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MOTIVATION: redime face identification

w Realtime meanssmallest templates and fastest seardh
binary templates with Hamming distance;

w State-of-the-art recognition ratesY
convolutional neural networks (CNN) with rbmaryoutput
features compared by bettanetrics (L2cosine, etc.).

VariousapplicationsY different requirementsto:
1 template size§ templategeneration speed
1 template matching speedf recognitionrate.

Our purpose:construct thefamily of face representationswhich
continuously variesfronrt O2 YLJ Oud 9 Fl au€ 0?2




MAIN IDEA: Convolutional Network with Hashing Forrest (CNHF

CNHF = CNN + Hashing Transform based on Hashing Forest (HF)
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(Depth of trees Coded metric§ Coding objective) = Family of face
representations based on the same CNN.
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RELATERWORK

Related work topics:
A CNNfor facerecognition

A learning approach

A face representation

A matching metrics
A Binary Hashing and HammiBgnbedding
A Convolutional Networks + BinaHashing
A Forest Hashing and Boosted Forest



RELATED WORK: CNN for face recognition

CNN learning approaches:

91 learn CNN for multiclass face identification with classes corresponding to pe!
Y. Taigmanat al, ANnDeepFace: c | olsvelpaformame infpeeperificatignh @ Ma

E. Zhouat al, /i Ndeepvaee recogniton Touching the | imit of L
1 learn the similarity metrics by training two identical CNNs (Siamese Architec
H. Fanat al, ALearning deep20ifdace representation, o0

W. Wangat al, A F a midon basecbodgep learning 2 015 .

1 combine these approaches
Y.Sunatal, fiDeep | earning face r ewrfi@atoron t2a0tlidon b
Y. Sunat al, nDeepl D3: Face recognitoodOWbth very

Face representaton:
1 output of the (top) hidden layer

Convolutional Convolutional Convolutional Convolutional Convolutional Convolutional Convol
layer 1 layer2 layer 3 layer4 layer§ layer 6 layer7
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RELATED WORK: CNN for face recognition

Matching metrics:

1 L1-distance/Hamming distance
H. Fan, M. Yang, Z . Cao, Y. Jiang and Q. Yi
Packing a Face into an int32, 093¢e20d&. ACM |

M L2-distance

D. Chenat al, ANnBl essi ng of -dimemienaldaatare andl itstefficient ebmpgydssiol
face verification, o 2013.
W. Wangat al, ARFace r e coondpepilearninpn 2a He d

1 cosine similarity
Y. Sunat 4., ADeep | earning face r ewrfi@atoreon t2a0tlido.n b
Y. Taigmanatal, fnN DeepFace: c | olsvelpaformame infpeeperificatigonh @ Ma
X. Wu, ALearning robusto2@l®ep face representat

M1 other

Our approach:
A any given metrics (including Hamming distance and special metrics for fores
of binary trees matching)



RELATED WORK: CNN for face recognition

CNN architectures;

1 multi -patch deep netsor different parts of faces{ateof-the-artrates!)
J. Liuat al, ATargeting ultimate accuraxcy20Xfm.ce r
Y. Sunat al, ARDeep | earning face r mrevrifi@at®oeon t2a0tli4do.n b
Y.Sunatal, A Deepl D3: Face recognitoodOWbth very
1 single nets(can be efficient enough with essentially lower computational cost
Z . Cao at al ., NFacbaRedo®Pesrcroptwroh2D&a8r n
Omk ar M. Par k hi at al ., NnDeep Face Recognit
1 Max-FeatureMap (MFM) architecture
X. Wu, ALearning robusto d2e0elp5 .f ace repr es:

Convolutional Convolutional Convolutional Convolutional Full connection Soft-max
layer 1 layer2 layer 3 layer 4

layer

Max-pooling
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Our architecture: (based on the MFM arctacture

{ learning thébasic single CNNwith Max-FeatureMap (MFM ) architecture

{ transforming the layers of learned CNN to thaltiple convolution architecture
for reattime implementation



RELATED WORK: Binary Hashing and Hamming Embeddlng
Binary hashing techniques: Random ot

(a) PCA aligned. )

A. Gionis at al ., ASi mil ar

hashing, o0 1999. c

Y. Gong at al ., Alterati ve

approach to learning binary codes for largescale image

retriev.al , 0 2012 4 | |
K. He ameans lshing: An Kffinitypreserving et o e
guanti zation method for | ¢ '

W. Liu at al ., ASuper vi seq

ITQJ

Manifold hashing techniques:

1 Spectral Hashing
Y. Weissat al, nNnSpectr al

Has hi

ng,

-1 1l 1
Average quantization error 0,88

1 Topology Preservig Hashing (TPH)
L. Zhang at al’ n‘T 0 p 0 I 0 g y p res e|JI.‘I||I\|/|.'r:| amd ||-.||-.~|3I|I'-ur-; { ) nelghhorho - preéssmoang
for similarity search,o 201 3 qge osc e
{1 Locally Linear Hashing (LLH) \ e h Tpy %P A,
G.lrieatal, fALocally i near | A& \ () sopology-preserving
extractlng non-linear manifolds,o 2 014. o8 TN ® 00 .
fy / “Ih . q g, 4,
': o ¢ T om0 | T | T =
ff . LLH J1 — 131 — 13— | *Figures are taken
(1) OurLLH  (b) SH[24]  (c) AGH[13] (d) IMH-tSNE[19] from cited papers!




RELATED WORK: Binary Hashing and Hamming Embedding

Closest approaches: RBM ' e
............... . T. |
Y Restricted Boltzmann | —e— | mm“_’ -
Machlnes (RBM) ...... Iqm ......... I ...... T %I 3 :_mh:]-
R. Salakhutdinov and G. Hinton, — S o —
ASemantic hashing, o RQO9 Wite:
.. . .. | SIM ] [ = |
1 Boosted Similarity Sensitive | lgﬂ:, | | ;Jm“"r"‘ |
Coding (Boosted SSC) | Recursive Pretraining Fine-tuning
G. Shakhnar ovi c-Bpecifii L a1y
similarity, o 2005. .10 ! so <o
G. Shakhnar o vtipaséestmatore m AR T . 0
with parameter sens[]“ft*flv-e h*éu o0 Jobcge , . 0
\> R O fqieay|
Our approach: @ &) oo
1 Boosted Hashing Foregigneralization of Boosted SBt [¢.7 . . -
1 boosting thenashing forestin the manner of Boosted SSC; |- - fgd) =402
1 induction ofany given metricsin the coded feature space; '
1 optimizing any given taskspecific objective function . il
(3




RELATED WORK: Binaigshingvia Convolutional Networks

Closest approach:

1 binary face coding via CNN withhashing layer(CNHL )

1 learning CNN and hashing layertogethervia back propagation technique
H . Fan, M. Yang, Z . Cao, Y . JI1 a
Representation: Packing a Face into an itB2oc. ACM Int. Conf. Multimedi
pp. 933936, 2014.

Great result: 32-bit binary face representation provides 91% verification on L

Problems:

1 results fordarger templatesare too far from statef-the-art;

9 direct optimization omore complex face conhg criterions is not availablg
1 wecannot perform the learning if CNHF via back propagation.

Our approach:
1 binary face coding via CNN withashing transform
1 go back to thetwo-step learning procedure

{1 learn basic CNN fst,

{1 learn hashing transform second.



RELATED WORK: Forest Hashing and Boosted Fore

Previous Forest Hashing techniquegonboosteq! o

1 random forest semantic hashing scheme with informs CY G3)
X)) ®
o goJo

theoretic code aggregation
Q. Qi u at al ., ARan2@Mm4 For est s

 feature iInduction based on random forest for lea
regression and muitabel classifiation

EECOECOE0O0

C. Vens and F. Cost a, ARandom
2011.

9 forest hashing with special ordsensitive Hamming distanc
G. Yu and J. Yuan, nScal abl e
2014.

9 combination okd-trees with hashg technique
J . Springer at al ., AFor est

retrievald0 201 3.

Previous Boosted Forest approach

1 Boosted Random Foresiut of the binary hashing topic
Y. Mi shina at al . ,0 n2B00lo5s.t ed Ra

5 5 o

Our approach:

9 Boosted Hashing Forest (generalization of Boosted SSC).
1 metric feature space induction via forest hashing;
1 hashing forest boosting in the manner of Boosted SSC
1 optimizing the biometric-specific objective function.




SUMMARY OF INTRODUCTION

Contributions of this paper:

(1) The family ofreal-time face representations based owltiple
convolution CNN with hashing forest(CNHF);

(2) New biometric-specific objective functionfor joint optimization o
faceverification and identification;

(3) Boosted Hashing Forest (BHF) techniqudor optimized featur
Induction with generic form of coding objective, coded feature spac
hashing function.

Content of presentation reminder:

1 Architecture and learning of CNHF with
multiple convolution layers;

1 Boosted Hashing Forest technique and
its Implementation for face coding;

1 Experimental results on LFW

1 Conclusion and discussion



CNHF: basic single net with MFM architecture

Original Max-Feature-Map (MFM ) architecture:

1 Max-FeatureMap instead of RelLU activation function
1 4 convolutional layers

1 4 layers of pooling + MFM pooling

1 1 fully connected layer

1 1 sofmax layer

Convolutional Convolutional Convolutional Convolutional Full connection Soft-max
layer 1 layer 2 layer 3 layer 4 layer layer
MEM + pooling MFM + pooling MEM + pooling MFM + pooling . Max-pooling .
20 layer1  gg layer2 24 layer3 layer 4 ™ ®
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CNHF: forming and learning

Two-step CNHF learning scheme:
{ learn basic CNN for muHclass face identification;
Y learn hashing transform for joint face verification and identificati

CNHF forming and learning (more details about CNI

Implementation):

1. learn the source CNN for muktiass face identification with clas:
corresponding to persons via bamopagation;

2. transform CNN to the multiple convolution architecture
substitution of each convolutional layer by the superposition
some (24) simpler convolutional layers(decreaing the number
multiplication operations);

3. train again the transformed CNN for muitass face identificatic
via backpropagation;

4. replace the output softmax layer of transformed CNN by
hashing forestand train the hashing forest.



Steps 2&3: Multipleconvolution CNN transformation

Idea: Replace big convolutional filters by sequences of small filters and 1x1xN fi

S 3

“3

128 64 64 128

Input and output dimensions are equal Fast relearningdsmall layer sizes’
No need to relearn all network
Transformed layer relearning by back propagation:

Reference signal
Reference layer
] Error :
Multiconv layer Euclidean loss

Finally:fine tune the whole network after replacing all convolutional layers

Input



CNHF: multiple convolution architecture and performanc
Our CNHF architecture:

1 Max-FeatureMap instead of RelLLU activation function
1 10 convolutional layers
1 4 layers of pooling + MFM pooling l
'[_ 1 fully connected layer ‘ 5 times fastet ‘
1 hashing forest

Convolutional Convolutional Convolutional Convolutional Convolutional Convolutional Convolutional Convolutional Convolutional Convolutional  Full connection “F‘::rl:;g
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FACE CODING: Boosted Hashing Forest (BHF)

Boosted Hashing Forest (BHF):

1 algorithmic structureof Boosted SSC;

1 binary code structuref Forest Hashing;

1 support of any objective metrics and objective functio

Original Boosted SSC

1 optimizes the performance bi distance in the
embedding space

1 as aproxy for thepairwise similarity function

1 which is conveyed by set of examples of positive
(similar) and negative (dissimilar) pairs



FACE CODING: Boosted Hashing Forest (BHF)

Main parts of original Boosted SSC.:
1 SSC algorithmiakes pairs labeled by similarity and produces a b
embedding space.
o The embedding is learned by independent collecting threst

projections of the input data.

o The threshold is selected by optingdlitting the projections !

negative pairs and nesplitting the projections of positive pairs

1 Boosted SSC algorithmollects the embedding dimensions gree
with adaptive weighting of samples afedituredike in AdaBoost.

1 BoostPro algoribom uses a soft thresholding for graduirase

learning of projections.

*Figure from
G. Shakhnarovich
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FACE CODING: Boosted Hashing Forest (BHF)
Proposed BHF w.r.t. original Boosted SSC.:

Original Boosted SSC Proposed BHF
output features binary features binary coded noibinary features
data coding structure | binary hashing vector hashing forest of binary trees
objective function pairwise similaity function any given objective function
boosting algorithm iterative binary vector growing by | iterative hashing forest growing

adding thresholded projections with recursive growing of each tree
by adding thresholded projections

learning data gradientbased optimization objectivedriven RANSAC search
projections

adaptive reweighting | AdaBooststylereweighting directly based on the contribution of
of training pairs this pair to the objective function
output metric space | weighted Hamnmg space any given metric space (including
(matching metrics) Hamming space, if required)

Our BHF implementation for face coding:

1 new biometriespecific objective function with joint optimization of fa
verification and identification;

91 selection and processing of subw#stof the input feature vector;

1 creation of ensemble olutputhash codes fasverconing the limitations of
greedy learning.



BHF detalls: Objectiveriven Recurrent Coding

Training set: X= {xil R™i=1 n (N objects described byn
dimensional feature space).
MappingX to then-dimensional binary spaca-pit code:

h(x): xI R"- bl {0,1}"
Elementary coder ¢bit hashing function
h(x): xI R"- bl {0,1},h®W(x) = h®(x) , E(X)).
Objective functiorito be minimized via learning:

JOXh®) - min(h®).

Formal statement



BHF detalls: Objectiveriven Recurrent Coding

Greedy Objective-driven Recurrent Coding (Greedy ORC) algorithm
sequentially forms the bits of coder in a recurrent manner (Algorithm

Algorithm 1: Greedy ORC

Input data: X, J, Norc
Output data:
h(x): xI R™- yl {0,1}"°rS h(x)l H.
Initialization :
Step 0k:=0; h® := ().
Repeat iterations
Ki=k+1;
Learnk-th elementary coder”
h¥(x, h*"):= Learn1BitHashy, X, h*™");
Add k-th elementary coder to the
hashing function:
h“(x) := (" (x), hx, h*D));
/[ concatenation
while k<norc // stopif the given sizés got




BHF detalls: Objectiveriven Recurrent Coding

Greedy Objective-driven Recurrent Coding (Greedy ORC) algorithm
sequentially forms the bits of coder in a recurrent manner (Algorithm

Algorithm 1: Greedy ORC

Input data: X, J, Norc
Output data: S
he):xi R™- yi (0,13 hogi H. T
Initialization : e
Step 0k:=0; h™ := ().

Repeat iterations

e / . | ._ SN,
Learnk-th elementary coder+
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BHF detalls: Objectiveriven Recurrent Coding

Greedy Objective-driven Recurrent Coding (Greedy ORC) algorithm
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BHF detalls: Objectiveriven Recurrent Coding

Greedy Objective-driven Recurrent Coding (Greedy ORC) algorithm
sequentially forms the bits of coder in a recurrent manner (Algorithm

Algorithm 1: Greedy ORC

Input data: X, J, Norc
Output data: SR
hoo: xi R™- yi {0,13"% hpoi H. T
Initialization : g2 S
Step 0k:=0; h® := ().
Repeat iterations
K= k+1;
Learnk-th elementary coder: - Ny
h9(x, h*Y):= Learn1BitHashf, X,h®b); ¥ 15
Add k-th elementary coder to the _I_' o
hashing function: \ @ 0
h“(x) := ("“D(x), h¥x, htDy;
/[ concatenation
while k<norc // stopif the given sizés got




BHF details: Learning elementary lineelassifier
via RANSAC algorithm

At the k-th step of coder growing we select thth elementary coder
JX,h®) = X, D n®y - min{h™ T H},
LetH is a class obinary linear classifiers of the form

h(w, t, X) =sgn@= 1 , eWi X« + 1),

wherew 1 vector of weightst T threshdd of hashing function,
sgnu) = {1, if u> 0; 0- otherwise}.

In this caseobjectivefunctiondepends omv andt only:

JOXh® Y Y = 30X, h%D w, 1) - minfwl R™ tl R}.

We use RANSAC for finding the projectiomand threshold, which
approximatelyminimizes the objective function.

Formal statement



BHF details: Learning elementary lineelassifier
via RANSAC algorithm

Projection determination:

1 Iterativerandom selection of dissimilar pairs in a training set as v&ctor
of hyperplane directioand searching for corresponding optimal threshold,;

1 taking the projection and threshold, which provide the best value of objective
function. :

Algorithm 2: RANSAC LearnlProjectionHash

Input data: J, X, h*™", kransac
Output data: h(w, t, x).
Initialization

Step 0k:=0; Jnax=-2.
Repeat iterations

K= k+1;

Step 1. Take the random dissimilar pair,X;) in X.

Step 2. Get vectdi;, %) as a vector of hyperplane direction:=x; i x.

Step 3. Calculate the threshotd minimizing J (6) by t with w=wj:

te=argmin JOX, h®Y, wy, t).

Step 4. 13X, h*Y, wy, t) > Jnax then

Inae= IO, WD wg 1); wi= wig 6=t

while k<kransac // stop if the given number of RANSAC iterations is achiev




BHF details: Learning elementary lineelassifier
via RANSAC algorithm

Projection determination:
1 Iterativerandom selection of dissimilar pairs in a training set as v&ctor
of hyperplane directioand searching for corresponding optimal threshold,;
1 taking the projection and threshold, which provide the best value of objective
function.

Algorithm 2: RANSAC LearnlProjectionHash
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BHF details: Learning elementary lineelassifier
via RANSAC algorithm

Projection determination:

1 Iterativerandom selection of dissimilar pairs in a training set as v&ctor
of hyperplane directioand searching for corresponding optimal threshold,;

91 taking the projection and threshold, which provide the best value of objective
function. :

Algorithm 2: RANSAC LearnlProjectionHash

Input data: J, X, h*™", kransac
Output data: h(w, t, x).
Initialization

Step 0k:=0; Jnax=-2.
Repeat iterations
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Inae= IO, WD wg 1); wi= wig 6=t
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BHF details: Learning elementary lineelassifier
via RANSAC algorithm

Projection determination:
1 random selection of dissimilar pairs in a training set as a vector of hype
direction.

Threshold determination:

9 TheideaolBoosted SSC nAThr e slimplenteRedtfoe dire
optimization of the global objective funah:

A Sort projections of objects of training set onto the current projection directian

A For eacht accumulate penalties for separated similar and neeparated dissimilar pair
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BHF detalls: Recursive coding and Trees of coders

Consider the tessellatiarf X by n-bit coder:
Xg = {Xp, bl {0,1}"}, Xo= {xI X: h(x)=b}, X = Cpj 10 13 Xp.

Recursive codingis a dichotomy of training set with finding the optimize
elementary coder for each subaeeach level of tessellatim

1 bi

Elementary recursivecoder for k-th bit:

h(x, h') = hw(h*P(x)), tth*P(x)), %),
h®(x, h*Y) = Learn1BitHash1 X, h%?) =
= {Learn1ProjectionHasf(X(h*?Y b), h*), bi {0,13**1.
/Iset of 2V thresholded projections formed by RANSAC

Tree of binary coders:recursiven-bit coderh®™(x).



BHF detalls: Recursive coding and Trees of coders

Consider the tessellatiat X by n-bit coder:
Xg = {Xp, bl {0,1}"}, Xo = {xI X: h(x)=h}, X=Cyj 10,137 X},

Recursive codingis a dichotong of training set with finding the optimiz
elementary coder for each subset at each level of tessgllatio

A-J

1 bit
Elementary recursivecoder for k-th bit:

h(x, h*Y) = hw(h* X)), tth* D)), x),
h®(x, h®Y) = Learn1BitHashy X, h®*?Y) =
= {Learn1ProjectionHasB(X(h*?® b), h*1), bi {0,1}**}.
/Iset of 2V thresholded projections formed by RANSAC

Tree of binary coders:recursiven-bit coderh™(x).



BHF detalls: Recursive coding and Trees of coders



