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Communication Robot

. @ [Nieuwenhuisen and Behnke, SORO 2013
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Domestic Service Robots

18!

Dynamaid Cosero

: @ [Stlckler et al.: Frontiers in Al and Robotics 2016]
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Search and Rescue, Space
Exploration Robots

[Schwarz et al.: Frontiers in Robotics and Al 2016, JFR 2017]
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Soccer Robots

Bl

[Allgeuer et al.: Humanoids 2015, 2016]
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Micro riaI Vehicles

[Nieuwenhuisen et al.: JINT 2015, Droeschel et al: JFR 2016]
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Bin Picking Robots W
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Self-driving Car

et

Team Berlin at DARPA Urban Challenge
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Sensors for Autonomy
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Gogle Se[f-dri\(ing _Car
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[Waymo]
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[Google]

Environment Perception
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An Image Says More than a
Thousand Words

[Vinyals et al. 2014 ]
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Motivation from Visual
Perception

m Visual perception important for
humans and computers

m Image interpretation is non-trivial
m Occlusions
m 3D reconstruction
s Ambiguities

m Impressive performance of the human
visual system

m Fast
m Robust
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Performance of the Human
Visual System
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Psychophysics

m Gestalt principles
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Visual Illusions

Figures
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Munker-White
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Computer Vision

m Data driven

Vectorization Structural analysis Structural match Classification
— — | — —

m Model driven

Image sequence:

World model | |

Position estimate
Parameterized models:

m Interface problem
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Observations

In the world around us it mostly holds
that:

m Neighboring things have something to
do with each other
m Spatially
s Temporally
m There is hierarchical structure
m Objects consist of parts
m Parts are composed of components, ...
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Spatial Arrangement of Facial Parts
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.
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Face Perception
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Horizontal and Vertical
Dependencies

Constellation Model: Implicit Shape Model:
Fully connected shape model Star-Model w.r.t. Reference Point

Weber, Welling, Perona ’00
Fergus, Zisserman, Perona ’03

Leibe, Schiele ’03
Leibe, Leonardis, Schiele '04

un iversitéitbonnl @

Sven Behnke: Deep Learning of Semantic Perception for Robots 22



Multi-Scale Representation

O

O O O O
O O O OO0 0 O0

m Image pyramids are not expressive enough
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Increasing Number of Features
with Decreasing Resolution

&

& &
o O O 0
000000 O0O0

m Rich representations also in the higher layers
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Modeling Horizontal
Dependencies

—6—06—06—0¢

1D: HMM, Kalman Filter, Particle Filter

2D: Markov Random Fields

Decision for level of description problematic

Ignores vertical dependencies, flat models do not scale
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Modeling Vertical Dependencies

G

m Structure graphs, etc.
m Ignores horizontal dependencies
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Horizontal and vertical
Dependencies

m Problem: Cycles make exact inference impossible
m Idea: Use approximate inference
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Human Visual System

[Kandel et al. 2000]

Ventral
(temporal)
path

Orientation column @
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Visual Processing Hierarchy

= Visual m Represented
areas features
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Visual Processing Hierarchy

Hippocampus Prefrontal cortex
Memory (non motor) FEF, SC, Oculomotor

M. -

F5 (Hand control) _

FEF, SC

VIF I!]'-.I/Do'rsal

N
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§
pathway s
NI
by
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Vestibular information about
arm, eye and head position

‘ ‘ Occipital
~ ~ cortex

Y

' VISUAL CORTEX 1

)

Increasing complexity
Increasing invariance

Premotor I
e

All connections bidirectional
More feedback than feed forward
Lateral connections important
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[Krager et al., TPAMI 2013]
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Visual ol
Processing R —
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~~~~~

Hierarchy ..

(] | va

Complex features
and objects

Color, basic 2D &
3D shape, curvature

Orientation,
£/ Ko disparity,
sl some color .
S m Increasing
@ 1Y receptive field
size
Small dots m Increasing
i feature
[ ien complexity
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Trend since 2006: Deep Learning

B 10 BREAKTHROUGH e Tmmemm——
e TECHNOLOGIES 2013

) THENEW YORKER BT s

SUBSCRIBE MAGAZINE NEWS CULTURE POLITICS BOOKS SCIENCE & TE!

Data Centre Cloud Software Networks Security Policy Business Jobs Hardware Science Bootno)

ARCHIVE PHOTO BOOTH DAILY SHOUTS PAGE-TURNER  DAILY COMMENT  AMY DAVIDSON

Financial News Small Biz clo Media
Deep
- - 3 - T H
NEWS DESK Baidu muscles in on Google’s turf with Silicon Learning
' Valley deep learning lab
y p g With massive
Chinese search giant beds down next to Apple in Cupertino amounts of
«How Susan Rice Sees the World | Main | Moral Machines » computational power,
By Phil Muncaster, 15th April 2013 W Follow | 3,371 followers machines can now
recognize objects
N 2012
. and translate speech
%i;%%f?&lfﬁ\;mc” A REVOLUTION IN ARTIFICIAL VWin a Samsung 40-inch LED HDTV with The Reg and HP! inreal time. Artificial
POSTED BY GARY MARCUS 1 Chinese search giant Baidu has opened the doors to @ new research facility in :\et:tlil:‘gge:’::‘::‘sflnally
603 | |wrTweet /389 BRINT MORE || 11 COMMENTS Google’s back yard where ii’s hoping to tap the local falent to consolidate early mover g
[ share | (]
RELATED  agvantage in the burgeoning field of “deep leaming”
STORIES

Can a new technique known as deep learning

China= Badu  The Cupertino-based Institute of Deep Learning (IDL) is the Silicon Valley counterpart
builds new type of another facility back in China dedicated to accelerating research in the emerging
of App Store machine learning-related discipline.

revolutionize artificial intelli

. as s

front-page article at the New York Times

suggests? There is good reason to be excited about
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Strong Interest of Industry

I I EEE GEAR SCIENCE ENTERTAINMENT BUSINESS SECURITY DESIGN (

Google Hires Brains that Helped Supercharge i share | 57,
= DNNresearch Machine Learning Tl
(Geoffrey Hinton) — Siguammmen s B e
s DeepMind

(Demis Hassabis)

m Baidu
= Andrew Ng

m Facebook
m Yann LeCun

m Microsoft
m Li Deng

Geoffrey Hinton (right) Alex Krizhevsky, and llya Sutskever (left) will do machine leaming work at Google. Photo: U of T
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Deep Learning Definition

m Deep learning is a set of algorithms in
machine learning that attempt to learn
layered models of inputs, commonly
neural networks.

m The layers in such models correspond to
distinct levels of concepts, where

m higher-level concepts are defined from lower-
level ones, and

s the same lower-level concepts can help to
define many higher-level concepts.

[Bengio 2009]
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Layered Representations

labels

Penguin

Kangaroo

increasingly
complex features

universitétbonnl @

~——-
unsupervised learning

supervised learning
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Representations Matter

m Cartesian coordinates m Polar coordinates

[Goodfellow]

. e "@ Sven Behnke: Deep Learning of Semantic Perception for Robots 36
universitatbonn



From Hand-crafted Features to
Feature Learning

m Traditional computer vision

/Hand crafted features\
— | Simple | %
classifier| ©
O Deep learning

ST (" Learned features 5
- =l B
=

N
o 2

=)

universitétm@ Sven Behnke: Deep Learning of Semantic Perception for Robots 37




From Feature Engineering to
Model Engineering

m Structure of the model matters

Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
X0 » 0 XX
,><\\/O/\,\.\ ' J’:‘:" ?"‘» -./‘_,,\d/‘h .___.><\,\ )
DTNy V/;“\'/‘\ NG Y a o %
— NP ‘\ ’ NP, L~
_X__ O O _X_C

Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)

.99 9.
RVAYAYAYATA

AV AV AWAWAS

Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)

i TR R

[von Veen]
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Perceptron

m Feature extraction
m Pattern recognition

i

[Rosenblatt 1958]

Output
in P

Threshold function

T

Weighted sum

Binary features
Input matrix
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Supervised Training of Neural
Networks

m Goal: A function y=f(x), which is given by
examples, shall be approximated by the neural
network. Choose the weights w;; to minimize a
loss function which measures the
approximation error.

m Set of training examples {(x;,ty), ..., (X,t,)}
m The networks maps input x; to output vy,
m Example loss: Quadratic error

p
Ew) =1/2 ) (i)}
=1

Sven Behnke: Deep Learning of Semantic Perception for Robots
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Learning = Generalization

H. Simon -

“Learning denotes changes in the system
that are adaptive in the sense that they
enable the system to do the task or tasks
drawn from the same population more
efficiently and more effectively the next
time.”

The ability to perform a task in a
situation which has never been
encountered before

Sven Behnke: Deep Learning of Semantic Perception for Robots
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Generalization

X;
Probably bad
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Generalization

Xy

Sven Behnke: Deep Learning of Semantic Perception for Robots

Probably good
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Stochastic View of Supervised

Learning

m Only noisy examples of function available

m Two types of learning problems:

Regression

Classification
A'O © § o °© o 52 o go

o +
% +4 -T N v 7
+ + + +
T o, e
+ PR
+ +
+ b
1 1 1 1 1
5 4 i 2 1 i 1 2 3 4

m Learner must find a mathematical model

universitétbonnl@
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Example: Linear Regression

m Training linear neural networks with quadratic
loss is linear regression

m 1D case:
t=ax" +b+¢

m General: Noise
WK™ w46/
/ 0
Output variables Input variables ) L | | |
(,,target*) 2 7 ; i : : y

m How to find weights and biases that make
the error minimal?
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Multi-Layer Perzeptron

m Non-linear separation of input space
m Backpropagation algorithm [Rumelhart et al. 1986]

CONITITT A

[TensorFlow Playground]
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Flat vs. Deep Networks

m A neural network with a single

hidden layer that is wide enough |

can compute any function |

(Cybenko, 1989)

m Certain functions, like parity, may require
exponentially many hidden units (in the
number of inputs)

s Compare to conjunctive / disjunctive normal
form of Boolean function
= Deep networks (with multiple hidden
layers) may be exponentially more efficient
m Parity example:

e As many hidden layers as inputs
e Compute carry bit sequentially

. e "@ Sven Behnke: Deep Learning of Semantic Perception for Robots
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Convolutional Neural Networks

Input Feature
Lower-
resolution
Feature
Convolution
[Bishop]
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2D Convolution

Input

d
- | Kernel
h
l
—

pw bz bw + cxr + cw + dx
Output ey fz fy + gz gy + hz
ew fx fw + gr + gw +  hzx
iy jz jy + kz ky + =z
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Convolution Example

universitétbonnl@

1:-:1 1:-:[! 1:-:1 0 0
0:-:!'.] 1:-:1 1:-:[! 1 0 4
0:-:1 q-:ﬂ 1:-:1 1 1
0/10{1(1|0
011{1(0|0
mage Convolved
Feature
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Sparse Local Connectivity

= 1D convolution () () &) () ()
OJORONONO

m Fully connected

[Goodfellow]
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Sparse Local Connectivity

= 1D convolution () @ @ @ ()
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Growing Receptive Fields

@

SRS

[Goodfellow]
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Parameter Sharing

m Same weight
used at all

:. ?@0@
s OO OO0
LN ONONONOFO

OOOOO

[Goodfellow]
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Edge Detection by Convolution

Input

[Goodfellow]
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Stride

m Strided convolution

N\

C lution foll d
" by subsampling I
ONONONORO
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Border Padding

. O [Goodfellow]
m Valid
convolutions

A5
;iezdeLlce mage %M&O
AB500055480%

m Border padding @@@QOO0OO0OO000O0O0O00O000Le®

maintains % E / E

image size OODOOOO0OOOOC O

m Zero padding z? S:\) %?

= Mirroring elolelclololololelelol0le Osb
6‘?@%b00000000006§®§b
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Convolutional Models

= Neocognitron: Fukushlma 1980

S1 S82 c2

/§ |
\£ 1 -

AT I"“‘lj'*—-"E

m Supervised tralnlng of convolutional networks: LeCun 1989

C3:f. maps 16@10x10
S4: f. maps 16@5x5

ﬁ

M

C1: feature maps

INPUT
30%32 6@28x28

S2: f. maps
6@14x14

| Full conAection ‘
Convolutions Subsampling Convolutions  Subsampling Full connection
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LeNet Character Recognition

Ug Ug Ucy Ugs Uca Ucs
I ! EIEA » N :_ o
5 5‘ il w il T =1 : B a|® |:| 1
.l lll a . = o el B D 2
I % L] L} L - ; D 3
input . o oo B 1 04
-'T L * w| 5|8 = Ws
s = - F - : - " ml:
* - ‘| ! s [o]® 7
contrast = =7 T¢| G 08
on- and * - = = -
off-center - == l P =9
:.. -k : ) w W - I"E'Eﬂg r'litiﬂl'l
r
b | ae -
I L ] - = 2| -
"r -,‘ | & [ . -
edges  higher-order features [LeCun]
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Max Pooling

’ —
m 0’ ; = Max(0y i, 0241 2ir 02i 241 02i+1 2j+1)
/”max-pooling” node

=N
IRY,

AN
Wk w

Reduced resolution layer

Feature detection layer

Filter response

“Filter” weights (shared)

Input or lower-level layer

m Creates invariance

to local shifts

[ &/

universitétbonnl @

112 | 4

max pool with 2x2 filters
6 7 | 8 and stride 2
2110 ]
2 N
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Cross-Channel Pooling

m Creates invariance to learned transformations

Pooling unit

Detectors

Y

Input

universitétbonnl@

Nt/
Y
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HMAX Model

'\) L= =T =

View-tuned cells

Complex composite cells (C2)

Composite feature cells (52)

Complex cells (CT)

Simple cells (S1)

= weighted sum

- == MAX

[Riesenhuber and Poggio 1999]
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is there an how big is
animal? this object?

visual where is the

routines boundary of
the object?

) Complex units
O simple units

[Serre]
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Feed-forward Models Cannot
Explain Human Performance

m Performance increases with observation
time

90 1

no mask condition

~ @
o o
1 1

performance (hit)
3

model HMAX

[9)]
o
1

N
o
L

20 ms SOA (ISI=0 ms)

Head Close-body ~ Medium-body  Far-body (Serre, Oliva and Poggio, PNAS, 2007)

30
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Bottom-up, Lateral, and Top-
down Processing

LGN

I N

—> Bottom-up analysis
-<——— Top-down synthesis

< | Local Feature & Raw Primal Sketch
Edge Detection
: |eoms | \ ¢ V2
-
Surface Border & )
~<——| Region Axis Full Primal Sketch
Computatlon

Depth Map &
Figure/Ground
Computatlon

N
\ \ V4 /[ MT

{ }% ] 2.5D Sketch

NG 1 N\ /RS

/

N
110ms ‘L \

[ 3D Shape and ]

3D Model /
<—1 Object - - -<— View based
V —= | Reconstruction | — g Memory

[Lee et al. 1998]

. e "@ Sven Behnke: Deep Learning of Semantic Perception for Robots 64
universitatbonn



Feed Forward

(0
DGR
X, F(x;, f (X1, f(Xi05 --2))

vS. Recurrent

m Connectivity without cycles m Connectivity with cycles
m Composition of simple functions = Explicit modeling of
= A node can only by computed computation
if its inputs are available time necessary
m Reuse of partial results m Computation needs one unit of
= Order of computation time
determined by directed m Input at time t yields output
connectivity at time t+1

m Order of computation not any
longer determined by
connectivity

. e "@ Sven Behnke: Deep Learning of Semantic Perception for Robots 65
universitatbonn



Neural Abstraction Pyramid

[Behnke, LNCS 2766, 2003]

Abstract features

- Model-driven
- Synthesis
- Feature expansion

- Data-driven
- Analysis
- Feature extraction

PanN

<+—> - Grouping - Competition - Completion
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Iterative Interpretation

[Behnke, LNCS 2766, 2003]

m Interpret most obvious parts first

DA

o Use partlal mterpretatlon as context to resolve
local ambiguities
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Local Recurrent Connectivity

Lateral projec_tion Backward projection

Hyper column
Forward projection \

AT N

)

] Cell
2 Y Feature map / =

Layer (I-1)

/2

i/2

Processor element Layer (l+1)

Layer [ Hyper neighborhood
() -
=
Projections More abstract

[Behnke, LNCS 2766, 2003]
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Unsupervised Learning of a
Feature Hierarchy

-

[Behnke, IJICNN'99]

by

R R R

1x1 x 128
L (L e il (N 2 A 72
4 5 =52 =2 --I-I-_,_,__!/,!g.s-gs

rFE " F . T B Lis >*aanm | 7Yy TYrY S/ 8§ X
E E E N e e el ....???’r‘/‘.fqr/

Step edges Lines Curves Parts Digits
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Backpropagation Through Time (BPTT)

m Unfolding along time axis -> deep network
m Weight-sharing -> Average updates

o, (t+1)= f(net, (1)) =f( D w,0,(t)+x,1) )

J

. e "@ Sven Behnke: Deep Learning of Semantic Perception for Robots 70
universitatbonn



Superresolution [Behnke, 1JCAI'01]

=2 =SS S
i
99994
3|83 33
E & 6 b 6

2 3 5 10
Input Output Ta

utpu
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Digit Reconstruction [Behnke, 1JCAI'01]
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[Behnke, IJCAI'O1]
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Binarization of Matrix Codes
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Continous Attractor

ol T R ! "'J_
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m Local excitation and global inhibition
m Stable activity blobs can be shifted
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Face Localization

[Behnke, KES'03]

= BiolD data set:
m 1521 images
m 23 persons

m Encode eye
positions with
blobs

384 x 288
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Face Localizat

=

Output

5.
-

[Behnke, KES'03]

Right eye

Output

10
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Auto-Encoder

m Try to push input through
a bottleneck

m Activities of hidden units
form an efficient code

m There is no space for
redundancy in the
bottleneck

m Extracts frequently
independent features
(factorial code)

Desired Output = Input

Output vector

Input vector
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Deep Autoencoders

(Hinton & Salakhutdinov, 2006)

m Multi-layer autoencoders for
non-linear dimensionality
reduction

m Difficult to optimize deep
autoencoders using
backpropagation

m Greedy, layer wise training
m Unrolling
m Supervised fine-tuning

universitétbonnl@
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GPU Implementations (CUDA)

m Affordable parallel computers
m General-purpose programming
] COnVOlLItiOnal [Scherer & Behnke, 2009]

Convolution Fully connected
A
2
_) [
D
>
LO (Input) L1 L2 L3
512%512 256x256  128x128 64x64 32x32 (Output)

m Local connectivity [uetz & Behnke, 2009]
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GPU vs. CPU Performance

m GPUs are one order of magnitude faster

8000 GEEOPS:

7000 |

6000

5000

4000

3000

2000

1000
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2008
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.
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Tesla Volta V100

m /.5 TFLOP/s of double precision (FP64)
m 15 TFLOP/s of single precision (FP32)

m 120 Tensor TFLOP/s for deep Iearnlng

D =

FP16 FP16 or FP32

m HBM2 memory with up to 900 GB/sec bandwidth

FP16 or FP32

un iversitéitbonnl @
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Image Categorization: NORB

m 10 categories, jittered-cluttered

z ’..,; - ‘ A j‘ : Co b A
7 ¢ P 5 |
m Max-Pooling, cross-entropy training
LO: 2@96x96 Cl: 16@92x92 P2: 16@23x23 C3: 64@18x18 P4: 64@6x6 F5: 100 F6: 6

Convolution Pooling Convolution Pooling Fully-connected

m Test error: 5,6% (LeNet7: 7.8%)

[Scherer, Mller, Behnke, ICANN’10]
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Image Categorization: LabelMe

m 50,000 color images (256x256)

m 12 classes + clutter (50%)

ady o

tree 1.0 car 1.0 building 1.0 window 1.0

7] u ; 5 _;\ ” =
o LAt g‘ T

person 0.54 window 0.66 buildi
tree 0.03

m Error TRN: 3.77%; TST: 16.27%
m Recall: 1,356 images/s

[Uetz, Behnke, ICIS2009]
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Multi-Column Deep
Convolutional Networks
m Different preprocessings

m Trained with distortions
m Bagging deep networks

|72} L2-MaxPooling
SQpes E%e Layer
] ’ 7 -,
20 /—— L / J / _/—- L L1-Convolutional
@26x26 o =
“ ) 712171717 S
[ANRA | yays
20@4x4 SEROUINES SaGERRCERND Filters
1@ 29%x29 Input

m MNIST: 0.23% & % > % &L s ¢ &
6° ¢F T b7 97 4t 4T vt o2ty
m NORB: 2.7% Ar;
m CIFAR10: 11.2%
m Traffic signs: 0.54% test error [Ciresan et al. CVPR 2012]
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ImageNet Challenge

m 1.2 million images

m 1000 categories, no overlap

m Subset of 11 million images from 15.000+
categories

m Hierarchical category structure (WordNet)

R, N B p, l g o e,
s .,}gﬁ,t B o e | = "_.;;r_“ 3 ), ., g
8 - - ‘ Fﬂ . e & '- ',- A = R E“!' ] o .,')E- 'J 5 “2, AR t

Golf cart (motor vehicle, self-propelled vehicle, wheeled vehicle, ... Egyptian cat (domestic cat, domestic animal, animal)

m Task: recognize object category
m Low penalty for extra detections
m Hierarchical error computation
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Large Unsupervised Feature Learning
9 layer model |

Locally connected 3X  lmeviosaman
Sparse auto-encoder 1 ?h‘;‘g:;g;;:‘;"m"t
L2 pooling

Local contrast normalization t

Number
of maps=8

1 billion connections
Trained on 10 million images

Unsupervised learned detectors

One layer

Number of input
channels =3

rd
o~

Image Size = 200

R Superwsed ImageNet 2011 results (14M images, 22K
categories): 15.8% [Le et al. 2012]
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Large Convolutional Network

[Krizhevsky et al. NIPS 2012]

\

Stride
of 4

Rectifying transfer functions

55

96

-~

~
~
~

Max
pooling

27

650,000 neurons

60,000,000 parameters

13

13

—
-

N

13

256

dense |

Max
pooling

630,000,000 connections

Trained using dropout and

data augmentation

Testing 10 sub-images

96 learned low-level filters

ILSVRC-2012: top-5 error 15.3%
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Max

pooling 4
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Validation Classification

mite container ship motor scooter Ioar

mite container ship motér scooter ledpard
black widow lifeboat go-kart jaguar
cockroach amphibian moped cheetah
tick fireboat bumper car snow leopard
starfish drilling platform golfcart Egyptian cat

&3 — §

grille B mushroom herry gacar cat
convertible agaric dalmatiah squirrel monkey
grille mushroom grape spider monkey
pickup jelly fungus elderberry titi .
beach wagon gill fungus |ffordshire bullterrier indri [KI"IZhEVSky et al .
fire engine || dead-man's-fingers currant howler monkey| NIPS 201 2]
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Learning of Object Parts

m Examples of learned object parts from object
categories

. \..—f'-
.h | I ﬂ—-ulp'

un |ver5|tatbonn| @
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Learned Visual Features

m Weights with strong m Strongly activating
contribution to activity  stimuli

] 4
oEx === gu-

O 4
‘1".
oy

-

N -

AL
A

o
.

-
=
Z A
/
4%

[Zeiler and Fergus 2014]
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Learned Visual Features

m Deconvolved features = Strongly activating
stimuli

A /,-‘.'Zﬁ'fl,' . 1 .
TN S

........

| |
N
@
0}
=
Q
-
Q.
T
D [
e
(@]
c
)
N
o
|—L
N
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Learned Visual Features

m Deconvolved features m Strongly activating
stimuli

[Zeiler and Fergus 2014]
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Learned Visual Features

activating stimuli
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Example CNNs Structures of
ILSVRC winners

m Revolution of depth

AlexNet, 8 layers
(ILSVRC 2012)

[He CVPR 2016]
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11x11 conv

/4 poalf2

3x3 conv, 64

nafs

VGG, 19 layers

5x5 conv, 256, pool/2

3x3 conv, 64, pool/2

-

(ILSVRC 2014)

3x3 conv, 384

3x3 conv, 128

S € o

-

3x3 co

nv, 384

3x3

conv, 128, pool/2

-

3x3 convy,

(7%
S
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o
[
ur
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na 2

(7%
S
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o
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conv, 512, pool/

o

" € "‘ € L €

GoogleNet, 22 layers
(ILSVRC 2014)
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Object Recognition
Performance on ImageNet

28.2

[ 152 layers }

\\
\
1 22 layers ‘ ‘ 19 Iayers I I

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)
[He et al. 2015]
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Surpassing Human Performance

GT: horse cart

1: horse cart

2: minibus

3: oxcart

4: stretcher
5: half track

1: coucal

2: indigo bunting
3: lorikeet

4: walking stick
5: custard apple

u niversitétbonnl

GT: birdhouse GT: forklift - .
1: birdhouse 1: forklift GT: letter opener
2: sliding door 2: garbage truck 1: drumstick
3: window screen 3: tow truck 2: candle
4: mailbox 4: trailer truck 3: wooden spoon
5: pot 5: go-kart 4: spatula
S: ladle
Top-5 Classification
100%
wus |~ level of human
! dCCUracy
ey Y N
GT: komondor GT: yellow lady's slipper <t
4 . : Gt o o
1: komondor 1: yellow lady's slipper
2: patio 2: slug
3:llama 3: hen-of-the-woods £
4: mobile home 4: stinkhorn B
5: Old English sheepdog 5: coral fungus H =
70%
[He et al. 2015] o
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Are Deeper Networks Always

Better?

m Plain nets: Stacking 3x3 convolutional layers

m 56-layer network has higher training error and
test error than 20-layer network

CIFAR-10
train error (%) test error (%)

20r {ﬂ\ 20
waLﬂkﬁ 56-layer
| 56-layer
" \Nv\_\\ 10
20-layer

20-layer

% 1 E n b 6 % 1 2 3 4 5 6
iter. (1ed)

[He et al. CVPR 2016]
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Deep Residual Learning

m Plain network m Residual network

X l X
weight layer weight layer

anytwo
stacked layers l relu F(.’XJ) l relu identity
weight layer weight layer X
relu
H(x) ¥ H(x) = F(x) +x

[He et al. CVPR 2016]
m ResNet: Very deep network

-

m Iteratively refining representations [Greff et al. ICLR 2017

_— "1 101
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Local Bottlenecks to make
Networks Deeper

m Bottleneck m All 3x3 conv.

256-d 64-d

Y
1x1, 64
v relu

3x3, 64
v relu

1x1, 256

Similar
complexity

7.4

6.7

5.7

[He et al. CVPR 2016]

ResNet-152 ResNet-101 ResNet-50 ResNet-34
ImageNet 10-crop testing, top-5 val error (%)
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Limitations of Convolutional
Processing

m All image positions processed in the same way

m No scale invariance
m No focus of attention
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Object Detection

m Image categorization m Object detection
What? What + where?

N\
‘
—— g
i | 1

\\\‘

boat : 0.853 person 0.993
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Object Detection in Images

m Bounding box annotation

m Structured loss that directly maximizes overlap of
the prediction with ground truth bounding boxes

m Evaluated on two of the Pascal VOC 2007 classes:
cows and horses

[Schulz, Behnke, ICANN 2014]
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Region-based CNN Pipeline (R-CNN)

m Generate region proposals
m Cut out and warp them to constant size
m Classify warped regions with CNN

aeroplane? no.

person? yes.

tvmonitor? no.

inputimage region proposals 1 CNN for each region classify regions
~2,000

[Girshick et al. CVPR 2014]
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Fast R-CNN

m Convolutional
processing at many
overlapping regions
inefficient

CNN CNN

CNN CNN .
’-k- ?
4 _ RS

—

< L emiesmEr gy

universitétbonnl@

m Share convolutional
layers and cut out
features (Region of
interest pooling)

Rol pooling

CNN

’ y 4

=T AR & e

——
4

L I RESS S Y

[Girschik ICCV 2015]
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Faster R-CNN

m Region proposals computed by a CNN 4 features
= Anchor boxes placed for grid of A, . i
locations, sizes, aspect rations proposals
7
m For each anchor objectness and / /
box coordinates predicted Region Proposal Net [t

2k scores 4k coordinates <mm  /anchor boxes eature map

cls layer \ ’ reg layer . -
256-d . CNN I
y

intermediate layer P e — ek

\\

sliding window

[Ren et al. NIPS 2015]

conv feature map

. e "@ Sven Behnke: Deep Learning of Semantic Perception for Robots 108
universitatbonn



Object Detection Pipeline

m Combine classification and detection models
m Use pre-trained features

backbone
structure

[He et al. CVPR 2016]
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ImageNet detection
data data
ll classification | detection ll
network network
pre-train features fine-tune
R-CNN
Lot Fast R-CNN
. GoogleNet Faster R-CNN
*  MultiBox
ResNet-101 . <SD
_ independently
leug_lnﬁ
4 developed q
features | etectors
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Faster R-CNN + ResNet Object
Detection Result

5y ‘\ :
persqn 0.998 ‘\
. ‘—w -‘-\“ | 1 perso
. _person : 0.987 [ Kg f

bel son : 0 94

vap o Al

5person 0 946

s z
a4 . N
e = VNN .
- I

.}4. J ‘%‘n\\g . - : ‘ 2 person :1).935
book : 0.830 7

: "‘li'v_/'l

&) 18

\ =
o e,

[He et aI CVPR 2016]
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Faster R-CNN + ResNet Object
Detection Result

person : 0.989 :
e refrigerator : 0.979

soven : O 969

‘l C“‘ 35 "'o-]
knife:0739
A

gb w0 9691€UPI0 :
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Faster R-CNN + ResNet Object
Detection Result

~ " person:0.910 . ‘ person : 0.998

person 0.998 - umbrella: 0.910

handbag : 0.667/ MEKMEI80
| I B [weiefecies
chairci@J757).972 chajr 7 0.639

,—l ‘

universitétbonnl@
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Object Detection Performance

‘ 101 layers ‘
A

/

m Deeper networks have
better performance /

/

66
58

/
s 86
/
/
/
/
’
’
/
/
/

'
34 ’
16 layers
8 layers
‘ B

-
—_____-
P

HOG, DPM AlexNet VGG ResNet
(RCNN) (RCNN) (Faster RCNN)

w/ other improvements & more data

PASCAL VOC 2007 Object Detection mAP (%)
[He et al. CVPR 2016]
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Faster R-CNN + ResNet Object
Detection in Video

il

|

” -
=% \
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~
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.~ |
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. ,4- ‘_-
-\ » o{| 24
> oAt 2
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: SN A
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Spatial Transformer Networks

m Localization network estimates

transformation parameters 6
m Grid generator computes sampling locations | §
m Sampler cuts out image parts :

[Jaderberg et al. { Localisation net Grid
N I PS 20 1 5] ; :-'-"""""""'""""".""""""".""jrj-‘:j‘....l:“"g-?-l-l-?-];?-t"(.).]i
i B g0
U B

MNIST Distortion

Model R|RTS| P | E

n—ﬂ—ﬂ—’7 FCN 2.115213.1|3.2
CNN 1.2 0.8 [1.5] 1.4

= Aff (|1.2]1 0.8 |1.5| 2.7

5 ST-FCN Proj|[1.3] 0.9 [1.4] 2.6
TPS||1.11 0.8 |1.4| 2.4

Aff (|0.7] 0.5 10.8| 1.2

6 ST-CNN Proj |[0.8] 0.6 [0.8] 1.3

TPS|]10.7] 0.5 10.8| 1.1

universitétbonnl@
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Spatial Transformer Networks

Translated Cluttered MNIST

ST-FCN Affine ST-CNN Affine
Input S Output Input a9l Output

L

[Jaderberg et al. NIPS 2015]

universitétbonnl@

Sven Behnke: Deep Learning of Semantic Perception for Robots 116



Deformable Convolutional
Networks

m Similar to spatial
transformer
networks, but
locally within a
CNN

m Local distortions

'4RIR"Y

offsets

. input feature map output feature map
on multiple levels
b Standard conv. Deformable conv.
® [ ] ® L -
L L] ® o ] -« X - X
L l
L L] L ] ® [ ]
L ]
Sy oo b

S A f":’ - > h)({)
m Flexible receptive prei -
field J- I

SRS ey 7 7 B R e "y
[Dai et al. 2017] EEEE i SRk ST zZ
[] (70 5,
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Deformable Convolutional Network

Sven Behnke: Deep Learning of Semantic Perception for Robots 118
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Deformable Convolutional
Networks

m After convolutions
to cut out an
object

m Part placement is
adapted to input [ﬂﬂ: deformable Rol pooling

F4 R

input feature map output roi feature map

[Dai et al. 2017]
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Object-class Segmentation

: : [Schulz, Behnke 2012]
m Class annotation per pixel | o

;MS 1 1 ! i
- i (5] ; 1O | 102 H1 03 |

m Multi-scale input channels

T |

I. Input Layer . Output Layer — Convolution =+ Max-Pooling

,_ ---
E-- ---

Input  Output Truth Input  Output Truth

m Evaluated on MSRC-9/21
and INRIA Graz-02 data
sets
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Fully Convolutional Networks for
Semantic Seamentation

“tabby cat”
m Apply classification o
network at all L I I I
image locations \

convolutionalization

m Problem:
coarse output
resolution

m Idea: Upsampling,
use features from
finer resolutions

tabby cat heatmap

32x upsampled
nv’ pool2 conv3 pool3 conv4d pool4 convd poold conv6-T  prediction (FCN-32s)

. 16x upsampled
2x conv’
prediction (FCN-16s)
i .

8x upsampled
4x conv? prediction (FCN-8s)

2x poold [ T
pcoml [ [ - .

image conv
. H

FCN-32s FCN-16s FCN-8s Ground truth

1 X
R 7
B II
A |
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SegNet: Encoder-Decoder

m Use pooling indices for upsampling

Convolutional Encoder-Decoder

Input

Output

%

Pooling Indices

-Conv + Batch Normalisation + RelLU
I Pooling I Upsampling Softmax

Segmentation

[Badrinarayanan et al. PAMI 2017]
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RefineNet

[Lin et al. CVPR 2017]

Increase resolu-
tion by using
features from
the higher

resolution

Corse-to-fine 1/32 4
_ ] Prediction

Object parsing and

semantic segmentation L

Multi-path input
Chained Residual Pooling

universitétbonnl @
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RGB-D Object-Class Segmentation

m Kinect-like sensors provide dense depth
m Scale input according to depth, compute pixel

height above floor

i -- NYU Depth V2
m- Method floor

= cw 84.6
: c CW+DN 87.7
CW+H 78.4
: , CW+DN+H 93.7
STMNEREE
) CW+DN+H+CRF 93.5
. Miiller et al.[8] 94.9
! Random Forest [8] 90.8
o | Couprie et al.[9)] 87.3
Hoft et al.[10] 77.9

Silberman [12] 68

struct furnit prop Class Avg. Pixel Acc.
70.3 587 529 66.6 65.4
708 570 53.6 67.3 65.5
745 556  62.7 67.8 66.5
725 617 555 70.9 70.5
74.1 594 634 72.2 71.9
802 664 549 73.7 734
789 711 427 71.9 72.3
816 679 199 65.1 68.3
86.1 453 355 63.6 64.5
654 559 499 62.3 62.0
59 70 42 59.7 58.6

CW is covering windows, H is height above ground, DN is depth normalized patch sizes. SP is
averaged within superpixels and SVM-reweighted. CRF is a conditional random field over
superpixels [8]. Structure class numbers are optimized for class accuracy.

Depth  Height Truth  Output [Schulz, H6ft, Behnke, ESANN 2015]
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Neural Abstraction Pyramid for RGB-D
Video Object-class Segmentation

m Input: RGB-D-Video (NYU Depth V2)

RGB

Neural Abstraction Pyramid

-

L‘%ﬁ‘{r'v_;’Vih

l H(0,1)

H H(1,1)
><<

reprocess reprocess | ' 11
Input(0) Input(1l) Input(t) Input(t+T) | ‘
’ Output(t) s \

Output
Depth

m Recursive computation is efficient for temporal
integration

[Pavel, Schulz, Behnke, Neural Networks 2017]
o (== | o
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Neural Abstraction Pyramid for RGB-D
Video Object-class Segmentation

-

RGB Depth Output Truth
Class Accuracies (%) Average (%)

Method ground struct furnit prop Class Pixel
ours (CW, RGB-D only) 78.6 49.2 487 483 56.2 52.0
ours (CW) 95.8 746 542  64.0 72.1 68.6
ours (WI+CW) 94.9 76.8 655  60.8 74.5 73.1
ours (WT) 94.3 837 72.0 549 76.2 76.4
ours (WI+CW+CRF) 95.4 789  67.3  60.8 75.6 74.6
ours (WI4+CRF) 94.2 839 72.0 56.3 76.6  77.2
all-frames 97.2 70.0  51.1 56.0 68.6 64.6
Schulz et al. (2015a) (CNN+CRF) 93.6 80.2  66.4  54.9 73.7 73.4
Miiller and Behnke (2014) 94.9 789  T1.1 427 71.9 72.3
(RF+CRF)
Stiickler et al. (2013) (RF+SLAM) 90.8 81.6  67.9 19.9 65.0 68.3

[Pavel, Schulz, Behnke, Couprie et al. (2013) (CNN) 87.3 86.1 453 355 63.5 64.5

Neural Networks 2017] Silberman et al. (2012) (RF) 68.0 59.0 700  42.0 59.6 58.6
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Geometric and Semantic Features for
RGB-D Object-class Segmentation

= New geometric
feature: distance
from wall

m Semantic
features
pretrained from
ImageNet

m Both help
significantly

[Husain et al. RA-L 2016]
RGB Truth DistWall OutWO OutWithDist
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Semantic Segmentation Priors for
Object Discovery

Semantic Class-specific Object
segments superpixels candidates

I
B»~@ "ﬂ
sl Combined

candldates

m Combine bottom-
up object
discovery and
semantic priors

m Semantic
segmentation
used to classify
color and depth
superpixels

m Higher recall, B
- |

more precise o AW ‘
object borders ;F 2.

i o
[Garcia et al. ICPR 2016]

-~
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RGB-D Object Recognition and
Pose Estimation
m Use pretrained features from ImageNet

Color Masked color Pre-trained CNN

llsvm

Category

LSVM

—> |nstance

Colorized depth Pre-trained CNN
“SVR

:>
% —> Pose

[Schwarz, Schulz, Behnke, ICRA2015]
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Canonical View, Colorization

m Objects viewed
from different
elevation

m Render
canonical
view

m Colorization
based on
distance from
center vertical

[Schwarz, Schulz, Behnke, ICRA2015]
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Features Disentangle Data

[ | t- S N E classes (CNN)

embedding

classes (PHOW)

W, o

instant_noodles (CNN)

@é‘g o

[Schwarz, Schulz,
Behnke ICRA2015]
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Recognition Accuracy

m Improved both category and instance recognition

Category Accuracy (%) Instance Accuracy (%)
Method RGB RGB-D RGB RGB-D
Lai et al. [1] 43— 3.3 81.942.8 59.3 73.9
Bo et al. [2] 824 1+ 3.1 8f.b129 92.1 92.8
PHOW]|3] 80.2 -+ 1.8 — 02.8 s
Ours 83.1+20 883115 92.0 94.1
Ours 831+20 894+13 92.0 94.1

m Confusion

50

1:

Category
o
N

0 L 1o
0 25 50

Prediction

pitcher / coffe mug 2: peach / sponge
- F—

[Schwarz, Schulz, Behnke, ICRA2015]
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Amazon Picking Challenge 2016

m Large variety of objects

oty
LTy
s
NI s
Mlidkanll -

m Different properties -
= Transparent '

= Shiny

m Deformable

JE—

m Heavy

m Stowing task

m P|Ck|ng task

e C )

p[= =)



System

Air velocity sensor UR 10 Arm (6 DOF)

2x Intel RealSense SR300
+ LED light \

Bendable

suction fingerA\\_) '

Suction strength control

[Schwarz et al. ICRA 2017]

Total:
6+2 DOF

N

Sven Behnke: Deep Learning of Semantic Perception for Obots

Strong vacuum
cleaner (3100 W)

u niversitétbonnl @
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RGB-D Cameras

m 2X Intel RealSense
SR300

m Fusion of three depth
estimates per pixel
(including RGB stereo)

[Schwarz et al. ICRA 2017]
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Object Detection

Image: Region features:
3xWxH Conv features: BxCxXxY  Region Codes:
CxWxH j BxD
- . [ swum
CNN : ‘ : . __
Recoqnltion ) | Curtain liner
> e S Network

.

-~~~ Localization Layer T TT==---______ Dumbbell
Region Proposals: S G".h

/ 4k x W x H’ Best Proposals: BxXxYx2
‘I* B x4
—_—
PAY ' ) Grid I
Sam|pI|ng " — Generator

Region scores:

kxW xH ; ;
Conv features: o / Region features:
CxW x H K Bilinear Sampler Bx512x7 x7

0

Lu.

[Adapted from Johnson et al. CVPR 2016]
[Schwarz et al. ICRA 2017]
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Example Detections

Gloves

(Y

TGchined Soaery
| am o Boanny'/

Sippy cup

[Schwarz et al. ICRA 2017]
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Semantic Segmentatlon

m Deep Convolutional Network | “rﬂ
U

RG B HHA —
— Resu |t pppppppppp 8)

s

HHA
[Husain et al. RA-L 2016]
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Combined Detection and
Segmentation

m Pixel-wise multiplication

Detection

Y

(

N

Segmentation

un iversitéitbonnl @
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Grasp Pose Selection

m Center grasp for
“standing” objects:

m Find support area for
suction close to bounding
box center

m Top grasp for “lying”
objects:

m Find support area for
suction close to horizontal
bounding box center

[Schwarz et al. ICRA 2017]
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[Schwarz et al. ICRA 2017]
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y- 4

'1@ [Schwarz et al. ICRA 2017]
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Workspace Perception Data Set

A CENTAUIO ANNOTATIoN L2

Open Directory Previous | | 0001 v Next Paygons
per Y Ygo!

Delete selected

tamp
% |wrench

https://www.centauro-project.eu/data_multimedia/tools_data

Sven Behnke: Deep Learning of Semantic Perception for Robots 143
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Deep Learning Object Detection

m Adapted DenseCap [Johnson et al. 2015] plpelme

Image: Region features:
3xWxH Conv features: BxCxXxY Region Codes:
GOy T CxWxH BxD &
Class scores: |
° B x Cl
|| =
[ ]
Drrill
Recognition Classification
= TR Network Layer Clamp
i " Localization Layer "7 ---o_____
y Region Proposals: Sampling Grih
4k x W' x H Best Proposals: BxXxYx2
Bx4
el EN — Ep— j
: Grid —> @
Sampling —* ™ Generator d
Region scores: = j

kx W' x H a i 5
e i / Region features:
onv feature \ Bilinear Sampler Bx512x7x7

m Transfer learning needs only few annotated images
[Schwarz et al. IJRR 2017]
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Tool Detection Results
R AVA T 1 N

< .- .
< . . = e

. s, =

. / \ A .

y \

: M SO

’ . Ao |
- ~ ?‘.4_'

- & " |
extension _box stapler driller clamp [background]
Resolution Clamp Door handle Driller Extension Stapler Wrench Mean

AP/ Fl1 AP/ F1 AP/Fl1 AP/Fl AP/F1 AP/ Fl AP/ Fl

720x 507 0.881/0.783 0.522/0.554 0.986/0.875 1.000/0.938 0.960/0.814 0.656/0.661 0.834/0.771
1080x 760 0.926/0.829 0.867/0.632 0.972/0.893 1.000/0.950 0.992/0.892 0.927/0.848 0.947/0.841
1470%x1035 0.913/0.814 0.974/0.745 1.000/0.915 1.000/0.952 0.999/0.909 0.949/0.860 0.973/0.866

[Schwarz et al. IJRR 2017]
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Tool Detection Examples
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Semantic Segmentation

m Deep CNN ’1
[Husain et al. RA-L 2016] +"’ ‘+}"

Pixel-wise accuracy:

Clamp Door handle Driller Extension Stapler Wrench Background ‘ Mean

0.727 0.751 0.769 0.889 0.775 0.734 0.992 ‘ 0.805
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MBZIRC Challenge 2

-
lxﬂﬁﬂﬂ L

7]
Ullllw {0 BIHIIY may A IIY

WS @l o« B Al
{ 1o
b y v/ &Tum ’nuun o o " -

';' ‘\/,\\k\.\
1 Aw=e

2X
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Wrench Perception

m DenseCap Object detection of mouth and ring

m Training set: 100 Stereo image pairs

1
P
‘,
E
Fl
=
=
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EuRoOC Challenge 1: Robolink Feeder

ASUS Xtion RGB-D
workspace camera

Cable-driven 6DOF

igus-robolink®
manipulator

Pile of the chain
parts

u niversitétbonnl @

[Koo et al. CASE 26—17]

SR300 RGB-D wrist
camera

Energy chain part
feeder

Place for regrasping
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Robolink Feeder: Bin Picking

Rarkt detect i%._-.::f-"u’ -

-
.
A . - _
4

‘ y

[Koo et al. CASE 2017]
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Part Pose Estimation

] Two convolutional neural networks

' , 32“32“64 16x16x128 i Bk : : 32x32x64 16x16x128 BXBx256 4x4x512
64x64x1 , Bax6axl || | _ . .
Input ' »> é f > % / —i— 7 : - }%}b > /
iConvl Conv2 . Conv3_1 Conva_1 i Convl Conv2 - Conv3_1 -Conv4_1 .
i Pooll - Pool2 Conv3_2 Conva_2 { Pooll - Pool2 Conv3_2 Conva_2
: Pool3 Pool4 o Pool3 Pool4
Query ‘ ______
- i orientation 2048 512 128
2048 512 128 . 5 Y i Flip X
= position a
|9 0 > 7 > P{ |7>| '—I—
i L —— - O 0 : i FC1 FC2 FC3 FC4!
| o : - :
| FC1 FC2 FC3 FC4 masaz+a | T —
: e -- Concatenation P :
. 2048 512 128 _
. . . | [ Flip Y
PO se N et i 2048 512 128 orientation ; o ) : |:| _
5 Qo S m N t | Fc1 Fc2 Fca FC4 |
» » » HE - Q y e ! S U '
! o]
NEE FC2 FC3 FC4 Q W
: L 2048 512 128

FC1 FC2

m Training with synthetic depth imagesE """""
He H -H=

0.075

adediede e ANERE T 5
IIIII::: |

0 20 40 60 80 100 120 0 20 40 6 8 100 120

'1@ [Koo et al. CASE 2017] -
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Robolink Feeder: Regrasping and Placing

3 \\' ._‘_‘

[Koo et al. CASE 2017]
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Amazon Robotics Challenge 2017

m Quick learning of novel obJects

m Training with
rendered scenes

GO g«“ltp t() >t|7bruS 4p’k
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Amazon Robotics Challenge 2017 Final

T ‘\_.‘,’1 ————
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NlmbRo Plcklng 2017 Team
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Conclusion

m Flat models do not suffice
= Jump from signal to symbols too large
m Deep learning helps here:

s Hierarchical, locally connected models
= Non-linear feature extraction

m Structure of learning machine does matter
m Proposed architectures map well to GPUs

m Iterative interpretation uses partial results as
context to resolve ambiguities

m Many open questions, e.q.
m Object-centered representations
m Full scene parsing / vision as inverse graphics
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