwJRHMA5Ih9HRqkiY9D7prxDjkS9y4UMStn+LOv7GTzEITLzQcblVR1ddPpNDoON9WYWV1bX2juFna2t7ZLdt7+00dp4pDg8cyVm2faZAiggYKlNBOFLDQl9DyR1fTeusBlBZxdI/jBLyQDSIRCM7QWD273EV4xOwaEhzeAk56dsWpOjPRZXBzqJBc9Z791e3HPA0hQi6Z1h3XSdDLmELBJUxK3VRDwviIDaBjMGIhaC+bHT6hx8bp0yBW5kVIZ+7viYyFWo9D33SGDId6sTY1/6t1UgwuvExESYoQ8fmiIJUUYzpNgfaFAo5ybIBxJcytlA+ZYhxNViUTgrv45WVonlZdw3dnldplHkeRHJIjckJcck5q5IbUSYNwkpJn8krerCfrxXq3PuatBSufOSB/ZH3+AEGAk3Y=</latexit><latexit sha1_base64="+J0XlE7kO/QdJqn+YHRaLYYc8lc=">AAAB+HicbZDLSgNBEEV74ivGR0ZdumkMgqswI4Iug7pwJRHMA5Ih9HRqkiY9D7prxDjkS9y4UMStn+LOv7GTzEITLzQcblVR1ddPpNDoON9WYWV1bX2juFna2t7ZLdt7+00dp4pDg8cyVm2faZAiggYKlNBOFLDQl9DyR1fTeusBlBZxdI/jBLyQDSIRCM7QWD273EV4xOwaEhzeAk56dsWpOjPRZXBzqJBc9Z791e3HPA0hQi6Z1h3XSdDLmELBJUxK3VRDwviIDaBjMGIhaC+bHT6hx8bp0yBW5kVIZ+7viYyFWo9D33SGDId6sTY1/6t1UgwuvExESYoQ8fmiIJUUYzpNgfaFAo5ybIBxJcytlA+ZYhxNViUTgrv45WVonlZdw3dnldplHkeRHJIjckJcck5q5IbUSYNwkpJn8krerCfrxXq3PuatBSufOSB/ZH3+AEGAk3Y=</latexit>

t,!
<latexit sha1_base64="RBQy8qxdzw6GINtHz2QTMdaA5JI=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBA8SNiIoN4CXjxGcU0wWcLspDcZMo9lZlYIS/7CiwcVr36ON//G2WQPmljQUFR1090VJZwZ6/vf3tLyyuraemmjvLm1vbNb2dt/MCrVFAKquNLtiBjgTEJgmeXQTjQQEXFoRaPr3G89gTZMyXs7TiAUZCBZzCixTnq0p7irBAxIuVep+jV/CrxI6gWpogLNXuWr21c0FSAt5cSYTt1PbJgRbRnlMCl3UwMJoSMygI6jkggwYTa9eIKPndLHsdKupMVT9fdERoQxYxG5TkHs0Mx7ufif10ltfBlmTCapBUlni+KUY6tw/j7uMw3U8rEjhGrmbsV0SDSh1oWUh1Cff3mRBGe1q5p/e15t3BVplNAhOkInqI4uUAPdoCYKEEUSPaNX9OYZ78V79z5mrUteMXOA/sD7/AHPCY/w</latexit><latexit sha1_base64="RBQy8qxdzw6GINtHz2QTMdaA5JI=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBA8SNiIoN4CXjxGcU0wWcLspDcZMo9lZlYIS/7CiwcVr36ON//G2WQPmljQUFR1090VJZwZ6/vf3tLyyuraemmjvLm1vbNb2dt/MCrVFAKquNLtiBjgTEJgmeXQTjQQEXFoRaPr3G89gTZMyXs7TiAUZCBZzCixTnq0p7irBAxIuVep+jV/CrxI6gWpogLNXuWr21c0FSAt5cSYTt1PbJgRbRnlMCl3UwMJoSMygI6jkggwYTa9eIKPndLHsdKupMVT9fdERoQxYxG5TkHs0Mx7ufif10ltfBlmTCapBUlni+KUY6tw/j7uMw3U8rEjhGrmbsV0SDSh1oWUh1Cff3mRBGe1q5p/e15t3BVplNAhOkInqI4uUAPdoCYKEEUSPaNX9OYZ78V79z5mrUteMXOA/sD7/AHPCY/w</latexit><latexit sha1_base64="RBQy8qxdzw6GINtHz2QTMdaA5JI=">AAAB8HicbVDLSgNBEJz1GeMr6tHLYBA8SNiIoN4CXjxGcU0wWcLspDcZMo9lZlYIS/7CiwcVr36ON//G2WQPmljQUFR1090VJZwZ6/vf3tLyyuraemmjvLm1vbNb2dt/MCrVFAKquNLtiBjgTEJgmeXQTjQQEXFoRaPr3G89gTZMyXs7TiAUZCBZzCixTnq0p7irBAxIuVep+jV/CrxI6gWpogLNXuWr21c0FSAt5cSYTt1PbJgRbRnlMCl3UwMJoSMygI6jkggwYTa9eIKPndLHsdKupMVT9fdERoQxYxG5TkHs0Mx7ufif10ltfBlmTCapBUlni+KUY6tw/j7uMw3U8rEjhGrmbsV0SDSh1oWUh1Cff3mRBGe1q5p/e15t3BVplNAhOkInqI4uUAPdoCYKEEUSPaNX9OYZ78V79z5mrUteMXOA/sD7/AHPCY/w</latexit>

↵
<latexit sha1_base64="ouCxGTfZ1RfiGrKcpQU5E28bMWQ=">AAAB/HicbVDNS8MwHE3n15xf1R29BIfgabQqftyGXjxOcB+wlpGm2RaWJiVJhVLmv+LFgyJe/UO8+d+YdkXU+SDk8d7vR15eEDOqtON8WpWl5ZXVtep6bWNza3vH3t3rKpFITDpYMCH7AVKEUU46mmpG+rEkKAoY6QXT69zv3ROpqOB3Oo2JH6ExpyOKkTbS0K57gWChSiNzZR5i8QTNhnbDaToF4CJxS9IAJdpD+8MLBU4iwjVmSKmB68Taz5DUFDMyq3mJIjHCUzQmA0M5iojysyL8DB4aJYQjIc3hGhbqz40MRSrPZyYjpCfqr5eL/3mDRI8u/IzyONGE4/lDo4RBLWDeBAypJFiz1BCEJTVZIZ4gibA2fdWKEi5znH1/eZF0j5vuSfPk9rTRuirrqIJ9cACOgAvOQQvcgDboAAxS8AiewYv1YD1Zr9bbfLRilTt18AvW+xelP5WN</latexit>

Depth Ẑ
<latexit sha1_base64="5+etQ95lEcWiBVf8HqM2KQmbPJs=">AAACBnicbVDLSsNQEL2pr1pfUZciBIvgqqRWfOyKunBZwT6wKeXmdtJeevPg3olYQty48VfcuFDErd/gzr8xTYOo9cDA4ZwZZubYgeAKTfNTy83Mzs0v5BcLS8srq2v6+kZD+aFkUGe+8GXLpgoE96COHAW0AgnUtQU07eHZ2G/egFTc965wFEDHpX2PO5xRTKSuvm0h3GJ0DgEO4jtrQDFKFduJruO4qxfNkpnCmCbljBRJhlpX/7B6Pgtd8JAJqlS7bAbYiahEzgTEBStUEFA2pH1oJ9SjLqhOlL4RG7uJ0jMcXybloZGqPyci6io1cu2k06U4UH+9sfif1w7ROe5E3AtCBI9NFjmhMNA3xpkYPS6BoRglhDLJk1sNNqCSMkySK6QhnIxx+P3yNGnsl8qVUuXyoFg9zeLIky2yQ/ZImRyRKrkgNVInjNyTR/JMXrQH7Ul71d4mrTktm9kkv6C9fwEwE5pc</latexit>

2D motion v̂
<latexit sha1_base64="EGW+8WB9JWAoqz/vENcQuOjw6e4=">AAACDnicbVDLSgMxFM34rPU16tJNsBRclWkrPnZFXbisYB/QKSWTpm1oZjIkd4plGH/Ajb/ixoUibl2782/MtEXUeiDkcM693HuPFwquwXE+rYXFpeWV1cxadn1jc2vb3tmtaxkpympUCqmaHtFM8IDVgINgzVAx4nuCNbzhReo3RkxpLoMbGIes7ZN+wHucEjBSx867wG4hLl1iX6ZKcucOCMSuJ0VXj33zxaMk6dg5p+BMgOdJcUZyaIZqx/5wu5JGPguACqJ1q+iE0I6JAk4FS7JupFlI6JD0WcvQgPhMt+PJOQnOG6WLe1KZFwCeqD87YuLrdDdT6RMY6L9eKv7ntSLonbZjHoQRsIBOB/UigUHiNBvc5YpREGNDCFXc7IrpgChCwSSYnYRwluL4++R5Ui8ViuVC+fooVzmfxZFB++gAHaIiOkEVdIWqqIYoukeP6Bm9WA/Wk/VqvU1LF6xZzx76Bev9C0FHnak=</latexit>

fv
<latexit sha1_base64="xHV7x87Clbo4Cu0C+bBgUNm1YUY=">AAAB6nicbVDLSsNAFL2pr1pfVZduBovgqiS2+NgV3bisaB/QhjKZTtqhk0mYmRRK6Ce4caGIW7/InX/jJA2i1gMXDufcy733eBFnStv2p1VYWV1b3yhulra2d3b3yvsHbRXGktAWCXkoux5WlDNBW5ppTruRpDjwOO14k5vU70ypVCwUD3oWUTfAI8F8RrA20r0/mA7KFbtqZ0DLxMlJBXI0B+WP/jAkcUCFJhwr1XPsSLsJlpoRTuelfqxohMkEj2jPUIEDqtwkO3WOTowyRH4oTQmNMvXnRIIDpWaBZzoDrMfqr5eK/3m9WPuXbsJEFGsqyGKRH3OkQ5T+jYZMUqL5zBBMJDO3IjLGEhNt0illIVylOP9+eZm0z6pOrVq7q1ca13kcRTiCYzgFBy6gAbfQhBYQGMEjPMOLxa0n69V6W7QWrHzmEH7Bev8CcaCOCg==</latexit>

fp
<latexit sha1_base64="ZHIoh7QvUaY6OZWF/QmZrS0i750=">AAAB6nicbVDLSsNAFL2pr1pfUZduBovgqiRWfOyKblxWtA9oQ5lMJ+3QySTMTIQS+gluXCji1i9y5984SYOo9cCFwzn3cu89fsyZ0o7zaZWWlldW18rrlY3Nre0de3evraJEEtoiEY9k18eKciZoSzPNaTeWFIc+px1/cp35nQcqFYvEvZ7G1AvxSLCAEayNdBcM4oFddWpODrRI3IJUoUBzYH/0hxFJQio04VipnuvE2kux1IxwOqv0E0VjTCZ4RHuGChxS5aX5qTN0ZJQhCiJpSmiUqz8nUhwqNQ190xliPVZ/vUz8z+slOrjwUibiRFNB5ouChCMdoexvNGSSEs2nhmAimbkVkTGWmGiTTiUP4TLD2ffLi6R9UnPrtfrtabVxVcRRhgM4hGNw4RwacANNaAGBETzCM7xY3HqyXq23eWvJKmb24Res9y9oiI4E</latexit>

g2o
<latexit sha1_base64="Ha2WpTziXrvZ6hKTWGWTdODxh0k=">AAAB6nicbVDLSsNAFL3xWeur6tLNYBFclaQVH7uiG5cV7QPaUCbTSTp0MgkzE6GEfoIbF4q49Yvc+TdO0iBqPXDhcM693HuPF3OmtG1/WkvLK6tr66WN8ubW9s5uZW+/o6JEEtomEY9kz8OKciZoWzPNaS+WFIcep11vcp353QcqFYvEvZ7G1A1xIJjPCNZGugvq0bBStWt2DrRInIJUoUBrWPkYjCKShFRowrFSfceOtZtiqRnhdFYeJIrGmExwQPuGChxS5ab5qTN0bJQR8iNpSmiUqz8nUhwqNQ090xliPVZ/vUz8z+sn2r9wUybiRFNB5ov8hCMdoexvNGKSEs2nhmAimbkVkTGWmGiTTjkP4TLD2ffLi6RTrzmNWuP2tNq8KuIowSEcwQk4cA5NuIEWtIFAAI/wDC8Wt56sV+tt3rpkFTMH8AvW+xckKY3X</latexit>

Reliability
<latexit sha1_base64="wfmu7zTOW0waqoc7VkJkaFR8mM0=">AAAB+3icbVDLSsNAFJ3UV62vWJdugkVwVVIrPnZFNy6rWFtoQ5lMJ+3QySTM3EhDyK+4caGIW3/EnX/jJA2i1gMXDufcO3PvcUPOFNj2p1FaWl5ZXSuvVzY2t7Z3zN3qvQoiSWiHBDyQPRcrypmgHWDAaS+UFPsup113epX53QcqFQvEHcQhdXw8FsxjBIOWhmZ1AHQGya1+ALuMM4jToVmz63YOa5E0ClJDBdpD82MwCkjkUwGEY6X6DTsEJ8ESGOE0rQwiRUNMpnhM+5oK7FPlJPnuqXWolZHlBVKXACtXf04k2Fcq9l3d6WOYqL9eJv7n9SPwzp2EiTACKsj8Iy/iFgRWFoQ1YpIS4LEmmEimd7XIBEtMQMdVyUO4yHD6ffIiuT+uN5r15s1JrXVZxFFG++gAHaEGOkMtdI3aqIMImqFH9IxejNR4Ml6Nt3lryShm9tAvGO9f8FyVKQ==</latexit>

Refined Poses
<latexit sha1_base64="zt0YSXUdArYu04ZKoWaPV8hO4jk=">AAAB/XicbVDJSgNBEO2JW4xbXG5eGoPgKUyMuNyCXjxGMQskQ+jp1CRNeha6a8Q4BH/FiwdFvPof3vwbO5MganxQ8HivqrvquZEUGm3708rMzS8sLmWXcyura+sb+c2tug5jxaHGQxmqpss0SBFADQVKaEYKmO9KaLiDi7HfuAWlRRjc4DACx2e9QHiCMzRSJ7/TRrjD5Bo880CXVkMNetTJF+yinYLOktKUFMgU1U7+o90NeexDgFwyrVslO0InYQoFlzDKtWMNEeMD1oOWoQHzQTtJuv2I7hulS71QmQqQpurPiYT5Wg9913T6DPv6rzcW//NaMXqnTiKCKEYI+OQjL5YUQzqOgnaFAo5yaAjjSphdKe8zxTiawHJpCGdjHH+fPEvqh8VSuVi+OipUzqdxZMku2SMHpEROSIVckiqpEU7uySN5Ji/Wg/VkvVpvk9aMNZ3ZJr9gvX8B7RGVqg==</latexit>
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Figure 4.2: The overview of our training scheme. We train depth, 2D motion, and reliability score
as well. In testing time, we use feature vector v for loop detection, and reliability score driven
information matrix for post global refinement.

we train and test on a limited size of dataset, it rarely happens but if a learned model runs in real

environment, it could be common case. If we have multiple predictions between edges and choose

good quality amongst them, then it helps to avoid serious edge errors.

In this chapter, we propose incorporating training architecture to train monocular depth and camera

pose derived from 2D velocity. Moreover, since we consider global optimization , we predict

optimal information matrix (reliability) to get improved global optimization results. The results are

demonstrated with several publicly available monocular video dataset and evaluated. The itemized

contributions are as follows:

• We suggest a novel scheme for depth and camera pose formulated with angular velocity

formulation.

• In order to estimate local reliability, we use the first order derivatives of loss function with

respect to camera pose as well as learned reliability score from composite loss.

• We model the relationship between predicted camera pose and reconstruction loss to effi-

ciently refine local estimates.
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4.1 Method

4.1.1 Overview

As displayed in Figure 4.2, our architecture includes two separated U-Net shaped networks [92,

125] for 2D motion and depth prediction respectively. Specifically, DepthNet predicts depth and

scene feature vector fDepthθ (I i) → Ẑi, vi, and MotionNet predicts 2D motion flow (i.e. optical

flow) and reliability score fMotion
θ (I i,Ij)→ OF ij, αij . Please note that we use bold font for vec-

tor while normal font for single scalar. Those two networks are jointly trained in the self-supervised

manner. To compute 6 DoF camera pose, we use solve linear optimization from predicted depth

and 2D motion. All network layers are fully differentiable so we can do end-to-end training. For

the detail of training, please refer to Section 4.1.2.

4.1.2 Baseline self-supervised learning model

Since we use a sequential pair of RGB frames as input, it is possible to use one side image as

the supervisory signal to the other side of image as used in many other self-supervised learning

scheme [126, 32] by leveraging the geometric constraint between the pair. Similar to [91, 123, 63],

we use photometric consistency loss from relative 2D motion for self-supervision. In our training

setting, by feeding a pair of images (I i,Ij) to MotionNet, we first predict 2D pixel-wise flow

OF ij ∈ RH×W×2, then from a source image Ii, we synthesize target image fw : (I i,OF ij) →

Îo

i→j by utilizing spatial transformer network (STN) [49]. Then we can simply design the loss by

measuring the distance between target image Ij and warped image from the source Îo

i→j .
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4.1.3 2D motion field driven scene synthesis

While other self-supervised VO systems use Euler transformation for scene synthesis, [126, 32] we

utilize angular velocity as used in [41, 52, 63]. By explicitly utilizing the 2D velocity, we can take

further advantages such as semantic segmentation to filter out unnecessary objects or refinement

from 2D motion while direct pose regression cannot. According to pinhole camera model, the

relationship between a 2D coordinate x and corresponding 3D coordinate X as a function of time

(t) is written as:

x(t), y(t) =
fX(t)

Z(t)
,
fY (t)

Z(t)
,

where f means focal length. In order to get the 2D velocity of them, by taking a partial derivation

for both sides with respect to time (t), we can get following equation [41, 52, 63]:

v =
1

Z
Aτ + Bω,

where matrix A, andB are constant matrix which is cross product form with the focal length f , and

τ ∈ R3 and ω ∈ R3 are respectively translation and angular velocity written in axis representation.

With given depth (Z) and 6 DoF camera pose (τ , ω) we can simply compute rigid 2D motion (i.e.

motion field). Let fv is a function to generate the motion as: fv : (Z, τ ,ω)→ v. Also, by solving

linear system, we can define inverse operation as well fp : (v,Z) → τ ,ω [63]. One advantage

of this operation is that we can build end-to-end differentiable network for converting optical flow

to camera pose and vice versa. Similar to optical flow based scene synthesis, we generate camera
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pose driven warp image with 2D warping function fw as:

Îv

t = fw(Is,v)

By minimizing the distance D(·) between I t and Îv

t , we can train 2D motion and ego-motion as

well as depth in a single loss function.

Appearance based loss In order to achieve robust image comparison, we adapt SSIM [113] and

L1 mixed image comparison (λ = 0.85) method used in [5].

D(a, b) = λ
1− SSIM(a, b)

2
+ (1− λ)||a− b||1

Our baseline self-supervised photometric consistency loss can be described as below:

Lo = D(Ij, Î
o

i→j)

Lm = D(Ij, Î
v

i→j) (4.1)
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4.1.4 Multi-pair composite warping loss

One the simplest way of describing an image frame without using itself is the warping version of

the very previous frame I t+1 = fw(I t,vt→t+1). However, it is also possible to describe the frame

as a weighted combination of multiple previous images as Îc

t =
∑

i αifw(I t−δi ,vt−δi→t). Intu-

itively, the weight αi indicates how much each neighbour contribute to describe Îc

t . As displayed

in Figure 4.1, with this weighted composite warping image, we can train a reliability score between

frames. We build composite warping loss described as follows:

wst =
eαst∑
·t∈E e

α·t

Îc

t =
∑

st∈E

wstÎ
v

s→t

Lc = D(I t, Î
c

t)

where αst is learned parameter which implies reliability between image Is and I t. Also, wst is

normalized weight value using softmax from initial prediction αst. Then, combined image is used

for loss similar to previous losses.

4.1.5 Edge aware smoothness loss

In order to regularize smoothness, we use edge aware smoothness term in addition to photometric

consistency loss as used in [32]. We apply the regularization for both predicted 2D flow and depth
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as:

Ls.OF =
∑

d∈D

|δdOF t|e−|δdIt|,

Ls.Z =
∑

d∈D

|δdẐt|e−|δdIt|,

Ls = Ls.OF + Ls.Z

where D is a set of gradient directions such as {x, y}.

4.1.6 Pose cycle consistency loss

Since we deal with sequential dataset, we can build additional consistency loss about relative rela-

tionship to another relationship used by Li et al.[67]. Specifically, a merged relative transformation

of i→ j and j → k should be similar to a longer transformation of i→ k. It can be applicable on

both camera pose and predicted optical flow as:

Lp =
∑

(i,j,k)∈E

∣∣T ijT jkT
−1
ik − I

∣∣
1
,

i, j, k ∈ E if i < k ≤ i+N, i < j < k,

where T ij ∈ R4×x is transformation matrix from i-th frame to j-th frame and N means maximum

edge distance. After adding all losses, our final loss function is:

L = Lo + Lm + Lw + λpLp + λsLs.
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4.1.7 Information matrix for global refinement

Theoretically, the result quality from the most ego-motion prediction methods eventually suffer

from accumulation error. Even though each predicted relative ego- motion is good quality, unless

prefect, error accumulates as the concatenated path becomes longer. Thus, it is necessary to apply

refinement step to minimize the accumulated error.

Amongst possible optimization schemes, we choose pose graph optimization and use g2o frame-

work implementation [61] with python wrapper. In order to do pose graph optimization, we use

two things: initial pose (X) and relative relationship between poses (p). According to Li et al.[67],

they consider the relative edges between nodes with same weights for the refinement step. How-

ever, in practice, each relative relationship does not equally contribute the good pose graph. More

reliable edges should get higher weight than less reliable edges.

According to well studied graph optimization [38, 61], the framework minimizes following energy

function:

E =
∑

i∈E

e(Xi,Xj,pij)
>Ωije(Xi,Xj,pij) (4.2)

X∗ = arg min
X

E,

where Xi means i-th absolute position and pij is relative transformation from i to j-th camera

position. Also, Ωij is information matrix between i to j-th poses, which reflects the uncertainty

between the frames. We focus on the information matrix in order to selectively consider more

reliable pose prediction for pose this optimization step.

Building information matrix In pose graph optimization context, information matrix measures

uncertainty of measurement and also known as inverse covariance of observed distribution [38].
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Intuitively, the higher values an information matrix has, it effects more to the optimized poses. In

contrast to other classical SLAM methods [105, 81, 21], it is difficult to achieve the map-measured

information matrix especially in this self-supervised training system since we only predict 6 DoF

camera ego-motion from a pair of input frames without creating map. Instead of achieving exact

information matrix, we indirectly solve this problem by keeping the natural property of information

matrix which is uncertainty about prediction.

Within the pose optimization framework, the probability of an estimation ( ˆtextbfp) can be de-

scribed as Gaussian distribution with pgt and Σg as mean and covariance respectively written as:

p(p̂) ∼ G(pgt,Σg)

=
1√

(2π)6|Σg|
e−

1
2

(p̂−pgt)>Σ−1
g (p̂−pgt). (4.3)

The inverse covariance matrix Σ−1
g is corresponding to the information matrix mentioned earlier.

In order to get the inverse covariance, we need to consider covariance matrix globally. At first, a

covariance matrix of an estimation between i and j-th is an expectation of outer product of error

vector itself as:

Σij = E
[
(p̂ij − pgtij )(p̂ij − pgtij )

>]

= E
[
eije>ij

]
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Then, we assemble global matrix Σg by using local covariance matrices as follows:

Σg =




Σ11 Σ12 . . .

... . . .

ΣN1 ΣNN



.

Then take inverse to the global covariance matrix in order to get the inverse covariance matrix used

in Equation (4.3).

Σ−1
ij = (Σg)

−1
ij

Since it is tricky to set the constraints to get the global inverse matrix, we convert the problem

simple. If we consider a single sample and assume that the error has zero mean, then we can

approximate the inverse covariance as:

σ =

√
1

N

∑

i

(ei − µ)2

=
√

e2
i = |ei|

σ−1 ≈ 1

|ei|
(4.4)
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Under the natural constraint of information matrix diag(Ω) > 0 which is inverse covariance of

measurement distribution, from Equation (4.2), we can intuitively find a good information matrix

by taking inverse of ground truth driven error vector e as:

Ω ∝ e−1

According to this approximation, we can assemble diagonal information matrix using inverse of

error vector as described below:

eij = (XiM̂ij)
−1Xj

Ω0:3,0:3
ij ∝ (e0:3,3

ij )−1

Ω3:6,3:6
ij ∝ (ToNormQuat(e0:3,0:3

ij ))−1

Xi ∈ R4×4 means i-th absolute ground truth position and M̂ij ∈ R4×4 is predicted relative motion

from i to j-th frame. In order to make problem simple, we consider the information matrix is a

diagonal matrix and the rotation error is converted into normalized quaternion by following the

implementation of g2o.

We estimate uncertainty from two features: Reliability and Sensitivity. High uncertainty comes

from low reliability and high sensitivity. Fortunately, we train reliability score from composite

warping loss in Equation (4.2). For the sensitivity score, we can indirectly measure it by taking

derivatives of motion field loss function Lm with respect to predicted relative camera pose (p̂).

Intuitively, if a pose has low sensitivity, then the predicted value is also trustful since the prediction
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Figure 4.3: A pair-wise correlation examination between each axis of error vector and possible
variables such as sensitivity, predicted α, and motion field loss Lm. As marked with red frames,
sensitivity show strong correlation with rotation part of error vector. In terms of translation, espe-
cially z-axis error, α and Lm show strong inverse and regular correlation.

is robust against fluctuation. We can describe the sensitivity as:

sij =
∂Lm(p̂ij)
∂p̂ij

(4.5)

In order to find variables which have correlation with error vector, we evaluated pair-wise cor-

relation using KITTI dataset sequence 00 in Figure 4.3. Amongst the possible pairs, {rotation

sensitivity ,rotation error} , {Reliability score and z-axis of translation error}, and {motion field
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Figure 4.4: Scatter plot of the error vector elements versus uncertainty related variables (Sensitivity
Equation (4.5), motion field loss Equation (4.1), and α (Section 4.1.4) using KITTI [28]. Rota-
tion error and sensitivity show strong correlation between them, and translation error and motion
field loss and α show strong correlation.Note that displayed variables are normalized for better
visualization.

loss and z-axis of translation error} show strong correlation.

In order to verify the correlation across every KITTI dataset, in Figure 4.4, we plot the correlation

between error motion ,and sensitivity, reliability score and motion field driven warping error (Lm).

The KITTI dataset shows strong correlation between sensitivity and rotation error while UZH-

Drone dataset much weaker correlation. When a scene has high depth, then it suffers more with

rotation error, and KITTI dataset tends to have higher depth than UZH-Drone dataset. According

to the visual analysis, we can find proportional relationship between error motion and uncertainty
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variables. Then we can infer the property of good information matrix for KITTI dataset as:

Ωr
ij ∝ s−1

ij

Ωt
ij ∝ αij,Lm(pij)

−1

Please note that the correlation heavily depends on the dataset characteristics. For the same types of

dataset, they may share same correlation but need to investigate the correlations for totally different

type of dataset such as under water exploring dataset.

In Figure 4.5, we evaluate several different types of information matrices on KITTI dataset. As

the baseline, we set the constant weight on every edges, and use motion field loss, trained α, and

camera pose gradient. Also, we tested the mixed version of three methods described before and put

the best performance as optimal. The information matrix based on the inverse error (which uses

ground-truth) blue color bar in the figure and shows the best performance. On average, our ground-

truth free information matrix shows 15.54% and 8.71% performance boost in terms relative rotation

and translation respectively. With ground truth driven information matrix, they show 27.45% and

11.79% improvement.

4.1.8 Numerical Analysis of Reconstruction loss

As described in Section 4.1.3, the motion field reconstruction lossLm reflects the quality of camera

pose and predicted depth Ẑ. Chen et al.[13] use gradient with respect to loss in order to optimize

the pose prediction without additional network predictions. With a given good depth prediction

Z, the probability of camera ego-motion is approximated similar to Gaussian distribution which is

maximized at optimized camera pose p∗ as:
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p(pi|Ii, Ij,Z) ≈ 1

N
e−|Ii−fw(Ij |pi,Z)

≈ 1

N
e
−|pi−p∗i |

σ

By keeping the depth constant, given an axis of predicted camera pose p̂, we can simplify the

reconstruction loss as a function of camera pose. In order to do fine refinement of camera pose, we

approximate the loss function as a quadratic function of camera pose as follows:

L(p̂) ≈ 1

2
(ap̂− b)2 + c,

where a, b and c mean three coefficients of parabola equation. From the parabola function above,

we can simply find the optimum camera pose p∗ = b
a

which makes the gradient of loss function

zero ∂L(p̂)
∂p̂

= 0, and those coefficients can be found by using the first and second derivatives of loss

with respect to camera pose ∂L(p̂)
∂p̂

∣∣∣∣
p̂

= a2p̂ − ab and ∂2L(p̂)
∂2p̂2

∣∣∣∣
p̂

= a2. After some arrangement, we

can find the optimal pose:

p† = arg min
p̂
L(p̂)

= p̂− ∂L(p̂)

∂p̂
/
∂2L(p̂)

∂2p̂2

p∗ = p̂− λn
∂L(p̂)

∂p̂
/
∂2L(p̂)

∂2p̂2
(4.6)
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Since the optimal pose may sensitive to noise, for safety, we fuse the original pose and the optimal

pose with balancing parameter λn. In Figure 4.6, we further analyze the effect of λn on the eval-

uation results. The absolute trajectory error (ATE) of KITTI sequences (00-08) shows minimum

around λn = 1.0. Please note that with λn = 0 it is the original predicted pose and λn = 1 means

optimal pose using the above optimization.

4.1.9 Close loop detection

We use K-Nearest Neighbors method to find closed loop instead of predefined ORB feature based

bag-of-word (DBoW2 [26]) since the performance of pre-defined BoW is limited to its training

set. For example, the ORB feature works well matched to car driving dataset such as KITTI [28],

however it does not fit to another dataset which is recorded in different environment such as UZH

Drone dataset [16].

We train the feature vector within our self-supervised training so that the closed loop detection is

more adaptive and simpler to implement than local feature based BoW methods. However, since

it is global feature vector of a scene, this feature shows clear limitation on partial matches. For

example, in our experiments, we fail to detect opposite direction or cross intersection as a loop

which require partial matching to find loop.

4.2 Implementation Details

In training, we use Adam optimizer [58] with β1 = 0.9 and β2 = 0.999. Our model is implemented

using Tensorflow 1.4 [1]. For close loop detection, we use Approximate Nearest Neighbour python

wrapper. We use learning rate at the beginning 0.0001 and per each 5 epochs, we half the learning

rate. For the final loss function, we use λp = 0.015 and λs = 0.1.
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Method Seq.09 Seq.10
ORB-SLAM (full) [81] 0.014 ± 0.008 0.012 ± 0.011
ORB-SLAM (short) [81] 0.064 ± 0.141 0.064 ± 0.130
DF-Net [128] 0.017 ± 0.007 0.015 ± 0.009
Godard et al.3 [33] 0.017 ± 0.008 0.015 ± 0.010
SFMLearner [126] 0.016 ± 0.009 0.013 ± 0.009
Klodt et al.[60] 0.014 ± 0.007 0.013 ± 0.009
EPC++(mono) [72] 0.013 ± 0.007 0.012 ± 0.008
GeoNet [123] 0.012 ± 0.007 0.012 ± 0.009
Struct2Depth [12] 0.011 ± 0.006 0.011 ± 0.010
GLNet [13] 0.011 ± 0.006 0.011 ± 0.009
Ours (W/O Refinement) 0.014 ± 0.008 0.013 ± 0.009
Ours (W/ Refinement) 0.0136 ± 0.008 0.0128 ± 0.009

Table 4.1: Average of absolute trajectory error (ATE) comparison with using KITTI odometry
benchmark suite [28]. All method use monocular video for pose prediction and for comparison,
we use 5-snippets in order to get absolute trajectory as introduced by Zhou et al.[126]

4.3 Experimental Results

In this section, we evaluate our model by focusing on the quality of predicted camera ego-motion.

From the baseline which only use our consistency losses, we validate our extra features such as

optimized information matrix post optimization, and other consistency losses. Also, we validate

how the optimized pose (Equation (4.6)) helps to improve the result.

4.3.1 Dataset

The first dataset is KITTI [28] which is widely used by other geometric understanding task such

as depth, ego-motion, and optical flow. Other interesting dataset is UZH drone dataset [16] that is

relatively recently released dataset and has much different camera trajectories and scene statistics

than for cars driving on a road.
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4.3.2 Trajectory Evaluation

One common evaluation metric is absolute trajectory error (ATE) which measures absolute trans-

formation error with limited frame snippets. Since our predicted translation has scale ambiguity,

we do scale matching after collecting certain number of frames (common length is 5) then measure

the error. In Table 4.1, we report ATE averaged over all 5 snippets as introduced in [126]. It is

simple method to evaluate short-term prediction without considering scale ambiguity. Our results

outperform traditional feature-based SLAM techniques and are on-par with other state-of-the-art

learning based methods.

Another metric is relative translation/rotation error. For the comparison, we use two metrics trel

and rrel. trel means average relative translation (◦/100m) from 100, 200, ... , 800 m, and rrel

means average rotation drift (100m) of 100, ... , 800 m. The result is displayed in Table 4.12. In

order to make clear about ground truth based translation scaling, we tried both global scaling (†)

and individual scaling (‡) as used in [5]. From the baseline which we only care about single edge

between frames, we compare the result with better information matrix (I) and closed loop applied

version (R) as well. Especially, the mark (*) means the result from ground truth driven information

matrix. Our results generally shows better rotation error comparing to others.

Also, we tested our method using UZH dataset in Table 4.2. Since the dataset has low frame rate

and relatively new feature at the input, it is difficult to get correct trajectories from feature based

slam methods. In contrast, our method with closed loop show much low relative errors.

In Figure 4.7 we display qualitative results for KITTI dataset with closed loop refinement. Espe-

cially, we compared the baseline with equal weight for every edges, predicted weights and ground

truth driven weights. Also, in Figure 4.8, we plot two sequences from UZH dataset. In the right

side, we show separated error of xyz axis. With predicted weights, it shows slightly closer to the

ground truth. In Figure 4.9, we plot the trajectories for the rest of sequences in UZH dataset.
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Method Seq.03† Seq.05† Seq.07† Seq.09† Seq.06‡ Seq.10‡

trel relative translation
ORB-SLAM2 12.58 10.13 12.31 14.94 13.39 15.52
Ours (baseline) 10.60 9.68 10.32 5.68 10.55 9.41
Ours + R 3.62 4.52 5.94 2.70 6.55 7.97

rrel relative rotation
ORB-SLAM2 1.21 0.799 1.610 1.729 1.353 1.751
Ours (baseline) 0.33 0.31 0.79 0.92 0.81 0.66
Ours+ R 0.22 0.20 0.45 0.31 0.45 0.61

Table 4.2: Average of relative trajectory error (trel, rrel) comparison with using UZH Drone racing
dataset. According to the UZH evaluation metric, we use the average translation draft of {40, 60,
80, 100, 120} meters. R states post refinement applied results.

4.3.3 Depth and motion prediction

In Figure 4.10, we display several example predictions from KITTI dataset. The predicted depth

shows relatively strong signal at the edge part. We can understand that the edge parts contribute

more for predicting good camera ego-motion and motion field. Some other example is in Fig-

ure 4.11 for UZH-Drone dataset. The dataset has a box at the center of racing area so the box is

noticeable in terms of both predicted depth and motion.

4.4 Discussion

We have presented self-supervised integrated training network for 2D motion, depth and followed

by camera ego-motion, and post global refinement. With photometric and cycle consistency loss,

the reconstructed motion field helps to have more geometric consistency over entire image region.

In order to boost post optimization step, we first analyze the good information matrix and then

indirectly infer the good information matrix by using sensitivity and reliability score driven from

composite warping loss. Even though we use incomplete loop closure method, the optimization
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results show good quality for KITTI and reasonable results on UZH-drone dataset. Moreover,

through the numerical modelling of camera pose with respect to loss function, we show the ef-

fectiveness of local optimization. It is quite generally applicable to other camera pose prediction

methods.
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Figure 4.5: Result evaluation of various information matrix on KITTI dataset. We set constant
information matrix as a baseline and then evaluate the results with several variations of information
matrix. Generally, varying information matrix shows better results than the baseline. We display
the best results as red color. Blue color is ground truth driven information matrix and shows best
performance amongst them. Upper chart measures relative translational draft (%) and lower side
measures relative rotational error (◦). The letter L implies loop closure applied results. After
loop closure, constant weights show unstable result but our optimized information matrix show
relatively stable results.
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Figure 4.6: Absolute trajectory error (ATE) trend depends on λn. We measure how ATE (y-axis,
normalized) changes with varying λn. X-axis means λn = 0 used in Equation (4.6). When λn = 1,
the average ATE shows the minimum.
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KITTI-00 KITTI-01 KITTI-02

KITTI-03 KITTI-04 KITTI-05

KITTI-06 KITTI-07 KITTI-08

sKITTI-09 KITTI-10

Figure 4.7: Qualitative trajectory results on selected sequences from KITTI with different types
of information matrix: constant (baseline), predicted weight (PRED IM), and ground-truth driven
inverse error (Inv Error).
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UZH-03 UZH-03-axis

UZH-07 UZH-07-axis

Figure 4.8: Qualitative trajectory results on selected sequences UZH-Drone dataset. Predicted
trajectory comparison (left) and axis separated plot (right). Comparing to baseline, predicted in-
formation matrix and error driven show slightly improved results.
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UZH-03 UZH-05

UZH-09 UZH-10

Figure 4.9: Qualitative trajectory results on selected sequences UZH-Drone dataset.
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(a) input image (one side) (b) Predicted depth (c) Predicted motion field

Figure 4.10: Qualitative results of depth prediction and motion using KITTI dataset (Sequence 09,
not included in training set). From the input pair (a), we predict depth (b), and generated rigid
motion field (c). Since we focus on ego-motion by minimizing motion field loss, our predicted
depth emphasizes edge part which can help valid 2D motion and camera ego-motion.
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Figure 4.11: Results of depth prediction and motion of UZH-Drone dataset.
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Method Input Opt S 00∗ 01∗ 02∗ 03∗ 04∗ 05∗ 06∗ 07∗ 08∗ 09? 10?

trel relative translation (Globally scaled)
SFMLearner [126] Mono x o 66.4 35.2 58.5 10.8 4.49 18.7 25.9 21.3 21.9 18.89 14.3
UnDeep VO [65] Stereo x x 4.14 69.1 5.58 5.00 4.49 3.40 6.20 3.15 4.08 7.01 10.6
Zhu et al.[127] Stereo x x 4.95 45.5 6.40 4.83 2.43 3.97 3.49 4.50 4.08 4.66 6.30
Ambrus† et al.[5] Mono x o 4.88 12.61 4.19 4.01 3.2 5.26 8.18 6.33 7.34 6.72 9.52
Li et al.[67] Stereo x x 4.33 17.98 6.89 4.51 2.3 3.91 4.6 3.56 4.04 8.10 12.9
Li et al.[67] Stereo o x 3.24 17.98 4.85 4.51 2.3 1.83 2.74 3.53 4.04 6.23 12.9
Ours† (baseline) Mono x o 4.60 55.7 9.26 7.50 2.34 4.70 4.20 4.39 7.17 12.0 13.1
Ours† + I Mono x o 4.46 55.6 9.09 7.46 2.34 4.66 3.83 4.36 7.16 12.0 13.0
Ours† + I∗ Mono x o 4.40 55.4 7.36 7.47 2.31 4.69 3.80 4.20 7.19 11.5 12.0
Ours† + IR Mono x o 3.42 - 4.22 - - 3.46 2.69 2.82 x 11.9 -
Ours† + IR∗ Mono x o 3.16 - 3.87 - - 3.35 2.24 2.60 x 13.5 -

trel relative translation (Locally scaled)
Ambrus‡ et al.[5] Mono x o 1.29 1.63 1.06 1.84 0.55 1.58 0.91 2.25 1.84 3.51 2.32
Ours‡ (baseline) Mono x o 2.20 1.98 2.52 1.53 1.22 1.35 2.54 1.36 1.68 8.47 6.98
Ours‡ + I Mono x o 2.07 1.92 2.40 1.47 1.22 1.33 2.27 1.28 1.65 8.48 6.81
Ours‡ + I∗ Mono x o 1.97 1.85 2.10 1.41 1.20 1.11 2.03 0.98 1.40 8.05 6.30
Ours‡ + IR Mono x o 1.13 - 2.08 - - 1.10 0.88 0.86 x 6.33 -
Ours‡ + IR∗ Mono x o 1.30 - 1.86 - - 0.93 0.80 0.68 x 10.7 -

rrel relative rotation
SFMLearner [126] Mono x - 6.13 2.74 3.58 3.92 5.24 4.1 4.8 6.65 2.91 3.21 3.30
UnDeep VO [65] Mono x - 1.92 1.60 2.44 6.17 2.13 1.5 1.98 2.48 1.79 3.61 4.65
Zhu et al.[127] Mono x - 1.39 1.78 1.92 2.11 1.16 1.2 1.02 1.78 1.17 1.69 1.59
Ambrus et al.[5] Mono x - 0.55 0.48 0.45 0.94 0.45 0.67 0.34 1.15 0.70 1.57 1.48
Li et al.[67] Stereo x - 1.85 1.44 2.61 2.82 0.87 1.64 2.85 2.39 1.53 2.81 3.17
Li et al.[67] Stereo o - 1.35 1.44 1.60 2.82 0.87 0.7 2.6 2.02 1.53 2.11 3.17
Ours (baseline) Mono x o 0.95 0.50 0.65 0.77 0.66 0.61 0.95 0.80 0.60 3.62 2.99
Ours + I Mono x o 0.93 0.49 0.63 0.75 0.67 0.62 0.87 0.76 0.60 3.62 2.93
Ours + I∗ Mono x o 0.81 0.43 0.59 0.66 0.62 0.49 0.76 0.59 0.49 3.43 2.74
Ours + IR Mono x o 0.69 - 0.72 - - 0.58 0.40 0.57 x 2.54 -
Ours + IR ∗ Mono x o 0.54 - 0.55 - - 0.41 0.35 0.51 x 3.33 -

Figure 4.12: Evaluation results using KITTI dataset. We use two evaluation metric: trel : average
translational root means squared error (RMSE) drift (%) from 100 to 800 m and rrel : average
rotational RMSE drift (◦/100m) of length 100 to 800 m. ∗ means results from ground-truth driven
information matrix. Opt means post global optimization and S means do ground-truth driven
scaling for comparison. For the clear comparison with translation scaling, † implies global scaling
and ‡ means individual scaling. For the sequence 08, we fail to find closed loop so we marked as
x.
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Chapter 5

Space-time localization and mapping

A strategic question for scene understanding is how to leverage large repositories of images, video

and other sensor data acquired over an extended period of time in order to analyze the content

of a particular image. For static rigid scenes, a classic approach is to use visual SLAM, structure-

from-motion, and multi-view stereo techniques to build up an explicit model of the scene geometry

and appearance. These methods are well developed and have been scaled up to increasingly large

problems in modeling outdoor and indoor scenes (see e.g., [2, 97, 24, 59, 23, 6]).

Such a geometric approach to scene understanding can make strong predictions about a novel test

image including the camera pose (via feature matching and camera localization) and the appear-

ance of points or surface patches projected into the image. However, reconstruction-based analysis

typically neglects dynamic objects that change over time and are treated as outliers with respect

to the estimation of a single rigid scene model. This problem becomes more acute as data is inte-

grated over longer periods of time, during which an increasing proportion of objects in the scene

may move non-rigidly. For example, people move on the time-scale of seconds while furnishings

may shift on the time-scale of days and architecture and landscapes over years.

In this chapter, we investigate how the scope of such techniques can be extended by registering
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Figure 5.1: Raw measurements (pointclouds) captured at different times are aligned and probabilis-
tically merged into a single 4D model that describes the spatio-temporal geometry of the scene.
Model fitting reasons about occlusion, inferring complete surfaces even when they may not have
been occluded at some times. The resulting integrated space-time map supports further analysis
such as change detection and segmentation of dynamic objects.

observations to a 4D reconstruction that explicitly represents geometric changes over time. We

focus specifically on space-time mapping of indoor scenes where RGB-D sensors provide streams

of high-quality geometric data and odometry over short time intervals and limited fields of view,

but data acquired, e.g. on different days, is inconsistent due to changes in the scene. The key

inferential challenge is thus distinguishing sensor noise and reconstruction errors from genuine

changes in the scene geometry.

We describe a simple generative probabilistic model for 4D structure in which surface patches,

specified by a spatial location, orientation and temporal extent, generate point and normal ob-

servations over time. These observations are only recorded by the sensor if they fall within the

spatio-temporal field of view of a measurement and are not occluded by other surfaces patches

which exist at that same time. We assume the scene is static and rigid for the duration of each mea-

surement and leave the problem of spatio-temporal grouping of surface patches into object tracks
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Figure 5.2: Observations are explained by a collection of surface patches that exist for some tem-
poral extent and emit point observations into some unknown local coordinate system. We use a
probabilistic mixture model (right) that represents parameters for K patches producing Nt point
observations at each of T time points. The prior probability of a patch emitting an observation at a
given time πt depends on whether the patch exists etk and is visible vtk, which in turn depends on
the space-time geometry of the scene (ξk,µk,νk).

across time points as a post-process. Fitting the model to a time-stamped stream of measurements

yields an estimate of the 4D scene structure as well as the location of the camera at each measure-

ment time point. We term this problem Space-Time SLAM since it generalizes the standard offline

RGB-D SLAM problem with a 4th temporal dimension1.

The chief merits of this approach are in (1) providing robust pose estimation in the presence of

changing scenes and (2) producing scene reconstructions that more accurately reflect the scene

geometry at any given time point. In particular, by reasoning about occlusion, the model is capable

of inferring amodal completion of surfaces which may be hidden by an object during some times

but later revealed when the object moves. We quantify these benefits relative to baselines that

lack an explicit temporal model using a synthetic dataset where ground-truth geometry and pose

are known. We also perform comparisons using challenging data collected from several indoor

workspaces over the course of several weeks. Finally, we demonstrate the utility of the recovered

4D model in segmenting dynamic objects by simply clustering surface patches based on their

temporal extent.

1We assume the temporal coordinate of each measurement is given while a full generalization of SLAM would
also estimate the 6+1 DOF camera space-time pose
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5.1 Space-time model fitting

We now describe our model for 4D geometry as a collection of surface patches with specified

location, spatial and temporal extents. The model is fit to 3D point observations using a generative

probabilistic approach inspired by the joint registration methods of Horaud et al. [44] and Georgios

et al. [22]. For model overview, please refer to Figure 5.2.

5.1.1 Notation and Model Formulation

Surface patches We model the scene as a collection ofK surface patches. Each patch has a mean

parameter (µk,νk) ∈ R3 × S2 that describes the location and orientation. The spatial extent and

roughness of the surface patch is described by corresponding variance parameters (Σk, τk). Addi-

tionally, each patch k has a specific temporal extent during which it exists in the scene specified by a

time interval [ak, bk]. We denote the collection of shape parameters by X = {(µ1,Σ1,ν1, τ1), . . .}

and temporal parameters by ξ = {(a1, b1), (a2, b2), . . .}. We use the binary vector etk ∈ {0, 1} to

indicate if patch k exists at time t so that etk = 1 iff t ∈ [ak, bk].

Observations The input data stream consists of observations of scene structure Y = {y1 . . .yT}

at T discrete times. The observation at time t consists of Nt points with surface normals yt =

{(lit,nit) ∈ R3×S2}1≤i≤Nt where lit and nit to denote the location and surface normal associated

with observation yit. In our experiments this data comes from a scan acquired by an RGB-D sensor

but could come from other sources (e.g., ToF laser scanner or SfM reconstruction).

Pose and Occlusion Individual observations are assumed to be metric but are recorded in an

arbitrary local coordinate system specified by unknown pose parameters Θ = {Rt, tt}1≤t≤T which

vary across time. We estimate a rigid transformation φt mapping each observation into a single
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global coordinate system. φt(lit,nit) = (Rtlit + tt,Rtnit). A patch k may not be visible at time t

due to the sensor placement relative to the scene structure. We use the variable vtk ∈ {0, 1} indicate

whether patch k is visible at time t which depends on the 4D model X and sensor parameters.

Generating Observations from Patches To generate observed data at time t from scene (X , ξ)

with a specified camera placement, we select a surface patch k at random from those patches

present at time t. If the patch is visible from the sensor position, then we sample a point location

and normal from the patch density with parameters µk,Σk. To allow for noise in the observations,

we also include a background noise component whose distribution is uniform over the volume of

a bounding box enclosing the scene model.

For a given time t, the probability of generating an observation y in local coordinates is modeled

as a probabilistic mixture:

P (yt|X ,Θ, ξ) =
K∑

k=0

P (φt(yt)|Xk)P (k|et,vt) (5.1)

The probability of generating an observation from patch k is given by:

πt(k) = P (k|et,vt) =





1
Zt
p0 k = 0

1
Zt
pketkvtk k ∈ {1 . . . K}

where pk is the time-independent intensity with which a patch k generates observations, p0 is the

background noise intensity, and Zt is a normalizing constant.

Observations associated with a given patch are transformed into the global coordinate frame with

location modeled by a Gaussian density and unit surface normal modeled by a von Mises Fisher
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(vMF) density

P (φt(l,n)|Xk) = P (φt(l)|µk,Σk)P (φt(n)|νk, τk)

P (φt(l)|µk,Σk) =
1

Z(Σk)
exp(−1

2
||(Rtl + tt)− µk||2Σk)

P (φt(n)|νk, τk) =
1

Z(τt)
exp(τkn

TRT
t νk)

Background noise points (k = 0) are drawn from a uniform distribution over the observation

volume y ∼ U(V × S2).

5.1.2 Computing Visibility

To assign observations to surface patches, we need to compute visibility variables vtk that indicate

if patch k is visible at time t. In order for a patch to be observed it must fall within the field of

view of the sensor and must not be occluded by any other surface that existed at the observation

time. For each time, we have one or more sets of camera parameters associated with gathering

observations yt which we write as {Ctu}1≤u≤Ft where Ft is the number of RGB-D frames used to

build the observation.

Let φ−1
t be the transformation specified by parameters Θt that transforms the global model X

into the local coordinate frame used by observations at time t. We define the indicator function

FOV (φ−1
t (µk,νk),Ctu) to be 1 if patch k was in the field of view of camera Ctu.

To estimate occlusion, we use the hidden point removal algorithm introduced in [94] applied to the

union of the observed points yt and the set of transformed patch locations φ−1
t (X ) which are in

the field of view. Let OCL(φ−1
t (µk), yt,Ctu) be 1 if φ−1

t (µk) is occluded by some part of yt from

camera viewpoint Ctu and 0 otherwise.
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Combining these two components, we estimate that a patch k should be visible at time t if it is

within the field of view and unoccluded in at least one camera view used to construct observation

yt.

vtk =





1
∃u : [FOV (φ−1

t (µk,νk),Ctu) = 1] ∧

[OCL(φ−1
t (µk), yt,Ctu) = 0]

0 otherwise

5.1.3 Model Parameter Estimation

To fit the model, we maximize the log-likelihood of observing Y given transformation parameters

Θ and space-time geometry {X , ξ} assuming independent point observations:

max
X ,Θ,ξ

log
∏

it

P (yit|X ,Θ, ξ)P (X ,Θ, ξ)

We assume an uninformative priors on X and Θ and a prior on ξ that favors longer intervals (see

below for details).

Let zit be a latent variable that denotes mixture assignments with zit = k when yit is a point from

patch k. We use expectation conditional maximization (ECM), which alternates between estimat-

ing expectations of Z and conditionally optimizing subsets of model parameters [79]. For a fixed

setting of model parameters, (X ,Θ,ξ), the E-step estimates the probability that each observation

yit came from surface patch k.

αitk = P (zit = k | X ,Θ, ξ)
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During the M-step we maximize the expected likelihood of subsets of parameters sequentially

conditioned on the other parameters. Letting s denote the iteration, we first update the alignment

parameters, followed by the scene geometry and finally the temporal extent.

Θs+1 = arg max
Θ

EZ
[

log
(
P (Y ,Z;X s,Θ, ξs)

)]

X s+1 = arg max
X

EZ
[

log
(
P (Y ,Z;X ,Θs+1, ξs)

)]

ξs+1 = arg max
ξ
EZ
[

log
(
P (Y ,Z;X s+1,Θs+1, ξ)

)]

We provide details for each parameter update below.

Patch Assignment Given the aligning transformation φt(·) for time t along with geometric, ex-

istence and visibility terms forK patches, we compute the posterior probability that an observation

is generated by a particular patch as:

αitk =
P (φt(yti)|Xk)πt(k)∑K

j=1 P (φt(yti)|Xj)πt(k) + β

where πt(k) is the mixing weight of a patch k at time t, β is the weight of the background/outlier

cluster which depends on p0, and we set αit0 ∝ β (see [44] for details).

Alignment Parameters Given the cluster assignment expectations for each observation, we

would like to update the estimated transformation parameters Rt and tt for t-th dataset. This

amounts to a weighted least-squares problem with orthogonality constraint on Rt. Following [44],

we simplify this expression by first constructing a single “virtual point” utk per mixture component
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that integrates the interaction of all observed points with the patch.

utk = wtk

Nt∑

i=1

αitklti wtk =

(
Nt∑

i=1

αitk

)−1

The optimal transformation can then be expressed as a weighted rigid alignment problem:

arg min
R,t

1

2

K∑

k=1

wtk||Ruk + t− µk||2Σk

When Σk is isotropic this can be solved efficiently using SVD (e.g., [46]). This provides a good

initialization that can be further refined by projected gradient for anisotropic case and the additional

linear term from the density over surface normals.

Spatial Patch Parameters Given the transformation parameters, we update mean and covari-

ance for each Gaussian mixture component.

µk =

∑T
t=1

∑Nt
i=1 αitkφt(lit)∑T

t=1

∑Nt
i=1 αitk

Σk =

∑T
t=1

∑Nt
i=1αitk

(
φt(lit)−µk

)(
φt(lit)−µk

)ᵀ
∑T

t=1

∑Nt
i=1 αitk

+ εvI

The variable εv is used to prevent the variance of a given cluster from collapsing (εv = 0.16

in our experiments). The updates for vMF mean and concentration parameters for the surface

normal follow a similar form [36]. In practice, we found that constraining the covariance to be

isotropic works well for large K and yields more efficient optimization. Patch intensity priors pk

are estimated as the assignment proportion
∑

it αitk scaled by the proportion of observations in
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which the patch was visible and existed.

Temporal Patch Parameters To reliably estimate when each patch is present, we must make

some stronger assumptions about the prior distribution over ek. We thus assume that a given patch

exists for a single temporal interval [ak, bk] during which the probability of the patch emitting an

observation is uniform.

P (etk = 1) =





γab t ∈ [ak, bk]

ε otherwise

where ε is a small constant and γ is chosen so the distribution integrates to 1 over the total obser-

vation interval T .

γab =
1− ε(T − (b− a))

(b− a)
,

To estimate ak, bk we maximize the expected posterior probability over times where the cluster

was visible:

[ak, bk] = arg max
a,b

∑

t∈[a,b]

vtk

[
Nt∑

i=1

αitk log(γab)

]
+
∑

t/∈[a,b]

vtk

[
Nt∑

i

αitk log(ε)

]
+ logP s(a, b)

where logP s(a, b) = avg(α··k) log(b − a + εp) is a prior that encourages existence of patches for

longer time spans. The prior is scaled using average value of α··k. In our experiments we use 0.05

for ε and 0.01 for εp.
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(a) Observations (b) Aligned observations from the same time point

(c) Merged observations from all time points. Note that per each time point, there was only one trash bin.

Figure 5.3: 3D model pieces with 4 different types (a) for “Laboratory” dataset. (b) and (c) shows
merged model with one time or space.

Extension to Non-parametric Mixtures In addition to standard mixture model fitting with fixed

number of clusters K, we also considered a variant of our model using a Dirichlet Process (DP)

prior over the cluster allocations [104, 69, 68]. This is appealing since it allows the model to natu-

rally grow in complexity as more observations become available. We use collapsed Gibbs sampling

to explore the space of the number of mixture components K and weights π. Rather than perform-

ing full Bayesian inference, we interleaved rounds of sampling with conditional maximization to

optimize alignment parameters. We observed empirically that starting from an initial state with

few mixture components and refining the alignment while non-parametrically growing the number

of components often resulted in better registration results (see experiments). We presume this may

be because the early energy landscape with few mixture components has fewer local minima.
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5.2 Space-Time Datasets

While there are a large number of published RGB-D and 3D scene datasets (e.g., [119]), previous

work has focused on static scenes described at a single point in time (or collected at high-frame

rate over a short interval). To validate our approach with more compelling temporally varying

elements, we developed datasets based on both synthetic scenes with simulated sensors and real

scans of human workspaces

Synthetic Data Synthetic data is easy to generate and provides perfect ground-truth which is

useful for evaluating reconstruction accuracy. To emulate the noise characteristics of real scanning,

we start from a 3D model and simulate acquisition of RGB-D data from a moving sensor and pass

it through a standard SLAM pipeline to produce a 3D point cloud which constitutes observation at

a single time point.

We use 3D room models provided by [40] and populate them with IKEA furniture models. Each

item of furniture is present for randomly specified interval of time. We generate a virtual sensor

trajectory by selecting several key points manually and synthesize a smooth path connecting the

key points. Given a trajectory we render a sequence of RGB-D frames which are then fed into the

ElasticFusion [116] pipeline to produce a simulated observed point-cloud. Back-projecting key-

points from the observation provides a ground-truth alignment with the world coordinate system

and mapping between the simulated observed points and the object ids in the scene model. We

generate 8 time point per scene producing scans with a million points (summarized in Table 5.1).

Real Data We also collected scans of 3 different indoor scenes (Laboratory, Kitchen, and Copier

room) once a day over several weeks using a Kinect sensor. We chose these scenes since they

contained a number of objects that naturally move from one day to the next by people passing

through the room. To provide the best quality and consistency in scanning, we used a custom
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Synthetic Data
Name # regions # times # frames # 3D points

Bedroom 1 8 3.2k 1.2M
Bathroom 1 8 4k 1.5M

Real Data
Name # regions # times # frames # 3D points

Laboratory 4 8 3k 1M
Copier room 1 7 1.5k 0.6M
Kitchen 1 5 1.5k 0.6M

Table 5.1: Summary statistics of test datasets.

motorized tripod fixture to automated the scan path. For our “Laboratory” dataset, we collected 4

scans per time point in order to cover different overlapping parts of a larger room (see Figure 5.3).

Each scan is processed individually using ElasticFusion [116] to produce a point cloud. Dataset

statistics are summarized in Table 5.1.

To establish a high quality ground-truth alignment, we exploit the presence of the floor which is

visible in all our recovered scans. We first segment the floor based on color and surface normal

from each scan. We then constrain the search over alignments to only consider translations in

the plane of the floor and rotations around the z axis perpundicular to the floor. This pre-process

greatly reduces the number local minima and, guided by a few hand-clicked correspondences, is

sufficient for finding high quality alignments which can be further refined to improve accuracy.

Once the scans are aligned into a common coordinate frame, we segment and annotate the points in

each scan with object instance labels such as “floor”, “desk”, “chair”, etc. These instance labels are

shared across time points, allowing us to identify observations at different times which correspond

to the same underlying surface and provide a basis for benchmarking the ability of our model to

correctly identify spatio-temporal extents (see Figure 5.6).

5.3 Experimental Evaluation

Figure 5.3 shows qualitative results of running our joint registration and reconstruction model on

the Laboratory dataset depicting (a) individual scans, (b) reconstruction of a single time point
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consisting of multiple overlapping scans, and (c) all time point reconstructions superimposed in a

single global coordinate system. Colors (b) and (c) indicate points belonging to different scans.

We quantitatively evaluate the method in terms of the accuracy of reconstruction and localization

(alignment). In particular, we show that the existence and visibility terms are valuable even when

aligning partially overlapping scans for static scenes. We then evaluate the accuracy of estimated

existence time intervals. Lastly, we demonstrate the utility of this 4D representation in segmenting

out dynamic objects in a scene.

Spatial reconstruction accuracy To evaluate metric reconstruction quality, we compare our

method to two baselines which don’t model temporal change. First, we consider running the Elas-

ticFusion pipeline applied to data concatenated from all time points (EF3D). Second, we consider

running ElasticFusion independently at each time point and subsequently align reconstructions

from different times using the method of Evangelidis et al. [22] (EF4D). EF3D produces a single

3D reconstruction which is compared to all time points while EF4D and our model produce 4D

reconstructions which change over time. We evaluate precision and recall (of those model points

that were visible from the sensor) w.r.t. ground-truth surface across all time points for the synthetic

4D benchmark using a distance threshold of 1cm.

As Table 5.2 shows, the precision of a single 3D reconstruction (EF3D) is lower than the 4D models

(EF4D,ours). Our model further improves precision over simply aligning individual time points by

providing more robustness to dynamic objects. Our method also shows a substantial boost in recall

over both baselines due to the ability of the model to fill in occluded regions with observations

from a different time.

Temporal reconstruction accuracy We use the synthetic dataset for which the ground-truth

duration of existence of each object is known and evaluate the accuracy ( Table 5.3). Since

our model predicts existence of patches, we establish a correspondence, assigning points of each
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Figure 5.4: Registration accuracy of our method (ST-SLAM) compared to (ICP) [8] and joint reg-
istration (JRMPC) [22] measured by average closest point distance. Error axis is on a logarithmic
scale. Explicitly inferring visibility improves robustness to partial overlap, as does using non-
parametricly growing the number of mixture components during optimization (ST-SLAM+DP).
Error in estimated rigid transformation parameters behaves similarly (see supplement).

ground-truth object to a mixture component in our estimated model. This assignment imposes

an upper-bound on the accuracy (i.e., since a mixture component may span two different objects

whose temporal extent differs). We find that most incorrect predictions come from near such edges.

Density visualization Since our reconstruction is generative, we can also visualize it as a spatio-

temporal probability density. In Figure 5.5, we display the estimated density of observations

marginalized over all time as well as conditioned on specific time points alongside the corre-

sponding scene. To aid visualization, we exclude the background scene component and rescale

the colormap. As the figure shows, the estimated space-time density tracks the arrangement of

furniture within the room.

Robustness on partially overlapping observations Previous joint registration methods [8, 54,

22] that align multiple pointclouds into a single consensus model often rely on a high degree of

overlap between scans in order to achieve correct alignment. Since our approach explicitly models
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EF3D EF4D Our method (STSLAM)

Precision 71.3% 92.7% 93.3%
Recall 90.4% 90.0% 98.5%

Table 5.2: Evaluation for reconstruction quality. Baselines EF3D merges all observations in a
single 3D model; EF4D builds a separate model for each time point and then registers them. Our
model of temporal extent and visibility improves both precision and recall. See Section 5.3 for
details.

Baseline STSLAM STSLAM-DP Upper-bound

Bedroom 83.2% 90.8% 90.9% 95.5%
Bedroom (NS) 41.2% 74.3% 74.8% 95.4%
Bathroom 69.7% 78.0% 77.7% 95.0%
Bathroom (NS) 31.8% 62.2% 62.7% 99.9%

Table 5.3: Temporal reconstruction accuracy. Baseline assumes every object exists for all time
points. Non-static (NS) evaluation excludes the static background component. Upper-bound indi-
cates maximal achievable accuracy given the spatial quantization imposed by cluster assignment.

which surface patches are visible in a given scan, it can handle larger non-overlapping regions by

allocating additional mixture components and explaining away the lack of data generated from

those components in scans where they were not visible.

To demonstrate the value of estimating visibility, we carry out an experiment on the ground-truth

Laboratory reconstruction by splitting a single time point into two pieces with controlled degree of

overlap, ranging from 50% to 90%, apply a random rigid transformation and add Gaussian noise

to point locations. We measure difference between the known transformation and the estimate, as

well as mean distance between corresponding points, averaged over 10 trials.

As Figure 5.4 displays, all methods have higher registration error as the degree of overlap de-

creases. Since ICP [8] and the joint registration method JRMPC [22] do not infer which consensus

points/mixtures are visible in a given observation, their performance degrades more rapidly as

overlap decreases. Our model with a fixed number of mixtures (ST-SLAM) is more robust and

using the DP mixture allocation (ST-SLAM+DP) yields more robust results, presumably due to

annealing effects of starting with a small number of mixture components.
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(a) Marginal density P (y) (b) P (y|t = 1) (c) P (y|t = 2) (d) P (y|t = 3) (d) P (y|t = 4)

Figure 5.5: Visualization of 3D probability density predicted by the fit model. (a) shows density
marginalized over time (b) - (e) display probability density conditioned on different observation
times with the static component excluded for clarity.

Segmentation of dynamic objects The space-time geometry model provides a natural basis

for performing additional inferences about a scene. In particular, the temporal coherence of a

set of surface patches provides a strong indicator that those patches belong to the same surface.

In Figure 5.6 we visualize segmentations into objects based on grouping those patches with a

similar estimated temporal extent. Raw measurements are assigned the segment label for that

cluster with the highest assignment probability (αitk). As shown in the upper figure panel, the

segmentation accuracy is limited based on the size/number of surface patches fit to the scene. To

produce good quality assignments we choose a number of mixture components that yields patches

of an average small physical dimension (relative to the resolution of the raw point observations).

The lower panel of Figure 5.6 shows such a segmentation with the static background component

in green.

We consider two quantitative measures of segmentation accuracy. Let U , V , S denote the surface

patches, predicted segments, and ground-truth segments respectively. We characterize the degree

of under-segmentation (i.e., how often a surface patch spans an object boundary) by the average

percentage of a patch that is completely contained in some ground-truth segment.

Scoreuseg =
1

Nc

Nc∑

i=1

max
j

|Ui ∩ Sj|
|Sj|

.
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To measure the effectiveness of grouping patches by temporal extent, we compute the IoU of

predicted and ground-truth segments.

Scoreseg =
1

Ns

Ns∑

i=1

max
j

|Vi ∩ Sj|
|Vi ∪ Sj|

In Figure 5.7 we plot these scores as a function of the number of mixture components. As might be

expected, the under-segmentation error decreases rapidly as the number of clusters grow, allowing

smaller patches that are less likely to span an object boundary. However, there is a tradeoff in

segmentation accuracy of dynamic objects as the number of clusters goes beyond a certain point

as the estimates of temporal extent become increasingly noisy with few observations per cluster.

5.4 Discussion

In this chapter, we have proposed a novel probabilistic formulation of space-time localization and

mapping from RGB-D data streams which jointly estimates sensor pose and builds an explicit 4D

map. We validated this approach on real and synthetic data, showing improved reconstruction

and registration for dynamic scenes and demonstrate unique features of the model which allow

estimation of the temporal extent of surface patches and segmentation into temporally coherent

objects. In the future we hope to extend this approach to handle more dynamic and larger-scale

scenes, replace our wide-FoV observations with individual RGB-D frames, and tackle the problem

of inter-frame tracking of moving objects.
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Figure 5.6: Segmentation results on the “Copier room” dataset showing grouping of surface
patches with similar temporal extent. Segmentation accuracy depends on the number of surface
patches (top). Segmentation across all space-time observations using the optimal cluster size dis-
covers static and dynamic scene components (bottom).
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Figure 5.7: We measure the accuracy with which individual patches constitute an under-
segmentation of the objects in the scene (left) and how well grouping patches by temporal extent
recovers object segments (right) on real datasets “Copier room” and “Kitchen”. Since the scene is
dominated by static structure, we also separately plot the segmentation accuracy for the non-static
components.
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