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A method reducing dimensionality with keeping restoration accuracy

A descriptor represents essence of an input.

Restored imageὈὉὍ
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Ὁ Ὀ

Ὁand Ὀcan be trained by minimizing restoration error
without teacher labels. ὈὉὍ Ὅ



Shift variance of ordinary auto-encoder

Shifted input

Input

Descriptor Space

Each descriptor implicitly includes shape information. 
It is inseparably mixed with positional information.
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A problem of ordinary auto-encoder

Can we assign similar descriptors to images with common 
shape without prior normalization?

If an auto-encoder is shift invariant, a descriptor 
represents a shape itself without regard to its position.
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These descriptors differ from 
each other. To distinguish 
shapes by descriptors, prior 
normalizationis required.

But, prior normalization 
may be difficult.



Shift invariant auto-encoder
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Shift invariant auto-encoder
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Shifted inputὍ

InputὍ

Descriptor Space

Input Ὅgenerally differs from 

restored image ὈὉὍ .

Ὁ Ὀ
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ὉὍ

ὈὉὍ

Ὀ ὉὍ

ὈὉὍ ὍIt cannot be trainedwith 
ordinary objective function



Shift invariant auto-encoder
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Shifted inputὍ

InputὍ

Descriptor Space

Input Ὅgenerally differs from 

restored image ὈὉὍ .

Ὁ Ὀ
ὉὍ

ὉὍ

ὈὉὍ

Ὀ ὉὍ

ὈὉὍ ὍIt cannot be trainedwith 
ordinary objective function

We propose a new objective 
function that brings
Å shift invariance,
Å shape restoration.



Evaluation of shift invariance
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ὈὉὍ Ὀ ὉὝ Ὅ

Ὕ Ὅ

InputὍ

All restored images should be similar
if the auto-encoder is shift invariant.

Shifted variations generated from Ὅ

Ὀ ὉὝ Ὅ

Encode, 
decode

Train ὉȟὈso that 
they minimize this 
term.

Restored image

ὈὉὍ

Ὕ is a shift operator.



Evaluation of restoration
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ὈὉὍ Ὕ Ὅ

Input

Shifted variations

Train ὉȟὈso that they 
minimize this term.

Shifted variations

Re-
stored

A restored image should match with one of shifted images
if the auto-encoder can restore a shape.

—Ὅ ÁÒÇÍÉÎὈὉὍ Ὕ Ὅ
where—ὍƳŜŀƴǎ ǘƘŜ άōŜǎǘέ ǘǊŀƴǎŦƻǊƳ ǇŀǊŀƳŜǘŜǊΥ

MATCH! MATCH!



Proposed objective function
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ὈὉὍ Ὀ ὉὝ Ὅ

Restored image should be unchangedeven if 
inputs are transformed with any parameter.

ὈὉὍ Ὕ Ὅ

Restored image should match with one of 
transformed images.

Invariance term

Restoration term

ὅὉȟὈ ‗ ὅ ὉȟὈ ‗ ὅ ὉȟὈ ‗ ὅ Ὁ

ὅ ὉȟὈ

ὅ ὉȟὈ
ᶰ

ὉὍ

ὉὍ

Sparseness term

ὅ Ὁ

Descriptor ὉὍ
should be a sparse 
vector.



Example structure of auto-encoder
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Distribution of descriptors
from shift invariant auto-encoder
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Ordinary auto-encoder Shift invariant auto-encoder

We trained auto-encoders with shifted 
MNIST training images.

Distributions of descriptors from 
shifted test images such as                           .

Input:σςσς
Descriptor dim: 30
Max shift width: 8

Descriptors from 
common shapes 
automatically 
aggregate.



Example for hand-object interaction
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Restored images

Input

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

Hand 
mask
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Ordinary AE Shift invariant AE

Situation



Example for hand-object interaction
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Restored images

Input

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

Hand 
mask

Object 
mask

Ordinary AE Shift invariant AE

Situation Representing 
typical situation of 
grasping scissors

Depending 
on positions



Input image I Input image I Input image I

Images restored by a shift invariant auto-encoder

Images restored by an ordinary auto-encoder



Estimation of shift parameter
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We can obtain shift estimator by training neural network 
with pairs of an input and its best shift.

Shift invariant 
auto-encoder

Shift 
estimator

Ὁ Ὀ
ὈὉὍInputὍ

Ὑ
ɝὼ
ɝώ

—Ὅ

ÁÒÇÍÉÎὈὉὍ Ὕ Ὅ

By comparing Ὅand ὈὉὍ , 

the best shift can be calculated.



Example of decomposition 
by shift invariant auto-encoder

Inputs Restored images
Restored images shifted 

by estimated shifts

Shape only Positionandshape

ὈὉὍ Ὕ ὈὉὍ

An input Ὅcan be decomposed into 
shape descriptor ὉὍand shift parameter ὙὍ .



Example of human hand imitation
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Shift invariant 
auto-encoder

Ὁ
Descriptor Space

Joint angles
Joint angle 
regressor

Depth 
image

Unsupervised 
learning

(9,377 samples)

Supervised 
learning

(1,339 samples)

Human hand Robot hand



Example of human hand imitation
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Input 
depth image

Restored
depth image

Imitating 
robot hand

Input 
human hand

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.



Conclusion

ÅThe invariance is realized by objective function on training.

ÅAn input can be decomposed into invariant components 
and variant components.
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Shift
Shape is 
invariant.

We proposed transform invariant auto-encoder
that can extract invariants as a descriptor. 

ÅComputation cost for multiple types of transform

ÅApplying other transforms, such as scaling, rotation 
and blurring

Future work



Trained interactions
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Cup without a handle Mug

Reversed mug
Cutter Pentype1 type2Scissors

Eraser
type1 type2Stapler

type1 type2

type1 type2type1 type2

type1 type2

Hand Region

Mask
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Interaction Image (32*32*2ch)

1680 scenes 
for training



Extraction of foreground pattern from 
complex background
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The proposed method can be applied to 
extraction of foreground pattern.

Foreground patterns have many variation like 
hand-written numbers.



Foreground auto-encoder

By considering invariance to background alteration, we can 
generate a descriptor of foreground pattern itself.

Input
Variations with 
altered background Input

Invariance term
A variation with 0 

background

Compare

—Ὅ
ὅὬὥὲὫὩὄὋ
ὸέᾀὩὶέ

Restoration term

Compare



Objective function 
for foreground auto-encoder
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ὈὉὍ Ὀ ὉὝ Ὅ

ὈὉὍ Ὕ Ὅ

Invariance term

Restoration term

ὅὉȟὈ ‗ ὅ ὉȟὈ ‗ ὅ ὉȟὈ ‗ ὅ Ὁ

ὅ ὉȟὈ

ὅ ὉȟὈ

Ὅ

Ὕ Ὅ

Input

Ὕ Ὅ

Restored image should be unchangedeven if 
inputs are transformed with any parameter.

Restored image should match with the 
variation with 0-background.



Example of foreground extraction
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image

Restored 
imageInputTruth Truth



Dependency of background

26

Results for images with indoor scene background

An encoder trained with noisy background cannot 
extract images with indoor scene background.

Input
Restored 

image Truth Input
Restored 

image Truth



Example for indoor background
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Use 32 32 images extracted from 
an indoor scene image (32002368) 
as background variation.

Input
Restored 

image Truth Input
Restored 

image Truth



Extraction from images 
with indoor scene background
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Extraction from images 
with indoor scene background
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Hand written number on flyer

Input

Restored 
image


