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Video Understanding

Training on Clips -

* Raw vieo:Long, high FPS

* Training: T rain m odelto classify short clipsw ith Iow FPS

L (s e

¢ Testing: Run m odelon different clips, average predictions

What is a Video : -

* A video is a sequence of in ages In tim e
*4D tensor: T x3XxH xXW (0r3xT xH xW )
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Single-Frame CNN -

*Sinple idea: Traln nom al2D CNN to classify video fram es
independently! (A verage predicted probabilities at test-tim e)
* O ften a very strong baseline for video classification

“Runn: mg “Runn: mg R unmng" R unn]ng R unn]ng R unnmg R unn]ng'

ﬂﬂﬂﬂﬂﬂﬂ
NI TITI NN

M /W /F2PM,6108@ BIrS Pikni FIETICIEETID) s

Problem with Video Classification !

* V ideos are ~30 fram es per second (fps)

* Size of uncom pressed video (3 bytes per pixel):
+ SD (640 x 480):~15GB perm inute
* HD (1920 x 1080):~10 GB perm inute

* Inputvideo:T x3xH xW

Swinm Ing
Running
Jum ping
Eating
Standing

g.T = 16,H=W =112
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Late Fusion (with FC layers) !

* G et high-level appearance of each fram e, and com bine them

*Run 2D CNN on each fram e, concatenate features and feed to
M LP

Clp fatures:
TDHW ’

F]attm

Fram e fatures

T XD xH'xW
2D CNN on
each fame
Tput C lp:
T x3xH xW

Kaipathy o a1, “Larme sale ¥ oo C Beifatin v 2h Cenvotonal N ewrali ebsoske, VPR 2014
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Late Fusion (with Pooling) !

* G et high-level appearance of each fram e, and com bine them
*Run 2D CNN on each fram e, pool features and feed to Linear
* Hard to com pare low -levelm otion betw een fram es

C lass scores: ©

cip fsamms:

A vaage P oolover space and tin e

Fram e features

T xD xH'xW *
2D CNN on
CNN CNN CNN CNN o o
Tput Clp:
Tx3xH xW

Kapathy ot ), "Large-eie V o C isifiatin v 2h ConvoMicbnal N il b, CY PR 2014
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Early Fusion Example -

Late Fusion Simple Example -

Layer
mput
Convab (x3, 3 12)
Poolp wxa)
Convab (3, 12> 24)
G ba vgp ool

Fram e features

T XD xH'xW
2D CNNen
CNN CNN CNN CNN ach fame

Ske  Reptie PR
@xCxBxW) TxBxW)

20x3x60%64 Buill slowly i1 space, A lrat-once in tine at end
0x12x64x64  1x3x3

20x12x16x16  1x6x6

20x20x16x16 1x1ax1e

1x24x1x1 | 2xeixes | Classsoo

cJ.'prs;mxes:

A vaage B oolcvar space and tin e

TputClp:
T x3xH xW
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3D CNN
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Early Fusion !

* Com pare fram es w ith very first conv layer, after that nom al 2D
CNN

* O ne layer of tem poral processing m ay not be enough!

C lnss scores: C
L)

2D ¢ onvo)ut:on

Output:D xH x W
collapses all tem poral
infom ation

3T xH xw
TmputClp:
Tx3xHxW

Kanpathy o a), Lame scale ¥ oo C Reifatin  2h Coovobtonal N ewrali ebr ok, CV PR
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sie Receptive Fixd
Layer. CxcxHxn) | mxmxn)

Impur 20w s xesxes

leonvap @3, 3420 12) txeixes fox3xs

lpoozn @xa) 12x16x16 foxexes

leonvap (3. 12> 28) 26x16%6 Jpox1axis

l6 1obarn vop o1 2ax1x1  |oxeaxes

C lass scores: ©

Buid sbwly in space,
Allatonce in timeat start

Output:D xH x W

2D CNN
[
collapses all tem poral

2D ¢ onvo]umon infom ation:

3T xH xW
Tmput C lip:
Tx3xHxW

Kapathy ot 2, "Large-eie V o Csitiatkn v 2h ConvoMicinal N AL ebecis, CY PR 2014
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* Use 3D versions of convolution and pooling to slow ly fuse

tem poral nform ation over the course of the netw ork

=3 Remptae Fom
ayer wxcxuxu) |oxnxu)
put 0% 3 % 645 61 .
onv3D (w3, 35 12) [0 x 2% 6hx6d Fxixns Buill slowly in space, Buid sbw ly in tin e "Slow Fusion”
oD fxixd) xtaxi6xic exexe
onvaD w1257 [sx2ax16x1s [ixiaxis
G HhaRvgPool Axix1 Box sax et C lass scores:
Each Byer i the network s 4D
tensor:T xD xH x W
3D CNN Use 3D conv and 3D pooling
operations

Tput CIps
Tx3xHxW
i i ettt R o

o i coebcoa i
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3D Convolution !

AT
\,
@ =7 = N,
6x6x6 conv 5X55 conv Axdxd mﬂv\\\ ;
\
Input: e N class
CXTXHXW Layer Scores
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Video Dataset: Sports-1M !

* 1 m illion Y ouT ube videos annotated w ith labels for 487 different
types of sports

Ground Truth
Correct prediction
Incorrect prediction

Kapathy ot ), "Large-eie V o C sifiatin v 2h Convobicinal N vl eneciks, VPR 2014
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Measuring Motion: Optical Flow -

* Optical flow gives a displacem ent field F between images I, and 1,
* Optical Flow highlights Jocalm otion

Horizontal flow , dx

(L Tr—————

move i the next fram e:

Fix,y) = (ax,dy)

Loibordx, y+dy) = L&, y)

hageacsamete1 Vertical Flow , dy

S cayan and 2 e an, "o stman comvobtknl nes ok B action rogn ke i vides, NeurTPS 2014
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Inflating 2D Networks to 3D (I13D)

* Reuse in age architectures for video

* Idea: take a 2D CNN architecture,
Replace each 2D K, x K, conv/pool
layerwith a 3D K. x K, x K, version

Input: 2Dconvkemel:  Output:
3xHw CaXKnxK L
Can use weightsof 2D conv
@ hitialize 3D convicopy Kt [ |
tim es 1 space and divide by

e s diide

et | Coperi 1 mesine
| | G| o

This gives the sam e result as

2D conv given “constant”
i ‘ -

Input:  3Dconvkemel:  Output:
3XKXHXW  CoxKexKnxK, — 1XHXW

Carmsia and 2t an, "0 Vad, A Rocoguicn? A N M odsland the K hecs D atame*, CV 2R 2017
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P ing Motion and App Two-St Networks !

t:
sngkmage3xH xW

Early fision
Stack of optical flow Firet 2D conv processesall
BHT A X E xW fow inages

Sin cnyan and 2 an, “Two st convoieinal ne ok B actn s ESn $ vileo#', NS 2014
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C3D: The VGG of 3D CNNs !

* 3D CNN that uses all 3x3x3 conv and e . eors
2x2x2 poolng oo asaman
(except Pooll which is 1x2x2) Gmpod | sezaz | 10

R ol (0212)
* M odel trained on Sports-1M oo s 10
. o2 (2:222)
* O ften used as a video feature extractor rpon | = =]
nboo)  meaBas 1110
o3 (022) | 2xax i
« Problem : 3x3x3 conv is very expensive! Convia(3313) | Si2edx1éxis 271
+ AlexNet:0.7 GFLOP e
+VGG-16:136GFLOP Cnea@33) | sia2ne? 0
+ C3D:395GFLOP (29x VGG ) Cnea) sy os
o5 Sipxixans
s 050 051
3 e 0
£ c ais
0 e . s g Spaen prsFesrs £ 30 Gt ek, TGV 2015
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Modeling Long-term Temporal Structure !

So far allour tem poral CNN s only m odel Jocalm otion betw een
fram es In very short clips of ~2-5 seconds. W hat about long-tem
structure?

First event Second event

Time
~5seconds

W eknow how to handle ssqu
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Modeling Long-term Temporal Structure !

¢ Inside CNN : Each value is a function of a fixed tem poral
window (local tem poral structure)

¢ Inside RNN : Each vector is a function of all previous vectors
(global tem poral structure)

Extract
features
with CNN CNN CNN CNN CNN CNN
@D or3p)
Tine

lutinal necwotks r viasal recognitn and deacrptin”, CVPR 2015
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Referen cture Notes of F

Multi-layer RNN
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Recurrent Convolutional Network

* U se different w eights at each

Jayer, share w eights across
s i s
* Entire netw ork uses 2D ! ! L !
smrmnapsc xExn o (J—(J—J—(7
* Each depends on two iputs: ! ! ! !
* Sam e layer, previous tin estep Layer1 @ @ @ @

* Prev layer, sam e tin estep

Bk 4, D eving D st Ccnvoicional N vk i e V 1 % epsseatiner, LR 2016
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