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Introduction: Visual learning

A lot of recent successful
applications of Machine

Learning to Visual
Understanding

Supervised classification
on large dataset ImageNet

o 1M images

o 1000 classes

chambered nautilus

tape playr

planetarium

tiger lampshade cellular telephone planetarium

tiger cat throne slot dome
tabby goblet reflex camera mosque

boxer table lamp dial telephone radio telescope

Saint Bernard hamper iPod steel arch bridge
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Introduction: Visual learning
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Introduction: Visual learning

* Data for training

/ 15-Scenes

E mnmnnmm it i1

bedroom subu b industrial kitchen living room

/ Caltech-101 - w \

airplanes ~ chair  elephant  faces  helicopter

coast oest highway inside czty mountain

\motorbikes nautilus  pyramid soccer ball water lily/

Q?en country street tc;ll builg office store/ S
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Introduction: Visual learning

* Beyond classification image+label
* Data for training : 1mage pairs, triplets, ...
o Pairs+label YES/NO (LFW)

o Class information

Least smiling < ? ~ ? < Most smiling

S/




Introduction: Metric learning

Metric Learning >

Metrics in Machine Learning and Computer Vision
* C(Clustering

* Information/Image retrieval
» kNN classification, Kernel methods

Commonly used metrics: Euclidean distance, chi2 for histogrames, ...

[Bellet et al., A Survey on Metric Learning for Feature Vectors and Structured Data, Tech. report, 2013]



Outline

1. Introduction

2. Metric Learning
o Data and Metric models: Mahalanobis, ...

o Learning schemes:
»  Constraints :Pairs, triplets ...
> Objective function: regularization, optimization ...

b Examples
3. Computer Vision Applications
o Relative attribute learning

o Web page comparison



Metric Learning

* Key ingredients of metric/similarity learning:
o Data representation including both:

» Feature space
» Gist
» Bag of visual word representation BoW

» Deep features
IMAGE REPRESENTATION == VECTOR

» Similarity function / Metric

o Learning framework
» training data, type of labels and relations,
» Optimization formulation

» Solvers




Metric Learning

Notations:
Vector representations x € R? (visual BoWs)

Widely used approach: Mahalanobis-like Distance Metric Learning
xi,x; € RY, M € 87, Dis(xi,x;) = (xi —x;)  M(x; — x;) (1)

Since for all M € S% with rank(M) = e < d, there exists L € R®*¢ such
that M =L 'L:
Xi,X; € RY M € Si, Dﬁd(xi,xj) = (x; — xj)TLTL(XZ- — X, )

= [|Lx; — Lx; 3

(2)



A

Metric Learning

Deep Visual Semantic Skip-gram

Traditional
Visual Model Embedding Model Language Model
label [ similarity metric | nearby word
core embedding embedding
—_ visual vector R vector

parameter model lookup table parameter lookup table
initialization I initialization I

image image label source word

DeVISE system (google NIPS 2013)

* Non-linear extension
« Comparison of heterogeneous objects

B reptiles
Il bids insects [l food
musical instruments [li] clothing ] dogs
B aquatic life animals transportation
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Metric Learning

* PairWise Constraints for learning

Similar pairs
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Metric Learning

* Learning scheme for parwise constraints

* Xing et al: Distance metric learning, with application
to clustering with side-information, NIPS 2002

min Z DIQVI(XZ',XJ') S.t. Z \/D12\/[(Xiaxj) 2 1

MeSsé

A L
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Metric Learning

* TripletWise [Weinberger LMNN NIPS06]

BEFORE AFTER Eunclidcan Mahalanobis
— ] Metric Metric
ghborhood }margm .
\ amen \ ) [focal cighborhood
N 7 .
- f - \ -
|{ 1/ 6 O\ ‘I / . o .
|
\ \O O I | é O } 2 D
/ - -1 LY
voN / | ® A
\\ S 4 // «4\| = O ; LM/ ('\l ( (\]
| - o ¢ .
(O similarly labeled s
- Differently labeled -
{ . Semelarly labeled (target meaghbor)

~~~_ |target neighbor | [ Differently labeled

. Differently labeled (impostor)
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min Z Dig(x:,%")

MeSd
(xz, +)ES
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Metric Learning

* QuadrupletWise [Law ICCV 2013] (from taxonomy):

vehicle
_Auheeled vehicle
craft | seli-propelled vehicle
vessel aircraft motor vehicle

f’ud&
' pA
%

bicycle  {occomotive [ar
o)

\V/q — (Xi7Xj7Xk7Xl) < N7 D(X’MX]) =+ 5q < D(Xk,Xl)
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Web page ML

Qwise Constraints:
o Fully unsupervised ML, but temporal information available

o Constraints by comparing screenshots of successive webpage versions

TITE
Bk -9~ ia

D(”Ut; ”Ut+1> < D(”Ut—h Ut+2)
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Metric Learning

(M, N) loss over set of constraints N/

e Pairs:

N=SUD— { V(i x;) €5 Daalxi,x;) <1

\V/(Xi,Xj) ecD DM(Xi,Xj> > 1

e Triplets:
N = {(X@',X;_,Xi_> ,fil — V(Xi,X—'_,X?;_) c N, Dl\/[(XZ',Xj_)—I—(S < Dm(x4,X%; )

1

e Quadruplets:
N — {q — (Xiaxjaxkivxl)} = Vq € N7 DM(Xi,Xj) =+ 5q < DM(Xkaxl)

Classic Mahalanobis-like distance metric problem formulation:

min pR(M) + (M, N)
MeS?

With R(M) : regularizer
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Metric Learning

Large margin optimization

* Qwise optimization framework

R(M) + C
s, pR(M) + Q)&
qgeN

s.t. Vg = (Xi,Xj,Xk,Xl) c N, D12\/[(Xk,Xl) > D12\/[(Xiaxj) + 04 — &4
\V’q E N7 fq Z O

e R(M): regularization term

o (g > 0: trade-off between fitting and regularization.

* Triplet optim:

l\l/flneléld Z Dip(xi, %) + C Z &i
(%, Hes (xi,%; ,x)ET

st V(xi,x;,%x;) € T, Dag(xi, %, ) > 14 Dyg(xi,%]7) — & 17



Metric Learning

* Objective function min y R (M) 4 / (M, N)
MeST

* Regularization term to express prior, to control complexity ...

 Low rank solution?

o Controling overfitting
o Sparsity of the singular values
o Exploiting correlation between features

o Fast/efficient solution

18



Metric Learning

Formulation of R(M)
e Frobenius norm R(M) = [[M|% = > MZZJ

— matrix analog of the standard /5 regularizer in SVM
— does not promote low-rank solutions

— useful when M is a diagonal matrix

e Schultz, Learning a Distance Metric from Relative Comparisons, NIPS 2003

e Nuclear norm regularization R(M) = ||M||, = tr(M):

— rank NP-hard to optimize
— convex envelope of rank(M) on the set {M € R¥4: |[M] < 1}

— {1 norm of vector of singular values (M)

® McFee, Metric Learning to Rank, ICML 2010
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Metric Learning

M Law, Fantope regularization in ML, CVPR 2014

o Explicit control of the rank of M
By noting, VM € S¢, R(M): sum of the k smallest eigenvalues of M

R(M) =0<«=rank(M) <d -k
o Reformulation

min pR(M) +¢((M,N) = min u(W, M) + £(M,N)
MeS? MeS?

with W rank-k projector on the eigenvectors of M with k£ smallest eigenvalues
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Metric Learning

Construction of W

e M = VyDiag(A(M))Vy, eigendecomposition of M € S4, Vi orthogonal
matrix

e We construct w = (wq,...,wq)' € R%

B 0if 1 <i < d—k (the first d — k elements)
" 1 1ifd—k+1<i<d (the last k elements)

W = VyDiag(w)Vyy (1)

min pR(M)+0(M,N) = min p(W, M)-+£(M,N) s.t. W = VyDiag(w)Vy,
Megi MESi



Metric Learning

* Algorithm: alternating optimization procedure

Input: Training constraints A/, hyper-parameter u and step size n > 0
Output: M € Si

Initialize M' € Si, iteration n =1

Repeat until convergence

1. W™ « Vi Diag(w)Von

2. Fix W" in Eq. (1)

3. W' e o((W" M"))

G" € /(M",N)

5. M Mge (M" —n(pW" + G"))

=

6. n<n—+1



Results on face verification pb

2 images => same face ?
Labeled Faces in the Wild (LFW)-- 27 SIFT descriptors concatenated
10-fold Cross Validation (600 pairs per fold)

Accuracy (in %)
76.2 = 0.5
77.5 + 0.5
82.2 + 0.4
Proposed method 83.5 £ 0.5
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Bad results: Should be similar
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Bad results: Should be dissimilar
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Hierarchical Image Classification

Rich relationships in taxonomies can be described with relative distances
Information richer that “is similar” or “is dissimilar”
Different levels of similarity

Same species

Learn dissimilarity D such that:

D(R EE) < D(Ed. Fal)

D(ES.BA) < o(El.BA)
26



Taxonomy ML

Qwise constraints sampling;:

1. Images in the same class more similar than images in sibling classes

2. Images in sibling classes more similar than images in cousin classes
x; € R%: 1,000 dimensional SIFT BoW descriptor
Diagonal PSD matrix framework: w > 0

Convex Optimization Problem:

m“irn,unH% + > oW Y (pr,pr) — U (pi,py)])

(pis0j,Pk,PIL)

with ¥(p;,p;) = (x; — X;) o (x; — x;) Hadamard product

28



Taxonomy ML

Subtree Dataset [Verma 2012] | Qwise
Amphibian 41% 43.5%
Fish 39% 41%
Fruit 23.5% 21.1%
Furniture 46% 48.8%
Geological Formation 52.5% 56.1%
Musical Instrument 32.5% 32.9%
Reptile 22% 23.0%
Tool 29.5% 26.4%
Vehicle 27% 34.7%
Global Accuracy 34.8% 36.4%

Table 1: Standard classification accuracy for the various datasets.

e 9 datasets from ImageNet, for each dataset: from 8 to 40 different classes,
from 8,000 to 54,000 images for training
29



Outline

1. Introduction

2. Metric Learning
o Data and Metric models: Mahalanobis, ...

o Learning schemes:
»  Constraints :Pairs, triplets ...
> Objective function: regularization, optimization ...

b Examples

3. Computer Vision Applications
o Relative attribute learning

o Web page comparison
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CV app: Scarlett and others

* Best Paper (Marr Prize) at
ICCV 2011:

Relative attributes,

D. Parikh (TTI Chicago) and
K. Grauman (Texas Univ)

To appear, F i of the

Co on Computer Vision (ICCV), 2011.

Relative Attributes

Devi Parikh

Kristen Grauman

Toyota Technological Institute Chicago (TTIC) University of Texas at Austin

dparikh@ttic.edu

Abstract

Human-nameable visual “attributes” can benefit vari-
ous recognition tasks. However; existing techniques restrict
these properties to categorical labels (for example, a per-
son is ‘smiling’ or not, a scene is ‘dry’ or not), and thus
fail to capture more general semantic relationships. We
propose to model relative attributes. Given training data
stating how object/scene categories relate according to dif-
ferent attributes, we learn a ranking function per attribute.
The learned ranking functions predict the relative strength
of each property in novel images. We then build a genera-
tive model over the joint space of attribute ranking outputs,
and propose a novel form of zero-shot learning in which the
supervisor relates the unseen object category to previously
seen objects via attributes (for example, ‘bears are furrier
than giraffes’). We further show how the proposed relative
attributes enable richer textual descriptions for new images,
which in practice are more precise for human interpreta-
tion. We demonstrate the approach on datasets of faces and
natural scenes, and show its clear advantages over tradi-
tional binary attribute prediction for these new tasks.

1. Introduction

While traditional visual recognition approaches map
low-level image features directly to object category labels,
recent work proposes models using visual attributes [1—
8]. Attributes are properties observable in images that have
human-designated names (e.g., ‘striped’, ‘four-legged’),
and they are valuable as a new semantic cue in various
problems. For example, researchers have shown their im-
pact for strengthening facial verification [5], object recog-
nition [6, 8, 16], generating descriptions of unfamiliar ob-
jects [1], and to facilitate “zero-shot” transfer learning [2],
where one trains a classifier for an unseen object simply by
specifying which attributes it has.

Problem: Most existing work focuses wholly on at-
tributes as binary predicates indicating the presence (or ab-
sence) of a certain property in an image [1-8, 16]. This may
suffice for part-based attributes (e.g., ‘has a head”) and some

grauman@cs.utexas.edu

() Not smiling

!

(d) Natural ©? (f) Manmade
Figure 1. Binary attributes are an artificially restrictive way to describe
images. While it is clear that (a) is smiling, and (c) is not, the more in-
formative and intuitive description for (b) is via relative attributes: he is
smiling more than (a) but less than (c). Similarly, scene (e) is less natural
than (d), but more so than (f). Our main idea is to model relative attributes
via learned ranking functions, and then demonstrate their impact on novel
forms of zero-shot learning and generating image descriptions.

binary properties (e.g., ‘spotted’). However, for a large va-
riety of attributes, not only is this binary setting restrictive,
but it is also unnatural. For instance, it is not clear if in Fig-
ure 1(b) Hugh Laurie is smiling or not; different people are
likely to respond inconsistently in providing the presence
or absence of the ‘smiling” attribute for this image, or of the
‘natural” attribute for Figure 1(e).

Indeed, we observe that relative visual properties are a
semantically rich way by which humans describe and com-
pare objects in the world. They are necessary, for instance,
to refine an identifying description (“the ‘rounder’ pillow”;
“the same except ‘bluer”), or to situate with respect to ref-
erence objects (“‘brighter’ than a candle; ‘dimmer’ than a
flashlight”). Furthermore, they have potential to enhance
active and interactive learning—for instance, offering a bet-
ter guide for a visual search (“find me similar shoes, but
‘shinier’.” or “refine the retrieved images of downtown
Chicago to those taken on ‘sunnier’ days”).

Proposal: In this work, we propose to model relative at-
tributes. As opposed to predicting the presence of an at-
tribute, a relative attribute indicates the strength of an at-
tribute in an image with respect to other images. For exam-



CV app: Attribute Models

L; — Real value

Density,
Smiling,

“I am 60% sure this person 1s smiling” “This person 1s smiling 60%”
(Binary Classifier Confidence) (Attribute Strength)

Slide credit; Devi Parikh 13



CV app: Relative Attributes

“Person A 1s smiling more than Person B”
(Relatlve Attrlbute Parikh and Grauman ICCV 201 1)

v i
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1"\

smiling

>
natural
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Binary Relative

OSR TI SHC OMF
natural 00001111 | TI~S<H<C~O~M~F
open 00011110 | T~F<I~S<M~<H~C~O
perspective 11110000 | O<KC<M~F<H=<I<S<T
large-objects 11100000 | FKO~M<I~S<H~C<T
diagonal-plane 11110000 | FKO~M<C<I~S<H<T
s o close-depth 11110001 | C<M<O<T~I~S~H~F

¢ Tralnlng sets: PubFig ACHJ MSVZ
Masculine-looking | 1111001 1 | S<M<Z<V<I<A<H=<C
” White 01111111 | AXC<H<Z<I<S<M=<V
Attrlbutes labeled Young 00001101 | V<H=<C<I<A<S<Z=<M
Smilin 11101101 | JXV<H<A~C<S~Z<M
at category level Chubb)gz 10000 000 | V<J<H<C<Z~<M~<S<A
Visible-forehead 11101110 | JRZ<XM<S<A~C~H~V
Bushy-eyebrows 01010000 | M<S<Z<V<H<A<C<]
Narrow-eyes 01100011 | M<J<S<A<H=<C=<V<Z
Pointy-nose 00100001 | A<C<I~M~V<S<Z<H
Big-lips 10001100 | HRIKV<Z<C<M<A<S
Round-face 10001100 | HXV=<I<C<Z<A<S<M

Table 1. Binary and relative attribute assignments used in our experiments.
Note that none of the relative orderings violate the binary memberships.
The OSR dataset includes images from the following categories: coast
(C), forest (F), highway (H), inside-city (I), mountain (M), open-country
(O), street (S) and tall-building (T). The 8 attributes shown above are listed
in [11] as the properties subjects used to organize the images.The PubFig
dataset includes images of: Alex Rodriguez (A), Clive Owen (C), Hugh
Laurie (H), Jared Leto (J), Miley Cyrus (M), Scarlett Johansson (S), Viggo
Mortensen (V) and Zac Efron (Z). The 11 attributes shown above are a
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CV app: Attribute Models

* Ranking functions for relative attributes
For each attribute a,,, open

Supervision = all pairs as:

Binary Relative
OSR TI SHC OMF
tural 00001 111 T <]~ S<H<C~O~M-~F
| open 00011110 | T~F<I~S<M—<H~C~O
perspective TTTTOO0U0 [ O2C Mo 22221
large-objects 11100000 | FXKO~M=<I~S<H~C<T 7
diagonal-plane 11110000 | FKO~M<C<I~S<H<T
close-depth 11110001 | C<M<O<T~I~S~H~F
PubFig ACHI MSVZ
Masculine-looking | 11110011 | S<M<Z<V<J<A<H=<C
White 01111111 | ARC<H=<Z<IJ<S<M=<V
Young 00001101 | VH=<C<IJ<A<S<Z<M
Smiling 11101101 | JXKV<H<A~C<S~Z<M
Chubby 10000000 | VI<H<C<Z<M<S<A
Visible-forehead 11101110 | JXKZXM<S<A~C~H~V
Bushy-eyebrows 01010000 | M<S<Z<V<H=<A<C<IJ
Narrow-eyes 01100011 | M<J<S<A<H<C<V<Z
Pointy-nose 00100001 | AXC<I~M~V<S<Z<H
Big-lips 10001100 | H=IKV<Z<C<M<A<S
Round-face 10001 100 | HXV<I<C<Z<A=<S<M 36



CV app: pairwise ranking

Scarlett Johansson vs Miley Cyrus

* Coarse labeling at

O,,:

category level =>
noisy pair sampling

* Quadruplet to minimize this artefact

Binary Relative

OSR TI SHC OMF
natural 00001111 | T<I~S<H<C~O~M~F
open 00011110 | T~F<I~S<M~<H~C~O
perspective 11110000 | O<XC<M~F<H=<I<S<T
large-objects 11100000 | FKO~M<I~S<H~C<T
diagonal-plane 11110000 | FKO~M=<C<I~S<H<T
close-depth 11110001 | C<M<O<T~I~S~H~F

PubFig ACHIMSVZ
Masculine-looking | 1111001 1 | S<M<Z<V<J<A<H=<C
White OI111 111 | ARC<H=Z=<J<S<M=<V
Smilin 11101101 | JXV<H<A~C<S~Z~<M

'_Mﬁ (VAL VRVAVRY)
Visible-forehead 11101110 | JKZ<M<S<A~C~H~V
Bushy-eyebrows 01010000 | M<S<Z<V<H<A=<C<]
Narrow-eyes 01100011 | M<J<S<A<H=<C<V<Z
Pointy-nose 00100001 | AXC<I~M~V<S<Z<H
Big-lips 10001100 | HRIXV<Z<C<M<A<S
Round-face 10001100 | HRV<I<C<Z<A<S<M




CV app: Quadruplet-wise ML

Binary Relative

OSR TI SHC OMF
natural 00001111 | T<I~S<H<C~O~M~F
open 00011110 | T~F<I~S<M=<H~C~O
perspective 11110000 | O<XC<M~F<H<I<S<T
large-objects 11100000 | FRKO~M<I~S<H~C<T
diagonal-plane 11110000 | FKO~M<C<I~S<H<T
close-depth 11110001 | C<M<O~<T~I~S~H~F

PubFig ACHIMSVZ
Masculine-looking | 1111001 1 | SKM<Z<V<J<A<H=<C
White O1T11 111 | AKC<H=<Z=<I<S<M=<V

[F——reeme————caere=r—
Smiling 11101101 | JXV<H<A~C<S~Z<M
' _me U000 000 ml

Visible-forehead 11101110 | JKZZXM<S<A~C~H~V
Bushy-eyebrows 01010000 | M<S<Z<V<H<A<C<I]
Narrow-eyes 01100011 | M<J<S<A<H=<C=<V<Z
Pointy-nose 00100001 | ARC<I~M~V<S<Z<H
Big-lips 10001 100 | HRIXV<Z<C<M<A<S
Round-face 10001 100 | HRV<I<C<Z<A<S<M

Presence of smile

+

Least smiling < 7 ~ ? < Most smiling
/ G
&
=!
Class (e) | Class (f) | Class (g) | Class (h)

Learn dissimilarity D such that:

p(id, i) < (e, )
DR, &) <o Bl

* Relative attributes => (Dis)similarity Learning under Qwise constraints

>
>
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Relative attribute learning

e Learning a feature space

= (Xi —Xj)TLTL(XZ' —Xj)

e Corresponds to learn a linear transformation parameterized by L € RM x4

such that h; = Lx; where the m-th row of L is w |

m

e Application to Actor retrieval and classification:

Masculine-looking

Smiling

39



Relative attribute learning

mingl|wi3+ Y C(w [C(pk,m) — U(pi,p;)])

(piPj Pk,PL)

o(fd. b)) <o [
(. &) <o &)

x; € R% GIST (+ color) descriptor

» ‘I’(Pi,pj) = X; — X5

Relative attributes a,, for m € {1,..., M}: smiling, masculine-looking
young...

Learning a w,,, for each attribute a,, using Qwise optimization

» Resulting in learning a linear transformation parameterized by L € R x4
_ _ R
w11 Wi, d W
: : : : T .
L= : : : = | ¢ |, W, : m-th row
T
| WM, 1 WM,d_ | W
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Relative attribute experiments

* QOutdoor Scene Recognition * Public Figures Faces PubFig
OSR [Oliva 01] [Kumar 09]

* 8 classes, ~2700 images, GIST <+ 8 classes, ~800 images, GIST

e 6 attributes: open, natural ... +color

* 11 attributes: smiling, shubby ...

41



Relative attribute experiments

* Baselines
o RA Relative attribute method (Parikh and Grauman)

» annotations on class relationships with pairwise constraints

o LMNN Linear transformation learned [Wein.09]
» class membership information used only unlike RA

o RA + LMNN: Combination of the first two baselines

1. Relative attribute annotations to learn attribute space

Suyuug

2. Metric in attribute space with LMNN

* Qwise Method:
o Qwise constraints generated as pairwise
o Qwise output alone or combined Qwise + LMNN

[Wein.09] K.Q. Weinberger, and L.K. Saul, Distance metric learning for large margin nearest

neighbor classication, In JMLR 2009
42



Relative attribute experiments

OSR Pubfig
Parikh’s code 71.3+1.9% | 71.3+2.0%
LMNN-G 70.7 £ 1.9% 69.9 £+ 2.0%
LMNN 71.2 £ 2.0% 71.5 £ 1.6%
RA + LMNN 71.8 £1.7% 74.2 £ 1.9%
Qwise 74.1+21% | 74.5+1.3%
Qwise + LMNN-G || 74.6 =1.7% | 76.5 +1.2%
Qwise + LMNN || 743 +£1.9% | 77.6 + 2.0%

Table 1: Test classification accuracies on the OSR and Pubfig datasets for dif-

ferent methods.
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Relative attribute experiments

44



Relative attribute experiments

Query

45



Outline

1. Introduction

2. Metric Learning
o Data and Metric models: Mahalanobis, ...

o Learning schemes:
»  Constraints :Pairs, triplets ...
> Objective function: regularization, optimization ...

b Examples

3. Computer Vision Applications
o Relative attribute learning

o Web page comparison
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Web page ML

e (Context:

o For Web crawling purpose, useful to understand the change behavior of websites
over time [AWUPCPI11]

Page
—— Page »  Web Crawler " Vn Web
\/n Archive
I
Patterns Time series Page
Vn-1

| 1 Ch
[ T e lmp:::iflsce Changes
: ' Discovery .
0 Z‘t k - o] Estimation Detection

th €h 12h 16h 18h 24h 1h 6h 12h 164 18h 24h

o Significant changes between successive versions of a same webpage => revisit the
page
* Web page comparison
o Qwise to learn Web page metric and significant webpage regions 47



Web page ML

L1Y

* Focus on news websites e S S e e e e

oll Advertisements'or menus not
signiricant "
o News content significant ‘ =

BT too late
ews onls il

Mk Bieslak looks at gome of the homdcorroutin
PrIorg which make o qasiar for e aladqly and 1o

& J plans mol on tachnfally-mindsd to jdin ths digital age
- ngle markel

will n co lar grashes?
' intage plan h Gostfe contrel: The fiture of compifers?

* Find a metric able to properly S T

Mdst Popylar in News

identify significant changes
between webpage versions i ———
 Localize changes inside pages ==t 3| [ o o
[Song04]: =g k=l e R
o semantic spatial structure ; N i ol oy - Y S

o significant to capture
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Web page ML

Qwise Constraints:
o Fully unsupervised ML, but temporal information available

o Constraints by comparing screenshots of successive webpage versions

TITE
Bk -9~ ia

D(”Ut; ”Ut+1> < D(”Ut—h Ut+2)

49



Web page ML

o Descriptors: GIST on m-by-m grid over
screenshots

o ¥ is a m-by-m vector of Euclidean
distance between blocks

o Diagonal PSD matrix: w represents block
weights

=
B

i
i

] 4 I
-E i .
] i
: [0 SR -
10 : |
i
2 r w o1
H

o Optimization over w

» Learning of spatial weights of webpage regions
using temporal relationships

» Automatically
» Discovering important change regions
» Ignoring menus and advertisements

==
1B
-1 B
LLE
=
=788
e ol I
EEDE
ad¥

m—
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Web page ML

e Evaluation and Comparison
o Crawling 50 days Several sites CNN, NPR, BBC, ...
o Manual change detection (news updates) for GT on 5 days
o Baselines: Euclidean Dist, LMNN

o GIST on 10x10

o Mean Average Precision on succ. Web page Metric scores

Site CNN NPR New York Times BBC

Eval. APg | APp | MAP || APgs | APp | MAP || APs | APp | MAP || APs | APp | MAP
Eucl. 68.1 | 85.9 | 77.0 96.3 | 89.5 | 92.9 69.8 | 79.5 | 74.6 91.1 | 76.7 | 83.9
Dist. +0.6 | £0.6 | £0.5 || £0.2 | £0.5 | £0.3 || =£0.9 | £0.4 | +£0.5 || £0.3 | £0.6 | £0.4
LMNN || 788 | 91.7 | 85.2 98.0 | 92.5 | 95.2 83.2 | 89.1 | 86.1 92.5 | 80.1 | 86.3
+1.9 | £1.7 | £1.8 +0.6 | £1.1 | £0.9 +1.4 | £2.7 | £2.0 +0.4 | £1.0 | 0.6
Qwise || 82.7 | 94.6 | 88.6 98.6 | 94.3 | 96.5 85.5 | 92.3 | 88.9 92.8 | 79.3 86.1
+4.1 | £1.8 | £2.9 || £0.2 | £0.6 | £t04 || 5.4 | 4.1 | £4.6 || 0.4 | £1.3 | +0.8
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Web page ML
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Web page ML

* Not connected to the structural layout of the Web page
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Web page ML

* Detect significant changes using the source code of
pages (Segmentation) + Qwise
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Conclusion

* Key issues in Metric Learning:
o Modeling: Data representation, form of the metric (linear, non lin., local)

o Learning Paradigm: unsupervised, semi-supervised, transfer, type of
constraints

» Temporal/spatial relationships, class relationships => rich context to learn metrics or
semantic embedding

o Optimization issues: Global/local solution, Convexity, Scalability, dim.
Reduction
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Matthieu Cord
Joint work with Marc T. Law and Nicolas Thome
LIP6, Computer Science Department UPMC Paris 6 - Sorbonne University
http://webia.lip6.fr/~cord

Metric learning:

« M.T. Law, N. Thome and M. Cord. Fantope Regularization in Metric Learning, CVPR 2014

« M.T. Law, N. Thome and M. Cord. Quadruplet-wise Image Similarity Learning, [CCV 2013

« M.T. Law, N. Thome, S. Gancarski and M. Cord. Structural and Visual Comparisons for Web
Page Archiving, ACM DocEng, 2012

M.T. Law PhD doc available: Distance Metric Learning for Image and Webpage Comparison,

(defense Jan 2015 with F. Bach, P. Gallinari, P. P erez, J. Ponce, F. Precioso, A. Rakotomamonjy)

Code available on demand

Image representation:

* S. Avila, N. Thome, M. Cord, E. Valle, A. araujo, Pooling in Image Representation: the Visual
Codeword Point of View, CVIU 2012

* H. Goh,, N. Thome, M. Cord, JH. Lim, Top-Down Regularization of Deep Belief Networks,
NIPS 2013
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