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A picture = 1000 words

o

Video shoots at 30 frames/sec seconds per video

30,000

words/sec




Flip Side: Lot of Redundancy

Need for

Automatic Video
Summarization

Capture Now, Process Later
Mentality



Motivation 1: Dataset

Name # Videos Duration of Videos Total Duration | #summ | # cat
SumMe [ 8] 25 Avg: 2 min, 9 1 Hour, 10 min 15-18 -
TVSum [29] 50 Avg: 4min, 11 sec 3.5 Hours 20 10

MED Summaries [26] 260 Dur: 1-5 mins, Avg: 2.5min 9 Hours 2-4 15
UT Egocentric [16] 8! Avg: 254 mins 16 Hours - 1
Youtube 1 [2] 50 Dur: 1-10 min, Avg: 1 min, 39 sec 1.38 Hours 5 -
Youtube 2 [2] 50 Dur: 1-4 min, Avg: 2min, 54sec 2.41 Hours 5 -
Tour20 [24] 140 Avg: 3 min 7 Hours . -

TV Episodes [35] 1 Avg: 45 min 3 Hours - 1
LOL [5] 218 Dur: 30 to 50 min i i 1
VISIOCITY (OURS) 67 Dur: 14-121 mins, Avg: 55 mins 71 hours 160 5

* Either very short videos or very few long videos or long videos of only a particular

type

* We release VISIOCITY (VIdeo SummarizatlOn based on Continuity, Intent and

diversiTY)

* Rich annotations to support different flavors of summarization and other tasks as

well




Motivation 2: No Single Right Answer

Depends on higher-

Context Dependent Subjective level semantics of the
video
e Depends on purpose e Preferences of two e \isually same,
for which summary persons may not semantically
is required match different vs

semantically same,
visually different
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Challenge: No Single Right Answer

e Difficult to get many reference summaries of different lengths of long videos
A recipe for creating reference summaries of desired length having different
characteristics using annotations (concepts present in each shot)
* Learning from a "combined" reference summary vs learning from separate
reference summaries
* Evaluating video summaries
* With respect to reference summaries
* Avg vs Max
* F1 could be deceptive!
e Using the annotations (indirect ground truth)
* We propose a suite of measures that score a summary on different
characteristics
* Learning from a combination of loss functions instead of a single loss function



VISIOCITY

6 Categories: Friends,

67 long and diverse Soccer, Surveillance, Concept annotations
videos TechTalk, Birthday, for every shot
Wedding

Domain # Videos | Duration | Total Duration

Sports(Soccer) 12 (37,122,64) 12.8

TVShows (Friends) 12 (22,26,24) 4.8

Surveillance 12 (22,63,53) 10.6

Educational 11 (15,122,67) 12.28

Birthday 10 (20,46,30) 5

Wedding 10 (40,68,55) 9.2

All 67 (26,75,49) 54.68




Annotations

* Concepts for each shot (indirect ground-truth)
* Generator of ground truth summaries
* More informative
* Easier and more objective

* 'Mega events'

* Concept annotations are better than scores or ratings
* Easier and more accurate
* No chronological bias
* Semantic content better captured through text both from importance and
diveristy perspective
* Lends well to a wide variety of problems



Annotation Tool

w

i

x birthday_3.mp4 (# Annotated Snippets/Shots: 524 / 524)

. s ! n“(‘ P.a

......

Total number of snippets/shots are 524
Playing shot/snippet number 4
/home/vkaushal/data/birthday/birthday_3.mp4

"

NumPeople SELECT ADD KEYWORD
Actors SELECT | ADD KEYWORD
Event SELECT ADD KEYWORD

Location SELECT ADD KEYWORD
SceneType SELECT I ADD KEYWORD
CameraAngle SELECT ADD KEYWORD
Caption: Past capt —

LOAD KEYWORDS FROM PREVIOUS SNIPPET

CAMERAANGLE:
wide-angle, closeup,
NUMPEOPLE: 0,
LOCATION: banquet-hall,
ACTORS: cake,

LOAD VIDEO | I~ This snippet/shot is a transition snippet/shot
REPLAY | | [~ This snippet/shot is a part of a mega event
PREVIOUS | NEXT | ¢ GENERATE NEW EVENT ID
PLAY PREVIOUS | PLAY NEXT | Mega Event: e =
GOTO N |
¢ USE PREVIOUS ID:

SAVE TO JSON

L b2 |
"shot_start": 396,
"categories": {
"CameraAngle": [
"wide-angle”,
"closeup”

"ﬁumPeople": [
g
]

"Location": [
"banquet-hall"
1

"Actors": [
" cake "

E
"transition": false,
"shot_length": 120
|
"44" . {
"shot start": 5115,
"categories": {
"Event": [
"dance"
1

"Actors”: [
"birthday-person”
"guest”



Evaluation

Divgim(X) = max min du Discourages two similar looking
I jEX snippets in a summary
C| Discoura imil '
ges similar consecutive
Div(X) = Z ﬂ:ari r'j snippets but doesn’t exclude
J similar snippets separated in
time
E
MegaCont(X) = Z FMmega A IX N M;|2  (Semantic) Continuity
i=1
Imp(X) = Z r(s) Importance
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Automatic Generation of Reference
Summaries

score(X, A) = AyMepaCont(X) + AzImp(X) + A3Div(X)

Different configuration of A generates different summaries

We compute the Pareto optimal set of configurations and use them to
generate the reference summaries



Imp vs Continuity (Eg. Soccer 18)

Goal
Goal
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e 2 (Kick Off) e 146-147-148
e 83 (Save) e 468-469-470
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Simple Recipe for a Better Model

y* = argmax o(x,,y)
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Consistency and InConS|stenv n Human |
Summaries RO

12 1 sec segments across human summaries for

10

Number of human summaries
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Value

Behavior of measures for different summaries of Soccer
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 Automatic summaries are at par with human summaries and are much better than
uniform, random or vis-cont baselines
* Vanilla diversity doesn't seem to be a good evaluation measure for Soccer videos

* human-min
* human-mea
VLI =M
A vis-Ccont-min
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B uniform-min
mniform
B uniform
random-mi
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Domain Technique | AF1 | MF1 | IMP | MC DT DC | Dsi
Soccer Auto 393 | 933 | B32 | 843 | 82 | 859 | Tol
DR-DSN 2.8 8.9 | 237 | 203 [ 232 | 304 | 834
VASNET 284 | 434 63 | 493 | 62.1 | 674 | 752
vsL5TM 319 | 48.2 | 62.2 | 60.1 62 | 69.5 | 705
Ours 32.6 | 50.3 | 64.2 | 62.6 | 63.4 | 722 | TRT
Random 3.4 9.3 | 257 | 185 [ 255 | 392 | BOS
Friends AUTO 003 | 909 | B7.8 | 846 | 803 | 898 | 831
DR-DSN 4.3 94 | 19.1 6.9 [ 65.7 | 51.5 | 98.5
VASNET 17 | 29.6 41 | 39.3 49 | 0.6 | B0.7
vsLSTM 155 | 27.2 | 404 | 39.2 | 64.7 39 | 911
Ours 17.4 | 31.2 | 42,5 | 40.5 | 50.2 64 | 90.3
Random LT 179 | 315 | 198 [ 348 | 452 | 859
Surveillance | Auto 624 | 968 | 318 | 832 | 7o 98 | 85.2
DR-DSN 10 | 17.7 | 336 | 202 | 218 | 545 | 57.2
VASNET 19.4 | 31.4 | 395 | 42,6 | 284 | 654 | 376
vsL5TM 103 | 236 | 344 | 184 | 228 | 552 | 584
Ours 20.5 | 32.6 | 41.7 | 44.3 | 29.6 | 68.2 | 385
Random 3.9 & | 16.6 12 ] 153 | 494 | 694
TechTalk Auto 647 | 915 | T79.8 - | 805 | 384 94
DR-DSN 13.5 | 225 | 493 - | 248 | 299 | 352
VASNET 18.2 | 35.7 | 52.1 - | 47.3 | 43.3 | 43.2
vsLSTM 15.1 | 32.2 | o0.3 - | 338 | 353 | 417
Ours 18.7 | 37.5 | 53.2 - 30 | 45.8 | 455
Random 4.5 9.7 | 385 - 28 44 | 40.6
Birthday Auto 673 | 97.2 | B9.7 | 886 | 631 | 90.8 | Bl3
DR-DSN 81 [ 142 | 547 | 141 [ 794 | 030 | 74.9
VASNET 21.6 | 376 | 50.1 30 | 36.2 47 | 48.7
vsLSTM 27.3 | 42,1 | 72.1 | 57.2 | 596 | 67.1 | T30
Ours 28 | 44.3 | 748 | 60.3 62 | 69.5 | 77.6
Random 6.9 [ 142 | 518 | 169 [ 492 | 548 | 70.3
Wedding Auto 554 | 944 | B39 | T47 of 83 | 85.7
DR-DSN 4.2 8.9 | 407 | 144 | 76.6 62 | 88.4
VASNET 4.5 [ 144 | 46.5 22 44 | 52.7 | B4.9
vsLSTM 91 17.3 | 0.2 | 29.5 | 50.1 | 509 | 80.7
Ours 94 | 179 | 528 | 30.3 | 51.8 | 58,6 | 828
Random 3.5 10| 411 | 163 [ 406 | 516 80
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