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Semantic Search in Internet Videds™

Metadata is insufficient in describing the content of a video:
— Biased views/Irreverent to the content
— Weak temporal describability
— Can be missing

Next generation semantic search engine for Internet video (called

Zero-Example Search or OEx):
Text Query Semantic Query
— No textual metadata

— No example videos O il
| Cake

visual G;:‘ g
— Complex content query B Thday ift Kids
— Multimodal query Party 9

acoustic

Birthday song  Cheering

*HarpPY
IRT DAYU.'
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Zero-Example Search

* Event of Interest: Birthday Party

ELAMP
Prototype System
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ELAMP Prototype pversity

New Event Query: Parade Query 1

Showing top 100/500 search results L et
Add Keyword

¥ Semantic Concept Speech [ Text

Add Semantic Concept

Query Bucket

Type Description Relevance
Concept street * * *
Concept parade * * *
Concent march * k%
Concept crewd * * %
Concept walking_running * % %

Explore Query

S

Figure 1: The screenshot of our 0Ex system for the query “E012 Parade”. The left panel shows the query
bucket that contains relevant visual concepts input by the user. The right panel shows the returned results.
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Why Important?

Flexible semantic search over the video content:
— Searching personal tour videos:

 Who is with us in the last year’s forest camp?
 How many beaches have | visited so far? What are they?
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Why Important?

Flexible semantic search over the video content:

— Searching videos in the social streams(Vine/Weibo):
 What are recent popular videos about the cute dog?
 What are the user responses to 2015 Super Bowl?
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Why Important?

Flexible semantic search over the video content:

Alberta Star Gazina
See the Northem Lights in Wood Buﬁak@'aﬁonal Park. Find Deals!
fravelalberta us/StarGazing

—

— Video ads:

* Recommend commercial videos based on the content.

* Promote videos that have related content (cold start).

15



Carnegie
Mellor?1

O u tl i ne University

Background

16



Carnegie

Representative task: TRECVID  {isoniy
Multimedia Event Detection (MED)

Organized and evaluated by the National Institute of Standards and
Technology (NIST).

Participants include such as BBN, SRI International, Stanford, Columbia
U, UMass, U Maryland, ATT Lab, INRIA, AXES, Fudan U, etc.

Two benchmarks MED13Test and MED14Test (32K videos, 20 queries).
Queries are every events such as Birthday party, Changing a vehicle
tire, Rock climbing, Making a sandwich, Parade, Parking a vehicle etc.

Represent the state-of-the-art performance in both industry and
academia.

We will discuss the task called zero-example detection or SQ/OEx.
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Published results on MED13Test™ ™"

 Published results on the benchmark MED13Test.

 The problem is young and challenging (Mean Average Precision <0.2)
Table 2: MAP (x 100) comparison with the pub-

lished results on MED13Test.

Method Year ]| MAP /4 Ours
SIN/DCNN (visual) 4] 2014 || 2.5 /’/,’
Composite Concepts [1] 2014 | 6.4 7 7/
Tag Propagation |7 2014 0.6 If, / ,/
MMPRF [4] 20014 10.1 J ,I
Clauses [3] 2014 || 112 2/
Multi-modal Fusion |[8] 2014 12.6,,¢ ,'

SPaR [2] 2014 || 129 Jf

Our AutoSCQGSys 2015 12.0 ,'

Our VisualSys 2015 18.3 14

Our FullSys 20145 20.7

[1] A. Habibian, T. Mensink, and C. G. Snoek. Composite concept discovery for zero-shot video event detection. In ICMR, 2014.

[2] L. Jiang, D. Meng, T. Mitamura, and A. G. Hauptmann. Easy samples first: Self-paced reranking for zero-example multimedia search. In MM, 2014.

[4] L. Jiang, T. Mitamura, S.-l. Yu, and A. G. Hauptmann. Zero-example event search using multimodal pseudo relevance feedback. In ICMR, 2014.

[5] H. Lee. Analyzing complex events and human actions in” in-the-wild” videos. In UMD Ph.D Theses and Dissertations, 2014.

[7IM. Mazloom, X. Li, and C. G. Snoek. Few-example video event retrieval using tag propagation. In ICMR, 2014.

[8] S. Wu, S. Bondugula, F. Luisier, X. Zhuang, and P. Natarajan. Zero-shot event detection using multi-modal fusion of weakly supervised concepts}ﬁ CVPR,

2014.
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Results Evaluated by NIST

e Official evaluation by NIST on the largest collection MED14Eval. The
evaluation is very rigid because

— Each system can only submit a single run
— Within 60 minutes after getting the query
— The ground-truth data is never released even after the submission
— Some queries are online generated and unknown to the system

beforehand

0.2 0.2

PRE BOur Systems

"oPRF |llOther Systems]|

0.15¢

PRF

MAP

0.1F

0.05p

noPRF

B{Our Systems
BOther Systems

(a) Pre-Specified (PS) (b) Ad-Hoc (AH)

Figure 3: The official results released by N:EST
TRECVID 2014 on MED14Eval (200, 000 Videosg).
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Breakthrough 1: Large-scale Semantic Indexing (SIN)
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(1) Semantic Query
Generation (SQG6)
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Large-scale Semantic Indexing

* Why do we need shot-based concepts?
1. Domain difference in objects.

o L)
s ao@aooon e
I ... e

In still images In videos
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1. Domain difference in objects.
2. Actions.
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Large-scale Semantic Indexing

* Why do we need shot-based concepts?

1. Domain difference in objects.
2. Actions.

3. Multimodal detectors (visual & acoustic).

For the concept diving

water splashing sound
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Summary of Datasets

DIY [1] 72,000 1,601 Instructional videos Yoga, Juggling, Cooking
IACC [2] 600,000 346 Internet archive videos Baby, Outdoor, Sitting down
YFCC [3] 800,000 609 Amateur videos on Flickr ~ Beach, Snow, Dancing
Sports [4] 1,100,000 487 Sports videos on YouTube Bullfighting, Cycling, Skiing

Trained on improved dense trajectory features [5].
Computational challenging: building the semantic detectors costs us
more than 1.2 million CPU core hours.

[1] S.-I. Yu, L. Jiang, and A. Hauptmann. Instructional videos for unsupervised harvesting and learning of action examples. In MM, 2014.
[2] P. Over, G. Awad, M. Michel, J. Fiscus, G. Sanders, W. Kraaij, A. F. Smeaton, and G. Qu’eenot. TRECVID 2014 — an overview of the goals,
tasks, data, evaluation mechanisms and metrics. In TRECVID, 2014.

[3] Yahoo! Webscope dataset yfcc-100m. http://labs.yahoo.com/news/yfcc100m/, 2014.

[4] A. Karpathy, G. Toderici, S. Shetty, T. Leung, R. Sukthankar, and L. Fei-Fei. Large-scale video classification with convolutional neural
networks. In CVPR, 2014. 27
[5] H. Wang and C. Schmid. Action recognition with improved trajectories. In ICCV, 2013.
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i comvues SOCIAL == 2 uaprope VTN
s GOMPLEX oo INTERNET “B“S['“TSSS"’ * Noisy (weakly labeled)
ABMLM!ES MANAEEM[NT RS 2 g * Highly unbalanced data

= PETABYTES NCLUDE - =
é : SYSTEMS Touchapit SIZ[

STORAGE

« PARALLEL =%
GO

CAPACITY sy = C/D

AMOUNT

worres. \\ORKING

DIFFICULTY

Our solution: Training detectors iteratively using samples
organized in a meaningful sequence (curriculum) [1]

28
[1] L. Jiang, D. Meng, Q. Zhao, S. Shan, and A. G. Hauptmann. Self-paced curriculum learning. In AAAI, 2015.
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Preliminary results on MED14Test

2014 2015(Esti’[nated)

0.25 N\ AN

2013

—&—Shot-based Concepts

—+—Best Low-level 2014

== =|deal Estimation

O | I I I T 1
0 2000 4000 6000 8000 10000
#concepts

The concepts are used as a mid-level representation in OEx setting.
Best low-level feature is the improved dense trajectory(].
Shot-based concepts are derived from the weighted fusion.

29
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* Leveraging multiple modality and PRF.

Table 3: Comparison of modality contribution.

Bun MED13Test MED14Test
1-split 1()-splits 1-split 1()-splits
FullSys+PRF 22.12 - 22.05 -
FullSys 20.75 19.47+1.19 20.60 18.77+2.16
VisualSys 15.31 18.30+1.11 17.58 17.27+1.82
ASRSys 0.03 6.90+0.74 5.79 1.264+1.19
OCRSys 2.04 T7.531+1.01 1.47 1.5240.91

* (Quality and quantity (relevance) of concept detectors which is
more important for semantic search?
— Building more detectors with reasonable accuracy seems to be

a sensible strategy. Merely increasing the number of low-quality
concepts may not improve the performance.

30



Semantic Feature Contribution

Table 4: Comparison of feature contribution.

Carne
Mellor?1

gniversity

. Visnal Concepts , . MAP _ _
SysID sin  sports  vyfce diE imagenet ASR  OCR 1-split 10-splits MAP Drop(%)
MEDI13/TACC v v v v v v 18.93 18.61+£1.13 9%
MED13/Sports v v v v v v 15.67  14.68+0.92 257
MEDI13/YFCC v v v v v v 18.14 18.47+1.21 13%
MED13/DIY v v v v v v 19.95  18.70£1.19 17
MED13/ImageNet v v v v v v 18.18  16.58+1.18 127
MED13/ASR v v v v v v 15.48  18.78+1.10 11%
MED13/0OCR v v v v v v 20.59  19.12+1.20 1%
MEDI14/IACC v v v v v v 18.34  17.79%1.95 11%
MED14/Sports v v v v v v 13.93 12.47+£1.93 327%
MEDI14/YFCC v v v v v v 20.05  18.55£2.13 3%
MED14/DIY v v v v v v 20.40 18.42+42.22 1%
MEDI14/ImageNet v v v v v v 16.37 15.21+1.91 207
MED14/ASR v v v v v v 18.36 17.62+1.84 11%
MEDI14/0OCR v v v v v v 20.43  18.86£2.20 1%

Contribution: Sports > ImageNet > ASR > |ACC > YFCC > DIY > OCR
Data size: Sports > ImageNet > YFCC > |ACC > DIY
Training detectors on “big data” is a promising but challenging solution.

31
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0.2
BOur Systems

SysID <in < 0.15f .Other SyStemS I plits MAP Drop(%)
MEDI3,/TACC PRF F1.13 T o%
MED13/Sports v % $1+0.92 25%
MEDI3/YFCC v =01y F1.21 13%
MEDI3/DIY 7 | DS ™
MED13/ImageNet v i+1.18 12%
MEDI3/ASR v 0.05} SF1.10 1%
MEDI3/OCR 7 ’+1.20 1%
MEDI4/IACC TI107 100
MED14/Sports v 0 '+1.93 327
MEDI4/YFCC 7 v v v v v 2005 18.5552.13 3%
MEDI4/DIY 7 v 7 v v v 20.10  18.42+2.22 1%
MEDI14/ImageNet v v v v v v 16.37  15.21+1.91 20%
MED14/ASR v v v v v v 18.36  17.62+1.84 11%
MEDI4/OCR 7 v v 7 v v 50.13  18.86+12.20 1%

Contribution: Sports > ImageNet > ASR > |ACC > YFCC > DIY > OCR
Data size: Sports > ImageNet > YFCC > |ACC > DIY
Training detectors on “big data” is a promising but challenging solution.
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Breakthrough 2: Self-Paced Reranking (SPaR)
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Reranking

* |Intuition: initial ranked result
IS Noisy.

e Refined by the multimodal
info residing in the top
ranked videos/images.

__:i_ 8 - Called Reranking or
Pseudo Relevance
Feedback (PRF).

HVé185454 HV6185454
Il N EEEE MmN Il N EEE NN
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Generic Reranking Algorithm

t = 0; //Iteration zero

Choose the mitial pseudo labels and weights;

while ¢ < max 1teration do
Train a reranking model on the fixed labels and weights;
Update the pseudo labels and weights;
if 7 1s small then add more pseudo positives:

end while

return The list of samples after reranking;

Pseudo labels: assumed

(hidden) labels for samples.

Zero-example: ground truth label unknown.
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Generic Reranking Algorithm

t = 0; //Iteration zero

Choose the mitial pseudo labels and weights;

while ¢ < max 1teration do
Train a reranking model on the fixed labels and weights:
Update the pseudo labels and weights;
if 7 1s small then add more pseudo positives:

end while

return The list of samples after reranking:

1
\
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NN

2
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\ \
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Generic Reranking Algorithm

t = 0; //Iteration zero
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Choose the mitial pseudo labels and weights;
while ¢ < max 1teration do
Train a reranking model on the fixed labels and weights:
Update the pseudo labels and weights;
if 7 1s small then add more pseudo positives:

end while

return The list of samples after reranking:

1
\
. \\ Reranking Model
NN

-

1

A w N

n-4
n-3
n-2
n-1

Reranking

~\ Model




Intuition

Event: Birthday Party
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True Weighting
Sl
Label gjnary Predefined:Learned :
|

Existing methods assign equal weights to pseudo samples.
Intuition: samples ranked at the top are generally more relevant than

those ranked lower.

Our approach: learn the weight together with the reranking model.

L. Jiang, D. Meng, T. Mitamura, and A. G. Hauptmann. Easy samples first: Self-paced reranking for zero-

example multimedia search. In MM, 2014.
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Reranking in Optimization and %{‘i}i‘é}‘sﬁy

Conventional Perspective

t = 0; //lteration zero
Choose starting values for y, v;
while { < max iteration do

E}EH” LOuTh — '11gm'11]Evv{BEtj= E}E,,j;(?};
{a 1) 1||#,|:t—|—1j| = arg maxEE.{v”} {H;ﬁs};

1f'1‘ is small then increase 1/k:
end while
return |[viy1,--- ,1ﬂﬂyn:T;

NS

Algorithm 1: Reranking in Optimization Perspective.

CCM (Cyclic Coordinate Method) is used to solve the problem.
Fixing one variable and optimizing the other variables.
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Self-paced Reranking

* Easy samples to complex samples.
— Easy sample = smaller loss to the already learned model.

— Complex sample = bigger loss to the already learned model.

ldu_

Q@O g—kudt

* j:‘g—lku%dtzfdt

@ 1 B
L‘; y_;wdu—T

1
g —ko| |7 = T

1n|9—__":m| — kT
g — kuy
g=ku(T) _  r
g— kg

Y. Bengio, J. Louradour, R. Collobert, and J. Weston. Curriculum learning. In /ICML, 2009.
M. P. Kumar, B. Packer, and D. Koller. Self-paced learning for latent variable models. In NIPS, 2010.
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Self-paced Reranking

* In the context of reranking : easy samples are the top-ranked
videos that have smaller loss.

Ranked list of Ranked list of
iteration 1 iteration n
1

fe)

w N

w N BB

7
54 34
£5 25
§6 §6
7 7
8 8

Y. Bengio, J. Louradour, R. Collobert, and J. Weston. Curriculum learning. In /ICML, 2009.
M. P. Kumar, B. Packer, and D. Koller. Self-paced learning for latent variable models. In NIPS, 2010.
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Reranking Results on MED13Test University

e Standard setting on the MED13Test set.

* Experiments are conducted on both NIST’s split and randomly generated
10 splits.

Table 1: MAP (x 100) comparison with the baseline
methods across 20 Pre-Specified events.

| Method || BIST'sspht | 10 sphts |
Without Heranking 3.9 49 £+ 1.6
Roechio 5.7 7.4 + 2.2
Relevance Model 2.6 3.4+ 1.0
CPRF 6.4 8.3+ 1.8
Learning to Rank 3.4 412+ 1.4
MMPRF 10.1 13.6 £ 2.4
SPaR 12.5 14.9 + 2.6

The results are statistically significant at the p-level of 0.05
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Reranking Results on MED13Test

e Standard setting on the MED13Test set.
* Experiments are conducted on both NIST’s split and randomly generated

10 splits.
Table 1: MAP (x 100) comparison with the baseline
0.2 “aethods across 20 Pre-Specified events.
BOur Systems
0.15/ BlOther Systems| [ Method || NIST 'ssplit | 10 sphits |
Without Reranking r 3.0 109+ 1.6
<01l Rocchio 5.7 74+ 22
= ~Relavance Model 2.6 34+ 1.0
CPRF =T 64 8.3+ 1.8
0.05 Learning to Rank 3.4 42+ 14
MMPRF 10.1 13.6 + 2.4
0 SPaR L 12.5 14.9 + 2.6
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Conclusions

A few messages to take away from this talk:

 Semantic search in video is a novel, challenging and
promising research problem.

 We observed breakthroughs in two directions:

— Training concept detectors on the large-scale video collection
improves the performance. Given limited resources, building
more detectors with reasonable accuracy seems to be a sensible
strategy. Merely increasing the number of low-quality concepts
may not improve the performance.

— Reranking is a cost-effective approach to improve the search
result.

* We plan to share our detectors on the two benchmarks:
MED13Test and MED14Test. (send us an email if you are
interested in approaching this problem)
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