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1. Multi-Attribute Image Retrieval 3. The Contributions 5. Experiments (more experiments in Technical Report [4])

B Positive Weight . We propose weak attributes that unify various kinds « Weak attributes used: query attribute classifiers, discriminative

1.1 Problem Definition

Large-scale weak attributes - : : : : :
8 0 Negative Weight of mid-level image representations which can be attributes, classemes|[3], random image distances, latent variables.
ry J [1 Not selected easily acquired with no or little human labor 5.1 a-PASCAL
Multiple attributes Images with ALL attributes y acq | | T .1 a-
" * We apply weak attributes to image retrieval, by "1 Tagprop (S otal) W Indvicual Gassifors 0.5

' i B RMLL (Siddiquie etal) [N MARR
- modeling dependency of query attributes on weak B MARR (Sidciquie et ) I Our Approach .
" attributes under the framework of structural i S 0.84-
learning. RS R p— S -

0.83 +

saINqLUNY A1anD

« To achieve efficiency and avoid overfitting, we
propose a novel semi-supervised graphical model to
select a subset of weak attributes adaptively for

1.2 Related Works

Method | Query |RetrievalModel __|Result

0.82

AUC
AUC

Example:
Query: “sailing”+ “person”+ “sunset”

0.81 -

Individual Classifiers Scores of i
Classifier Scores i Selected weak attributes: sailing(1.0) person(1.0) sunset(1.0) sea(0.9) sailboat(0.8) each. query. This makes the proposed method | &
’ eIl - NP - - applicable to large and general datasets 080-—f —fli=Single Attribute Queries -
.g.- +Person random_distance#3(0.2) discriminative#2(0.5) outdoor(0.9) indoor(-0.7) kitchen(-0.8) . . ) . =9~ Double Atribute Queries
| +Sunset latent#1(-0.3) random_projection#1(0.4)... * We compile the largest multi-attribute image 5| . o - 079 4P Arovte Jueries
> '.. Questions retrieval dataset to date, named a-TRECVID et ol nic L el 0 100 200 300 400 500
?, . ] . ’ . ) ueries ueries ueries Sparsity
3 o Sailing 1. How to select a subset of weak attributes for answering a specific query? including 126 fully labeled query attributes and 5 2 a-Yahoo (cross-dataset. train on a-PASCAL and test on a-Yahoo
- +PErSON  Night x 2. How to learn the weights? 6,000 weak attributes of 0.26 million images : ( , )
- +sunset Indoor x 08~ M Individual Classifiers 0.75 -
mCIassnfler Scores . . o B MARR . i
Sea V 4. How to select a subset of weak attributes for answering a specific query? S Our Approsch (Without Uneupenvised Graph) 71"
2 Sailboat V ' ur Approach : s '
§ Sunset V 4.1 Maximizing mutual information 4.2 The Semi-supervised Graphical Model ' 2:?
S max [(Q;Xg) s.t. |Xg|=k A two-layer tree graphical model, which can capture the high-order dependency | 3 Z:: |
o o , , o , AQCA structure of query and weak attributes with consideration of both training/test data. 2 2 0'687
* Individual Classifiers [1]: Train attribute classifiers independently , , , , i
and then sum up the scores for multi-attribute queries. Where @ is a multi-attribute query, and Xg is a subset NSOpewised | T TTTTTTTTOIToToToC e
« MARR [2] (Image Ranking and Retrieval based on Multi-Attribute of weak attributes. N \ Nlenee \““\“\“‘\\"*‘“ . 065/ '—i=Single Attribute Queries
Queries): Model dependency of query attributes. « After some simplification, the above problem can be ;“Plf:c‘;'sridt'a}’r?; it oot -d- =@ Doubio Atributo Queris
- MARR improves over individual classifiers [2]. transformed to model P(Q|z;) for every x; (weak \Q\x\mm C Model the o 5 . —_— o3 F e e T
iby te) odel the depen ef?CV O Single At.tnbute Double AFtnbute Triple At?nbute 0 100 200 300 400 500
1.3 Problem to Solve attri ' query and weak attributes Queries Queries Queries Sparsity
» MARR relies only on the pre-labeled attributes to design the * P(Qlz;) plays a key role in bridging weak attributes ~ -----mmeee]e oo 5.3 a-TRECVID
dependency model. to multi-attribute query. » Compiled from TRECVID 2011 Semantic Indexing Competition.
 User labeling is a burdensome process. The small amount of . Modeling P(Q|z;) based on training data only may ] « 126 labeled attributes, 6,000 weak attributes, 0.26 million images.

attributes are far from sufficient in forming an expressive feature

bias the model, since in large-scale image retrieval, . Pata/code: http://www.ee.columbia.edu/dvmm/a-TRECVID/

\ Nence
space. the number of training images is always limited.

2, Our Solution « Solution: the semi-supervised graphical model with Q\mcm\
the alternating inference algorithm. e

* Unsupervised layer

*  Built from test data Tl ' ' = - |
* Model the dependency of il » B ]

weak attributes ol il N SR —

0.90

 Weak Attributes are a collection of mid-level representations, /\ Latent Variable Weak Attribute  C_ Query Attribute ami m: N R 1 SN

which could be comprised of automatic classifier scores, distances 3 Al ) | e | . | | S |
. . . . . 4. t e r n a ti n I n e r e n C e . . 0.78 : m;:gual Classifiers 0.82 -I-;r;i::;ual Classifiers 0.86 - mlr\;lgual Classifiers

to certain t.emplate Instances, or even q.uantlzatlon t.o certain g | | | 5. How to learn the welghts? (Retrleval Model) Hi= ;memc’h R I'ompmﬁh N x'oU,Appmac:h
patterns derived through unsupervised learning, all of which can be « To get P(Q|x;) from semi-supervised graphical model. 2000 w0 o oo 200 o awo oo 200 o o 2000
easily acquired with very little or no human labor. » Inference in each layer is by belief propagation. «  We use structural SVM as the retrieval model. e See e See e See

. Examples: Algorithm 1 Alternating Inference * The advantages of structural SVM: 5.4 Contributions (weights) of different types of weak attributes
Automatic classifiers (Columbia3/74, Classemes 2,659); Given a query Q@ C Q, compute P(Ql|z; = 1) (without ) qunt optimi;atiqn of a”‘. Kinds of queries . Query Att Classifier | “Classemes” | Disriminative Att Others
Discriminative Attribute (A is similar to B); loss of generality), Va,; € X » Direct optimization of different loss functions a-PASCAL 10.49%(64) 25.87%(2659) | 48.73%(1350) | 14.91%(927)
Relative Attribute (A is more natural than B); : o : . a-Yahoo 3.23%(64) 74.30%(2659) | 17.23%(1350) 5.24%(927)
Topic Models (pLSA LDA); while Not convergent (the change of Py (2) is large) do 3.1 Retrieval a-TRECVID 20.09%(126) 70.83%(2659) |  3.84%(2000) | 5.24%(1215)

Inference on the unsupervised graph to get its marginal

distribution Py sup(z|z; = 1),V € X Y* = arg maXWTw(Q,Y), WT?,D(Q,Y) = Z Z Wi Z d(xj,Yk)- Reference
« Build dependency model of query attributes on the large-scale Update the margin of z € A& of the supervised graph s 3EQx;EXQ yr €Y

(thousands) weak attributes. Poun(2) — Pyunsup(Z|2; = 1). « ¢(z;,y1) is the value of weak attribute Z; of image Yk . [1] N. Kumar, A..Berg, P Belhumeur, and S. Nayar. A search engine for
Classifier Scores Classifier Scores Large-Scale Weak Attributes Inference on the superwsed graph, to get updated large collections of Images with faces. In ECCV, 2008.
é... g é_: o"ula™ N Poup(z),Vz € X. 5.2 Training [2] B. Siddiquie, R. Feris, and L. Davis. Image ranking and retrieval
= m = = Update the marein of z € X of the unsupervised , based on multi-attribute queries. In CVPR, 2011.
Z " :>5; :>5; m L.e < gf;ph: Punsup(xg) P (). P are o WTW"'CZ& [3] L. Torresani, M. Szummer, and A. Fitzgibbon. Efficient object
§ .I. g gieEmE TE ... end while ; category recognition using classemes. In ECCV, 2010.
ol - Caa— ° ~ I‘ Compute joint distribution Pisy,(Q) in the supervised vt w(Y(Q:, Yi") — (Q, Yr)) > A(Y, V:) — & [4] F. Yu, R. Ji, M.-H. Tsai, G. Ye, and S.-F. Chang. Experiments of image
Individual Classifiers MARR Our Approach graph as output P(Q|z; = 1).8up ) . . . . o retrieval using weak attributes. Columbia University Computer
We also impose sparsity to get efficiency and avoid overfiting. : * A(Y;",Yy) is the loss function, which can be Hamming loss, precision, recall etc. Science Department Technical Report # CUCS 005-12, 2012.




