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Image	Instance	Retrieval

Existing	image	database

New	query	image

Retrieve	database	images	
depicting	 the	same	object
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A	Wide	Range	of	Applications
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A	Challenging	Problem
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Comparing	Image	Global	Descriptors	
for	Retrieval
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Global	Descriptor:	VLAD/FV
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Step	1
Training	K	clusters	of	
local	descriptors	on	the	
image	training	set

Step	2
Extract	local	descriptors	
from	new	image

Step	3
Compute	local	
descriptor	 residual	
statistics	in	each	bin

Step	4
Concatenate	residuals	into	
the	global	descriptor …
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ImageNet	Results	over	the	Years
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Deep	Convolutional	Neural	
Networks	(CNN)
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[Krizhevsky,	2012]



Convolution	&	Pooling
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• Convolution
• Local	connectivity
• Stationarity	of	the	
signal

• Pooling
• Dimensionality	
reduction
• Local	invariance



Learning	Abstract	Visual	Representations

Layer	1 Layer	2 Layer	3

Layer	4 Layer	5

[Zeiler,	2013]



Original	Contributions

• Image	classification	with	Convolutional	Neural	
Networks	(CNN),	ImageNet2014
• Thorough	comparison	study	of	FV	and	CNN	for	
image	instance	retrieval
• Hashing	CNN	descriptors
• Unsupervised	dimensionality	reduction
• Descriptor	finetuningwith	unsupervised	and	semi-
supervised	metric	learning

• Robust	CNN	descriptors	with	i-theory
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PART	1

1. Thorough	comparison	study	of	FV	and	CNN	for	
image	instance	retrieval

2. Hashing	CNN	descriptors

3. Robust	CNN	descriptors	with	i-theory
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CNN	vs	Fisher	Vector
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Fisher Vector

Deep Convolutional Neural Network

Input Image
FV	global	
descriptor

CNN	global	
descriptor



How	to	Extract	CNN	Descriptors	
for	Image	Instance	Retrieval	?

CAT

VISUAL SEMANTIC?



Retrieval	Data	Sets
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Stanford	Mobile	
Visual	Search

INRIA	HolidaysUniversity	of	
Kentucky	
Benchmark

Oxford	Buildings

Object	centric Scene	centric

[Nister,	2006]

[Philbin,	2007]

[Jégou,	2008]	

[Chandrasekhar,	
2011]



Evaluation	Metrics
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AP =

Pn
k=1(Precision(k)⇥ isRelevant(k))

|RelevantIndividuals|

Recall =
|{RelevantIndividuals} \ {RetrievedIndividuals}|

|RelevantIndividuals|



Best	Practices	for	CNN	Descriptors
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Best	Practices	for	FV	Interest	Points
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• Multi-scale	improves	performance	over	single-scale
• DoG is	required	when	there	are	big	scale	and	
rotation	changes	(e.g.	Graphics)
• Dense	works	better	with	highly	textured	images	
(e.g.	Holidays)



Impact	of	Rotation
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Impact	of	Rotation	- CNN

• Very	limited	invariance	to	rotation
• Invariance	to	rotation	does	not	increase	with	depth
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Impact	of	Rotation	- CNN	vs	FV
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Further	Readings
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Part	1:	Summary

• CNN	performs	well	for	image	instance	retrieval
• Two	problems	remain	to	be	addressed:
• Descriptor	dimensionality
• Lack	of	robustness
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PART	2

1. Thorough	comparison	study	of	FV	and	CNN	for	
image	instance	retrieval

2. Hashing	CNN	descriptors

3. Robust	CNN	descriptors	with	i-theory
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Why	64-bit	Hash	?

• Motivation
• Billions	of	images	can	be	stored	in	RAM
• Fast	matching	with	ultra-fast	Hamming	distance

• Challenges
• Global	descriptors	are	very	high	dimensional
• Uncompressed:	4K-25K	floating	point	numbers	
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Hashing	Outline
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Hashing	Outline

1. Dimensionality	Reduction	with	Stacked	RBM	
2. Semi-supervised	fine-tuning	with	Siamese	

networks
3. Unsupervised	fine-tuning	with	triplet	networks
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RBM

• Bipartite	graph	model	with	
input	units	and	latent	units
• Closed	form	expression	from	
one	to	the	other
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Contrastive	Divergence
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Greedily	Training	Stacked	RBM
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8192	units	

1024	units

64	units

RBM	1

RBM	2

Step	1:
- Training	RBM1

Step	2:
- Freezing	RBM1 weights	
- Training	RBM2 using	RBM1

latent	layer	as	input	 layer

Stacked	
RBM

[Hinton,	2006
Bengio,	2006]



Regularization

• It	is	often	desirable	that	the	latent	variables	follow	
certain	distributions
• For	example,	sparse	distributions	work	well	for	
classification
• Hinton	proposes	regularization	that	encourages	
each	unit	activation	q	towards	p	<<	1
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h(q) = p log(q) + (1� p)log(1� q)

[Hinton,	2009]



Batch
Regularization
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Regularization	
for	Hashing



Effect	of	Regularization	for	Hashing
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Comparison	with	state-of-the-art
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Million	Scale	Data	Sets
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Hashing	Outline

1. Dimensionality	Reduction	with	Stacked	RBM	
2. Semi-supervised	fine-tuning	with	Siamese	

networks
3. Unsupervised	fine-tuning	with	triplet	networks
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Supervised	Fine-Tuning
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Training Phase 1
Unsupervised.

Training Phase 2
Semi-supervised
fine-tuning.

Training	Siamese	network	with	matching	
and	non	matching	image	pairs:

Matching	pair

Non-
matching	pair	

1
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Siamese	Networks

• Proposed	by	LeCun for	application	such	as	
signature	verification	or	data	visualization
• Learning	similarity	measure	between	pairs	of	
instances	using	contrastive	loss
• Descriptors	from	matching pairs	are	encouraged	to	
be	as	similar	as	possible,	while	descriptors	from	
non-matching pairs	are	encouraged	to	be	not	too	
similar
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Dl(z
0
↵, z

0
�) = ykzl↵ � zl�k22 + (1� y)max(m� kzl↵ � zl�k22, 0)

[LeCun,	1994]



Results	with	LeCun’s Loss
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Contrastive	Loss

• Single	margin	loss	(LeCun)	:

• Proposed	dual	margin	loss	:
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Results	with	Dual	Margin	Loss
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Dual-Margin	Siamese	Evaluation
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Million	Scale	Data	Sets
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Hashing	Outline

1. Dimensionality	Reduction	with	Stacked	RBM	
2. Semi-supervised	fine-tuning	with	Siamese	

networks
3. Unsupervised	fine-tuning	with	triplet	networks
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Triplet	Fine-Tuning

• Fine-tuning	based	on	order,	not	absolute	distances	
(margins)
• This	can	be	achieved	with	triplet	networks
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Unsupervised	Sampling	of	Triplet	
Data
• Retaining	the	performance	of	the	uncompressed	
descriptors	is	a	good	objective

• Unsupervised:	the	triplets	can	be	made	using	the	
distance	in	the	original	descriptor	space
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Unsupervised	Fine-Tuning	Results
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Million	Scale	Data	Sets
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PART	3

1. Thorough	comparison	study	of	FV	and	CNN	for	
image	instance	retrieval

2. Hashing	CNN	descriptors

3. Robust	CNN	descriptors	with	i-theory
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Tomaso	Poggio
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i-theory	in	a	Nutshell
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[Poggio,	2013]



i-theory	and	CNN	(convolution)
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The	convolution operation	is	analogous	to	the	computation	of	thedot	products
between	the	target	image	and	orbit	of	the	kernel	(learnt	template)	under	the	
translation	group.

Conv.	kernel

=

Template	T

Orbit	of	T under	
translation	
group	

*

dot
Distribution	 of	
dot	products



i-theory	and	CNN	(pooling)
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The	pooling	operation	computes	statistical	moments	(the	maximum)	of	the	
distribution	of	dot	products	invariant	to	local	translations.

Convolutional	Neural	Nets I-Theory

Computing	
statistical	moment	
invariant	to	local	

translations

Distribution	 of	
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Pooling	CNN	Descriptors
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Nested	Invariance	Pooling	(NIP)
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Translation	Invariance

Rotation	Invariance Scale	Invariance



Distances	for	Three	Matching	Pairs

(a) (b) (c)
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NIP	Evaluation
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NIP	+	RBMH

• NIP	transformation	invariant	descriptors	can	be	
hashed	into	compact	binary	codes	using	RBMH
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NIP	+	RBMH	- Evaluation
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Conclusion

• Thorough	comparison	study	of	FV	and	CNN	for	
image	instance	retrieval
• Hashing	CNN	descriptors
• Unsupervised	dimensionality	reduction
• Descriptor	finetuningwith	unsupervised	and	semi-
supervised	metric	learning

• Robust	CNN	descriptors	with	i-theory
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