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The data processing theorem

The state of
the world

The gathered The processed
data data

Markov chain
P(w,d,r) = P(w)P(d|lw)P(r|d)
The average information

I(W;D)>1(W,R)

The data processing theorem states that data

processing can only destroy information.

David J.C. MacKay. Information Theory, Inference, and Learning Algorithms. Cambridge University Press 2003.
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1) Input Image 2) Detection 3) Description

p(d;0)
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4) Local descriptors in feature space 5) PDF estimation 6) Feature vector




EII1§§£E A dm Local descriptors in feature space
d, d, T |-

N\ s M
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d; .ekds
Descriptor matching Codebook Global feature
S
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# of anchor points: small

# of anchor points: large
Computational complexity: small

Computational complexity: large

SVM-KNN Bag of Visual Words HLAC

Naive Bayes Nearest Neighbor Gaussian Mixture Model GLC

Graph Matching Kernel SCSPM, Super Vector, LLC Global Gaussian
Fisher Vector
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Kernel codebook

e BRI FE—DDI— R T — FICE| ST BDTIEE LK, RIS CTeBMIIFTeT
DO— FT7— FNEBEEDITS.

« Jan C.van Gemert, Jan-Mark Geusebroek, Cor J. Veenman, and Arnold W.M. Smeulders.
Kernel Codebooks for Scene Categorization. ECCV, 2008.

Bag of Visual Words Kernel codebook
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1 ~n — A F. Perronnin and C. Dance. Fisher kernels on visual
vocabularies for image categorization. CVPR, 2007.

Generative approagp J Discriminative approach

7
Discriminative » C
ategor
classifier

\*/
Feature | cassifier
PDF estimation vector e.g., SVMs

Local descriptors
in feature space

Image
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— 4%BETIV (generative model)
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http://www.image-net.org/challenges/LSVRC/2010/ILSVRC2010_XRCE.pdf

Pascal VOC 2007
WESNE T 1w v—7T MUV EFE

SR ¢ SFESVM

PN L2 SP| SIFT Col S+C
- - - 47.9 34.2 45.9
v o oo- - 54.2 45.9 57.6
- v - 51.8 40.6 53.9
- - v 50.3 37.5 49.0
v v Vv 58.3 50.9 60.3




GMM Supervectors

« W.M. Campbell and D. E. Sturim and D. A. Reynolds. Support vector machines using GMM
itéggrvectors for speaker verification. IEEE Signal Processing Letters, Vol.13, pp.308-311,
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GMM Supervectors

W. M. Campbell and D. E. Sturim and D. A. Reynolds. Support vector machines using GMM supervectors
for speaker verification. IEEE Signal Processing Letters, Vol.13, pp.308-311, 2006.

CLLLY i+ v, k),

supervectors

k
r+ 3 7i(k)
/T =0
TP WIEU) (chU))_llzl’ik

(U)
" - N
ZN ;c/ (0) (Z;{U)) 1lzzi:17/i(k)xi
b k_ N I S . . -

1 _ N
N | (U) (ZE‘U)) 1/22i=17/i(k)xi :
l_N\[ Wi [

Q

N
Nw, = Z Vi (k)
i=1

GMM supervector & Fisher Vector

DFEFp D NEIFIEE—

Fisher Vector®
TR

g,u,i =

1

NM§7i(k)(zk)_ (Xi _"lk)

TRECVID 2011 TI&GMM supervectorD fEFF D&
OAVR—2Y EN\DEN) ST ZERbtEE ST ET

E—UDMEEZ EIT TN 2.

N. Inoue and K. Shinoda. A Fast MAP
Adaptation Technique for
GMMsupervector-based Video Semantic
Indexing. ACM Multimedia, 2011.
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« H.Jegou, M. Douze, C. Schmid, and P. Perez. Aggregating local
descriptors into a compact image representation. CVPR, 2010.
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SIFT Product

quantization
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Asymmetric Distance Computation



H. Jegou, M. Douze, C. Schmid, and P. Perez. Aggregating local
descriptors into a compact image representation. CVPR, 2010.

 Vector of Locally Aggregated Descriptors
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Super-Vector Coding

o X.Zhou,K.Yu,T. Zhancf;, and T.S. Huang. Image classification using
super-vector coding of local image descriptors. ECCV, 2010.
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« EFRHIRRIEAT S
— Locality-constrained Linear Coding (LLC)

— J.Wang, J. Yang, K. Yu, F. Lv, T. Huang, and Y. Gong. Locality-
constrained Ilnearcodlng forlmage classification. CVPR, 2010.

— BFrEERZRFS1bLocal Coordinate Coding (LCC)D &R 3R %

— K. Yu, T.Zhang, and Y. Gong Nonlinear learning using local
coordinate codlng NIPS, 20009.
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Generalized Local Correlation (GLC)

H. Nakayama, T. Harada, and Y. Kuniyoshi. Dense Sampling Low- GMM
Level Statistics of Local Features. In CIVR, 2009

« Single Gaussian
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Generalized Local Correlation (GLC)

H. Nakayama, T. Harada, and Y. Kuniyoshi. Dense Sampling Low-
Level Statistics of Local Features. In CIVR, 2009.

« GLCIIE

Table 2: Comparison of the performance in two
scene datasets and Caltech-101 (%). (*)approximate

value read from the graph.

S Ch HDMEREWIT S

Dataset GLC + PLDA Previous

L1 L2 L3 no SI with SI
OTs 88.8 90.5 [ 91.1})f 82.3 [19] 90.2 [19]
82.5 [3] 87.8 [3]
LSP15 80.0  83.2 | 84.1 | 72.7 [3] 83.7 [3]
74.8 [11] [81.4 [11
72.0° [1
67.7 [3]
Caltech-101 | 55.0 63.3 | 64.8 66.2 [20]
41.2 [11] |64.6 [11]

58.2 [7]

39.6 [8]

coast

highway

Figure 1: Sample images from the OT8 dataset.

bedroom

kitchen

——

=l

suburb industrial

Figure 2: Additional seven classes in the LSP15

dataset.



Global Gaussian (GG)

H. Nakayama, T. Harada, and Y. Kuniyoshi. Global Gaussian Approach for
Scene Categorization Using Information Geometry. In CVPR, 2010.
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Global Gaussian

H. Nakayama, T. Harada, and Y. Kuniyoshi. Global Gaussian Approach for
Scene Categorization Using Information Geometry. In CVPR, 2010.

o MERBESMEOHERTEZELKRE
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n FEAZZRIC B Bsingle Gaussian D3RI
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(Htla ooy fdy 211+ SRR 214+ i,
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GLCO i 7= B ~

dist(n(P),n(Q)) = tr(SpSy') +tr(SeXp') — 2d +

. i - Gauss7 R REID
tr ((EP + X5 ) (Hp — o) (P — Bo) ) symmetric KL-

divergence
_ K (P, Q) = exp(—a dist(n(P).n(Q))) i

GLCO R 75 ER st Fisher Information Matrix

Ka(P.Q) = n(P)"G"(n)n(Q) B ¢ = (G"(n.)"*n
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Global Gaussian (GG)

H. Nakayama, T. Harada, and Y. Kuniyoshi. Global Gaussian Approach for
Scene Categorization Using Information Geometry. In CVPR, 2010.

« MEgEET/h

Table 5. Performances of global Gaussian, BoK. and combined Table 6. Perfornjance comparison with previous work (%). For our
approach (%). L = 2 spatial pyramid is implemented. Kernel method, L = 2 $patial pyramid 1s implemented, and kernel PDA
PDA is used for classification. SURF descriptor is used for LSP15 1s used for classification. We use the SURF descriptor for LSP15
and SIFT descriptor 1s used for 8-sports. and Indoor67, and §he SIFT descriptor for 8-sports.

REFEORXOAT

LSP15 8-sports Method \ LSP15 8-sports  Indoor67
GG (KL) 86.1+0.5 84.4+1.4 GG (KL-div.) 86.1+£0.5 844+1.4 455+1.1
GG (ct-linear) 82.3+0.4 82.9+£1.0 GG (ct-linear) | 85.3+0.5 83.44+0.7 449+13
BoK200 81.1+£0.7 79.6+1.1 + BoK1000
BoK1000 82.5+0.7 81.5+1.7 Previous 85.2 [30] 84.2[29] 25.0[23]
GG (ct-linear) + BoK200 | 85.0+0.5 83.2+0.9 84.1 [29] 73.4[14]
GG (ct-linear) + BoK1000 | 85.34+0.5 83.440.7 ﬂ 83.7 [6]
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« K. Chatfield, V. Lempitsky, A. Vedaldi and A. Zisserman. The devil is in the
details: an evaluation of recent feature encoding methods. BMVC, 2011.

Method mAP Lﬂ'@" % ? @ &

(a) FK Lin _ss3 256 61.69 7897 6743 5194 7092 30.79 . . Fisher Vectorld

(b) SV Lin ss3 1024 58.16 7432 63.79 47.02 69.44 29.06 : . FEREONL.

(c) LLC Lin ss2 25k 57.60 71.05 62.85 4740 67.67 25.21
() LLC-F Lin ss2 25k 5932 7410 6492 5148 6833 27.18

©VQ  Chi ss2 25k 56.07 70.00 5890 42.86 66.75 26.59 62. . =_ N

(DLLC  Lin ss3 25k 57.27 7135 62.65 46.12 68.98 26.04 . [(T—%2tv ]

(@)LLC  Sqr ss3 25k 5671 7124 6175 4273 6821 2585 62. . Pascal VOC 2007

(M LLC  Chi ss3 25k 57.66 7241 62.19 4730 6891 25.78

()LLC-F  Lin ss3 25k 5074 74.17 6539 51.15 69.60 28.67 64 .

()VQ  Chi ss3 25k 5530 70.10 5924 44.14 6634 2679 60. . [Lb&: L fzEfRRIR]

(KKCB  Chi ss3 25k 56.26 7083 60.60 4450 66.52 27.02 62. . VO: B FWor

(JLLC  Lin ss5 25k 56.96 69.82 61.63 4671 68.27 25.66 Q: e RS ds

(M)LLC-F Lin ss5 25k 5870 7344 6290 5022 67.90 27.85 64 _ FK: Fisher Vector

MVQ  Chi ss5 25k 53.87 6874 57.14 4124 6454 2520 6l. . SV: Super Vector

(LLC  Lin ss3 14k 56.18 7071 59.67 4481 67.20 26.03 LLC: Locality-

(MVQ  Chi ss3 14k 5482 69.00 5861 4127 66.30 26.49 ) .
constrained Linear

(@QLLC  Lin ss3 10k 56.01 69.66 6044 4421 67.78 24.66 6l. . Codi

(VQ  Chi ss3 10k 5498 69.56 57.97 4286 65.84 23.52 6l. , oding

(s)LLC  Lin ss3 4k 5379 6983 57.63 4204 6646 2244 55 R KCB: Kernel Codebook

(LLC  Sqr ss3 4k 5207 6852 5462 40.14 6534 21.53

(WLLC  Chi ss3 4k 5347 70.17 5620 4273 6527 22.23

(VWLLC-1 Lin ss3 4k  36.06 5339 4320 2247 4632 1140 29. . -
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Figure 2. Compression results on VOC 2007. Left: HK results as a function of the number of dimensions. Right: PQ results as a function
of the number b of bits per dimension and the group size & (without sparsity encoding). The baseline corresponds to the uncompressed
signature (262,144 dimensions). For a given compression factor, PQ performs much better than HK.
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