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TF-IDF

N
Wi,j:gci,jXIog (E)

tf, = number of occurrences of i in j
df = number of documents containing i
N = total number of documents

Document analysis

Curse of dimensionality

Pictures from web
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Documents, Images, Videos,...

Database
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o Locality Sensitive Hashing (LSH)
v Date-1independent, unsupervised
v Map the data points with random projections

P.Indyk and R. Motwani. Approximate nearest neighbors: towards removing the curse of dimensionality. STOC’'98
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o Restricted Boltzmann Machines (RBMs)

v Date-dependent, unsupervised/supervised
v Learn the binary codes layer by layer with deep

Output layer: final binary codes | 2000 |
g i W’ +£
: RBM; 17
S . ; T
i v “.3 i W'2+ES
oL s 1 ] [ 500 |
“““ ) o
vy : I:?’Zl Code Layer
| 500 | | Noise A
b ] | 500 |
. ———— RBM T whe,
' 500 ' 2
o r— | ' | 500 |
| v 1 ! T wlise,
| I 000 L [ 2000 |

R.Salakhutdinov and G.Hinton. Semantic hashing. SIGIR 2007 workshop
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o Spectral Hashing (SH)

v Date-dependent, unsupervised

v Design compact binary codes based on spectral
graph partitioning

minimize : Z Wijlly: — yj”E

. minimize : trace(YT (D — W)Y)
ij

subject to: Y (i,7) € {-1,1}

subject to: y; € {—1, 1}k ' YyT1=0
Zi: Yi = YTY =1
1 T
n2 i =1

Y. Weiss, A.B. Torralba, and R. Fergus. Spectral hashing. NIPS 2008
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o Semi-Supervised Hashing (SSH)

v Date-dependent, semi-supervised

v Combines the empirical loss over the labeled data
with other desirable constraints over both labeled and
unlabeled data.

max JW)=tr (W™ X,SXW)+7*tr (W™ XX W)

v A sequential learning scheme (SPLH) 1s also
developed for hash function leaning.

J. Wang, S. Kumar, and S.-F. Chang. Semi-supervised hashing for large scale search. TPAMI 2012.
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o Extensions of traditional hashing methods:

« Hyper-graph Spectral Hashing (HSH), Anchor Graph
Hashing (AGH)

= Optimized Kernel Hashing (OKH), Supervised Kernel
Hashing (SKH)

=« Composite Hashing with Multiple Information Sources
(CHMS), Kernel Hashing with Multiple Features (MFKH)

Y. Zhuang, Y. Liu, F. Wu, Y. Zhang, and J. Shao. “Hyper-graph spectral hashing for similarity search of social
image” In ACM MM 2011.

W. Liu, J. Wang, S. Kumar, and S.-F. Chang. “Hashing with graphs” In ICML 2011.

J. He, W. Liu, and S.-F. Chang. “Scalable similarity search with optimized kernel hashing” In KDD 2010.

W. Liu, J. Wang, R. Ji, Y. Jiang, and S.-F. Chang. “Supervised hashing with kernels” In CVPR 2012.

D. Zhang, F. Wang, and L. Si. “Composite Hashing with multiple information sources” In SIGIR 2011.

X.liu, J.HE, D.Liu, B.Lang. “Compact kernel hashing with multiple features.” In ACM MM 2012.
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Long-Kai Huang, Qiang Yang, Wei-shi Zheng. Online Hashing. IJCAI 2013 25
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Frequent Directions (FD)

Algorithm 1 Frequent Directions (Liberty [21])

Input: Data matrix P € RY*"_ sketch matrix Q € R?*!,

Output: Sketch matrix Q).
if () not exists then Lemma 1. (Liberty [21]) Apply Algorithm 1 to matrix P

Q — all zeros d x [ matrix to obtain a sketch () with prescribed [, then
end if
for each column P, in P, do T 19 T 19
Insert P; into a zero valued column of Q va, ”‘TH =1 0< HP m“ N ”Q $|| <
if () has no zero valued columns then
U, S, V] =SVD(Q) 9
\\ C'=US [just for notation] OSHPPT—QQﬂbgjﬂH@

Setd = s}, [the squared (1/2)"" entry of ]
Set S = Vvmax(S? — 1,6, 0)
Q=US
end if
end for

2
=1

or

Edo Liberty, “Simple and Deterministic Matrix Sketching”. SIGKDD 2013 (Best paper award)
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Algorithm 2 Zero Mean Sketching

Input: Streaming data chunk Dy, Dy, - -+, D,
All zeros matrix Y of size d x [.

I: Sketch D; — Dy into ¥ with Algorithm 1

2 n+mpandp < Dy

3 fori=2:kdo

4 Sketch [D; - D;, /-2 (D; — p)] into Y

DA ntm;

s :Z;D [update the data mean]

6 nen+m [update the data size]
7: end for

hed
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Figure 3. (a)(b)(c) Mean average precision (MAP) on CIFAR-10 dataset at each round with 16, 32, 64 bits. (d)(e)(f) MAP on GIST-IM
dataset at each round with 16, 32, 64 bits. (Best viewed in color)
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Extraction runnlng time

3D Reconstruction

™= === - R R . "
# Images # Cores I MatchTime‘l econs. ruction arges

I ! Time Component
150,000 496 I 13 Hours J 8 Hours 2,106

\—-—-—-—_
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- Point matching
- Line matching

- Region matching

Point matching is searching in essence!
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Jian Cheng et al., “Fast and Accurate Image Matching with Cascade Hashing for 3D Reconstruction ”. CVPR 2014
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(b) Statue.of Liberty: 674 images.

(d) Colosseum: 1357 images.
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Taj.Mahal Statue.of.Libert
Method Tarateh S;eed—Up Points | Tharaten | Speed-Up : Points
Brute 52575s 1.00x 124038 | 30608s 1.00x 88001
KDTree 5136s 10.24 x 119165 | 9765s 3.13x 98674
LDAHash 1774s 29.64 x 120353 874s 35.02x 123274
asHash-8Bit .6/% 11835 S J.00 % 2033
CasHash-10Bit 287.30 % 116224 132.50x | 246206
Method Notre.Dame | Colosseum |
Taraten | Speed-Up | Points | Taraten | Speed-Up | Points
Brute 396729s 1.00x 358121 | 12307s 1.00x 540308
KDTree 60663s 6.54 x 347056 | 2430s 5.06 % 445774
L.DAHash 13136s 30.20x 413348 8351s 14.46 x 492040

CasHash-8Bit

2266s

175.08 x

484960

222s

55.44 %

393408

{

CasHash-10Bit

1354s

293.01 x

400673

196s

62.79 %

512508

38
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OpenMVG (open Multiple View Geometry)

a@p enM\/ G I‘m actually testing it to ensure it works well on

different datasets and that I have a code that
works as good as your original version.

https://github.com/openMVG/openMVG/issues/194

- Four Eyes Lab
»
b . X R A P AR
\)
I RE A5 18] SR AR

it's a really useful insight and is a simple enough idea.

Theia Vision Library

https://github.com/kip622 /Theia 39
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Ideas ——Prototypes —Testing — Products

1

o [H [MBillion== Z¢ 2 ¥ 1= AL 5 F &
— FEHI B E YT R AR A A A S A T BRLRCR
o LA ST SRR R
— Learning to ......

e Learning to crawling

* Learning to extracting
e Learning to ranking
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4W — who, where, what, and when

Social
Network

Location
Relevance

Event
Similarity
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