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Auto-encoder

A method reducing dimensionality with keeping restoration accure

. Encoder Decoder
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Input image® DescriptorO('®  Restored imag@®©('0('®)
32 32 30 32 32

OandOcan be trained by minimizin@esto%ion error

R

RITSUMEIKAN

without teacher labels lofoce)

¥

A descriptor represents essence of an Inpait.
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Shift variance of ordinary au{e»ncodeR
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Eachdescriptor implicitly includes shapeformation.
It iIsinseparably mixed with positional information

Descriptor Space

A Diffe!re"nt A

Shifted input O descriptor (@] (O(@)
Same shape
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A problem of ordinary aut@ncoder R
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~ These descriptors differ from
A each other. To distinguish

A B | shapes by descriptorsyior
_normalizationis required.

But, prior normalizatior
il may be difficult.

Can we assign similar descriptors to images with comm
shapewithout prior normalizatior?

&

If an auteencoder isshift invariant, a descriptor

represents ashape itself without regard to its positioQ
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Shift invariant auteencoder R
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Shifted input O

A
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o(o('Q)
A oY O (‘O("Q))
Similar Restored
Input "0 descriptors shape
Similar shapes
5



Shift invariant auteencoder R
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Shifted input’O

A oo " o(oo)
S

restored imageO('0('Q).

It cannot be traineadwith H’O(‘O("Q)) CIJ}
ordinary objective function 6

Input 'O
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Shift invariant auteencoder R
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Shifted input O

A

"0(0(0)
A o 1 o(og)
- Mibaiade TAput We propose aew objective
Input’O restol functionthat brings

A shift invariance

:> It cannot be trainedwi A shape restoration
ordinary objective funGeo
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Evaluation of shift invariance R
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Input‘O  Shifted variations generated froi®

"Y Is a shift operatc
A { Al AllA } {"Y("@}
gl 1

}{ A|ﬁA| } O(Y(Q))}

Restored image 2
(e/{eqv) All restored images should be similar

If the auto-encoder Is shift invariant.
Train'ChO so that

HO(O(Q)) O (O(Y(@)) H they minimize this

term.

)
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Evaluation of restoration R

Input | A

b 3
Re
stored té-

A restoreo
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Shifted variations Shifted variations

{A AH { - I[B }

Image should match Wlth one of shifted image

If the auto-encoder can restore a shape.

e
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[o(ore) Y ( )("@” TrainOhO so that they

minimize this term.
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Proposed objective function R

6(00) _ 6 (o) _ 6 (o) _ ¢

_Invariance term®  (OhO)
[o(acg) oo v(v)|

Restored image should haichangeceven if
Inputs aretransformed with any parameter

I

- Restoration term & (‘OHO)

IOCO|

Sparseness term—
o (O

RITSUMEIKAN

(O

lloqe|

DescriptorO('Q

N
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[o((9) Y )(CD” should be a sparse
vector.
Restored image shouluatch with one of
transformed images
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Example structure of autencodeR

RITSUMEIKAN

Encoder Fully connected NN
CNN

Descriptor

Descriptor 30 150 1500 1024
nodes nodes nodes nodes 11



Distribution of descriptors
from shift invariant auteencoder

R

RITSUMEIKAN

We trained auteencoders with shifted Input:o ¢ 0 ¢

.. - Descriptor dim: 30
MNIST training Images. Moo shift width: 8
Distributions of descriptors from

shifted test images such §& . - -

-0.38
04 | = Descriptors from
a2 - common shapes
-0.44 | .
0.46 | automatically
-0(-)48 | aggregate.
- 5 -
-0.52 |
-0.54 |
-0.56 |
-0.58
-1.5 -1 -0.5 0 0.5 -0.4 -0.2 0 0.2

Beyonpl B ol e <

Ordinary auteencoder Shift invariant auteencoder 12



Example for hanabject interaction R
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Hand Object

Situation mask mask

Train AEs with-2hannel images
consisting of hand/object masks.

Restored images
Input Ordinary AE Shift invariant AE
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. d Object
Situation el Train it Representing
| Depending s rtyplcal situation of
‘E> on positions | .o € graSplng SCISSors
g

Input Ordinary AE

> dha ol
-t 2 |~
e e

Example for hanabject interaction R
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’ = —RITSUMEIKAN

Input image | Input image | Input image |
;

Images restored by an ordinary aetacoder

..EE , : - |

Images restored by a shift invariant aetocoder




Estimation of shift parameter R
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A / Shift invariant)

\ auto-encoder / A
Input @ * @ ®/ ’O(‘O("@)

‘ the best shift can be calculated.
3 .
Shift Lfﬂ 0
estimato A OCE[fO(O(®) “Y(Q|

We can obtain shift estimator by training neural network
with pairs of an input and its best shift. 16
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Example of decomposition
by shift invariant auteencoder

Restored images shlfted
Inputs Restored images by estimated shifts

Clefzjzlz Balalalo M21212]2]2
=EAAA FPRERF SEEAR
EEEAAA FFEFF SEEAR
42270 a2 2] o JME %] 2]2]|2
EEEERF PFPFPPP EEERP

o(o9) Y, (0(or))

Shape only Positionandshape
An input‘@an be decomposed Into

shape descriptoO("Q and shift parameterY('Q .
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Example of human hand imitati

i Human hand Robot hand \
98 : ‘% "?\

~~~~~~

Depth Shift invariant Joint angle
'Mage auto-encoder regressor JO'T angles
Descriptor Space
po [
o
'GE, > 7\ -
C
- b Unsupervised Supervised 3
S learning learning
E (9,377 samples) (1,339 samples) 18




Example of human hand imitaticIR

RITSUMEIKAN

Imitating Input
Input Restored robot hand human hand

depth image depth image ' .

Even if the hand moves, restored images are fixed
because of shift invariance.

Joint angles of imitating robot hand were successfully
estimated from the descriptors. 19
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Conclusion

We proposedtransform invariant auteencoder
that can extract invariants asdescriptor.

| Shape Is
Shift HE E> invariant. E

A The invariance is realized by objective function on trainin

A An input can be decomposed into invariant components
and variant components.

Future work
A Computationcost for multiple types ofransform

A Applying other transforms, such as scaling, rotation
and blurring 20
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Trained interactions

Cup without a handle

typel type?2 typel type2 Eraser o5

Reversed mug
type1 CUlteryneo typel type2 typel PEN type2

1680 scenes
for training

RITSUMEIKAN

Stapler

Scissors

Hand Region Object Region
Mask Mask

Interactionimage (32*32*2ch
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Extraction of foreground pattern fro
complex background

The proposed method can be applied to
extraction of foreground pattern.
Foreground patterns have many variation like
handwritten numbers. 29
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Foreground auteencoder R
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By consideringhvariance to background alteratipwe can
generate a descriptor of foreground pattern itself.

Invariance term Restoration term——

Variations with A variation with O
altered backgrounc Input packground

;ompare

ompare

L B00E ®
<0 ( o@(m?
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ODbjective function
for foreground auteencoder

6(0f0) _ 6 (00 _ & (00 0
~Invariance term 6 (‘OHO)

Jotoo) (o vco)|

Restored image should haichangecdeven if
Inputs aretransformed with any parameter CY(P

- Restorationterm 6 (OHO)
[o(acg) v, (o

Restored image shoulnatch with the
variation with Gbackground
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Example of foreground extracti(R
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Restored Restored
Inpu_t image Truth image Truth
.-:::._:I..i -
T
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Dependency of background R

Restored Restored RITSUMEIKAN

Truth

Results for images with indoor scene background

EI
9] 5 e

An encoder trained with noisy background cannot
extract images with indoor scene background26
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Restored
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Example for indoor backgroun(R

Truth Input image Truth

t |ma1e

RITSUMEIKAN

Use 32 32 images extracted from
an indoor scene image (3202368
as background variation.
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Extraction from images
with indoor scene background

Restored Restored
Input image Truth Input image Truth
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Extraction from images
with indoor scene background
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