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predicted score/classl: planetarium

-1 477 . .
J_:ﬁ’-‘F{ﬁIJ jpredicted score/class2: solar dish, solar collector, solar furnace
predicted score/class3: racket, racquet

predicted score/class4: tennis ball
predicted score/class5: bullet train, bullet

Powered by S. Zagoruyko, NIN@Torch7 (https://github.com/torch/tutorials/tree/master/7_imagenet_classification)
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Powered by L. Wang, Very Deep Two-stream CNN (http://yjxiong.me/others/action_recog/)
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Powered by J. Johnson, DenseCap (http://cs.stanford.edu/people/karpathy/densecap/)
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Soomro, K., Zamir, A.R. and Shah, M. “UCF101: A dataset of 101 human actions classes from videos in the wild”, arXiv pre-print, 2012.
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Kuehne, H., Jhuang, H., Garrote, E., Poggio, T. and Serre, T. “HMDB: A Large Video Database for Human Motion Recognition,” in ICCV, 2011.
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5 |8 5258kt 1 — Sparse, Dense and Deep

Dense
Sparse Space-Time feature Space-Time feature Deeply-Learned Representation
1°t Gene. 2" Gene.
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1) Laptey, I. and Lindeberg, T. “Space-Time Interest Points,” International Conference on Computer Vision (ICCV), pp.432-439, 2003.

2) Laptev, I., Marszalek, M., Schmid, C. and Rozenfeld, B. “Learning realistic human actions from movies,” IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), pp.1-8, 2008.

3) Klaser, A., Marszalek, M., and Schmid, C. “A Spatio-Temporal Descriptor Based on 3D-Gradients,” British Machine Vision Conference (BMVC),
2008.

4) Wang, H., Klaser, A., Schmid, C. and Liu, C.-L. “Action recognition by dense trajectories,” IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), pp.3169-3176, 2011.

5) Wang, H. and Schmid, C. “Action Recognition with Improved Trajectories,” International Conference on Computer Vision (ICCV), pp.3551-
3558, 2013.

6) Simonyan, K. and Zisserman, A. “Two-Stream Convolutional Networks for Action Recognition in Videos,” Neural Information Processing
Systems (NIPS), 2014.

7) Wang, L., Qiao, Y. and Tang, X. “Action Recognition with Trajectory-Pooled Deep-Convolutional Descriptors,” IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), 2015.

8) D. Tran, L. Bourdeyv, R. Fergus, L. Torresani, and M. Paluri, “Learning Spatiotemporal Features with 3D Convolutional Networks“, ICCV 2015.
9) Wang, L., Xiong, Y., Wang, Z. Qiao, Y., Lin, D., Tang, X. and Gool, L. C. “Temporal Segment Networks: Towards Good Practices for Deep Action
Recognition,” in ECCV 2016.
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— ICCV2003 (Journal: IJCV2005)
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Laptev, |. and Lindeberg, T. “Space-Time Interest Points,” International Conference on Computer Vision (ICCV), pp.432—439, 2003.
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space-time patches

Extraction of
Local features

K-means ﬂ

Occurrence histogram CLU_Stering %
of visual words (k=4000) S

Non-linear @ description
SVM with x| 4= &= Feature %

kernel < PO = quantization

[Laptev, Marszatek, Schmid, Rozenfeld 2008]

http://michaelryoo.com/cvpr2014tutorial/cvpr2014_tutorial_emerging_topics_laptev.pdf
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UCF101, HMDBS1ICB T B5EE
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Approach UCF101 (mAP) HMDB51 (mAP)

STIP (HOG/HOF) 43.9 20.0



Dense Trajectories (DT)
Improved Dense Trajectories (IDT)
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STIP vs DT
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— Heng Wang (BRI FFINRIAFTE.

— CVPR2011 (Journal: IJCV2013)
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Wang, H., Klaser, A., Schmid, C. and Liu, C.-L. “Action recognition by dense trajectories,” IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), pp.3169-3176, 2011.
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M. Rohrbach, et al., “A Database for Fine Grained Activity Detection of Cooking Activities”, in CVPR2012.
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Farneback Optical Flow(C &5 70—
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— Farneback Optical Flow(3OpenCVIC HEFHE
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SIFT trajectories
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Histograms of Oriented Gradients (HOG)
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Histograms of Optical Flow (HOF)
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Motion Boundary Histograms (MBH)
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Improved Dense Trajectories
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— Heng Wang (BEFRIFFINRIAFAE. IR Amazon)

— ICCV2013 (Journal: IJCV2015)
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Wang, H. and Schmid, C. “Action Recognition with Improved Trajectories,” International Conference on Computer Vision (ICCV), pp.3551-3558,
2013.



Improved Dense Trajectories [H. Wang, ICCV2013]
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THUMOS@ICCV’13

Improved DT —72= 3w JTHUMOS C&EH5

— THUMOS: The First International Workshop on Action Recognition with a
Large Number of Classes, in conjunction with ICCV '13
— UCF50%Z & 5 (CHL5E L/7:UCF101(101/777\:.U.,"ia)(:tuw"k?ﬂ%mﬁ
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UCF101, HMDBS1ICB T B5EE

Approach UCF101 (mAP) HMDB51 (mAP)

STIP 43.9 20.0

DT - 46.6
IDT 85.9 57.2
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[H. Kataoka, ACCV2014]
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Pyramidal Images Tracking at each scale Feature Description & Vectorize
& Farneback Optical Flow
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ECoHOG | PCA |  BoF

Kataoka, H., et al., “Extended Co-occurrence HOG with Dense Trajectories for Fine-grained Activity Recognition”, in ACCV2014.
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PCADRTTE EHEFHEEUSDI > FOHAX
(a) PCA [dimensions] -5, 10, 20, 50, 100, 200
(b) PCA [dimensions] — 50, 60, 70, 80, 90, 100
(c) Size of edge extraction window [pixels] — 3x3, 5x5, 7x7, 9x9, 11x11
— PCA: 70/R7t = HFER EFFHZEMY A AD/INS >R
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Two-stream CNN

ARIEFE (Deep Learning) D ENHIZRE T
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Spatial stream ConvNet

. optical flow

conv1 || conv2 || conv3 || conv4 || conv5 fullé full7 ||softmax
7x7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. norm. pool 2x2
pool 2x2 || pool 2x2
Temporal stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 full6é full7 |[softmax
7X7x96 || 5x5x256 || 3x3x512 [| 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

. norm. || pool 2x2 pool 2x2

multi-frame pool 2x2




Two-stream CNNOEARN QNG

e

— Karen Simonyan (BFRIKFOxfordFi/&E. IRDeep Mind)

— NIPS2014
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CNN!

(XYTDIRTTEHAHFTEFLTULE (LTULD) )

Simonyan, K. and Zisserman, A. “Two-Stream Convolutional Networks for Action Recognition in Videos,” Neural Information Processing Systems
(NIPS), 2014.
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EBR(C (L (Two-Stream CNN) > (C3D: Spatiotemporal 3DCNN)
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(C) 3D convolution

Tran, D., Bourdev, L., Fergus, R., Torresani, L. and M. Paluri, “Learning Spatiotemporal Features with 3D Convolutional Networks“, ICCV 2015.
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Spatial stream ConvNet

conv2 || convd || convd || convS || Tullé full?

S8 | | 12 || 33812 | | 3312 || 4086 2048

sinde 2 || stiide 1 || stride 1 || stnde 1 || dropout || dropout ‘
norm. pool 2x2

pool 2x2 |



Stacked FlowD A 7]

x, y)yAmE(CHEl J0O—=ZBEF(Cisss

(d) (e)
I (u,v,2k — 1) =d7 1 (u,v), (1)
I (u,v,2k) =d? 4 (u,v), u=[lw],v=I[L;h],k=][1;L].
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multi-frame
. optical flow

Temporal stream ConvNet

convi

TxTx06

sinde 2
narm.

conv2
Safa28s
sinde 2

pool 2x2

convl || convd
DDB12 || BAxB12
stride 1 || stnde 1

convs || fullé full?
12| <066 2048
sinde 1 || dropout || cropout
pool 2x2

0
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RGB + Stacked Flow
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input
video

(CKDIRE

Spatial stream ConvNet

. optical flow

conv1 || conv2 || conv3 || conv4 || conv5 fullé full7 |[softmax
7x7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. norm. pool 2x2
pool 2x2 || pool 2x2
Temporal stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 fullé full7 [|softmax
7X7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

. norm. || pool 2x2 pool 2x2

multi-frame pool 2x2




UCF101, HMDBS1ICB T B5EE

Approach UCF101 (mAP) HMDB51 (mAP)

STIP 43.9 20.0
DT - 46.6
IDT 85.9 57.2

Two-stream 88.0 594
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Input vidleo —> Trajectory extraction —> Trajectory pooling —> Fisher vector
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Input video —> Convolution Layer —> Pooling Layer —> - —> Prediction
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Wang, L., Qiao, Y. and Tang, X. “Action Recognition with Trajectory-Pooled Deep-Convolutional Descriptors,” IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), 2015.
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Feature extraction
(HOG, HOF, MBH, Traj.)

j_lm Fisher Vectors (FVs)

Feature extraction
(spa4, spab, tem3, tem4)

Fisher Vectors (FVs)
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UCF101, HMDBS1ICB T B5EE

Approach UCF101 (mAP) HMDB51 (mAP)

STIP 43.9 20.0

DT - 46.6

IDT 85.9 57.2
Two-stream 88.0 59.4
TDD 90.3 63.2

TDD+IDT 91.5 65.9
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Temporal Segment Network (TSN)
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UCF101, HMDBS1ICB T B5EE

Approach UCF101 (mAP) HMDB51 (mAP)

STIP 43.9 20.0

DT - 46.6

IDT 85.9 57.2
Two-stream 88.0 59.4
TDD 90.3 63.2
TDD+IDT 91.5 65.9

TSN 94.2 69.4
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UCF101, HMDBS1ICB T B5EE

Approach UCF101 (mAP) HMDB51 (mAP)

STIP 43.9 20.0

DT - 46.6

IDT 85.9 57.2
Two-stream 88.0 59.4
TDD 90.3 63.2
TDD+IDT 91.5 65.9

TSN 94.2 69.4
Two-stream ResNet 93.4 66.4

Two-stream ResNet+IDT 94.6 70.3



Human Action Recognition Human
(ECCV2016WS Oral&BestPaper)
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Two-stream CNN CEHERGBD A L]
— UCF101, HMDB517/3 E (S AW 5ELE, & LEE U CESMEEH RS L)
— RGBZ AN & UREZERIBEROMASZ AW TEU R ZEIR

* Two-stream CNN®spatial-stream/Z (T T E70%5E D512 @UCF101

“Human Action Recognition without Human” (D323

(A& BRIV AV TEIEREK)

Y. He, S. Shirakabe, Y. Satoh, H. Kataoka “Human Action Recognition without Human”, in ECCV 2016
Workshop on on Brave New Ideas for Motion Representations in Videos (BNMW). (Oral & Best Paper)

BE QEERE, CERHERE, FROHE, A%z BBWAYITEIZER, VIEW, 2016 (VIEWE FEHE)



Without Human?

IRTEDRIREESTE [CH VT AMITEE (I E R R Z 1T NS
TRIRRDTIEIRNZA DM ?

Motion Descriptor Motion Descriptor

! !

Tennis Swing Tennis Swing?



w/ and w/o Human Setting

With / Without human setting
— Without human setting: FREFDHNEIRE
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Visual results (Full Image)

Answer: TennisSwing Answer: Diving

Answer: HorseRace Answer: CliffDiving



Visual results (Without Human Setting)

Answer: Diving

Answer: HorseRace Answer: CliffDiving.



KERTGER

@UCF101

— UCF101 pre-trained model with very deep two-stream CNN

— With/Without Human Setting

With or Without a Human  Stream % on UCF101 (split 1)

With human Spatial stream 51.26
Temporal stream 40.50
Two-stream 56.91

Without human Spatial stream 45.33
Temporal stream 26.80

Two-stream 47.42




KERTGER

With or Without a Human  Stream % on UCF101 (split 1)

With human Spatial stream 51.26
Temporal stream 40.50
Two-stream 56.91

Without human Spatial stream 45.33
Temporal stream 26.80
Two-stream 47.42
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Forecast 1 Second _l L Ground Truth Action 1
Before Action Starts ! (not observed)

%

C. Vondrick et al. “Anticipating Visual

Representations from Unlabeled Video”, in
CVPR, 2016.

— BRTSENEIAERK [Vondrick+, NIPS16]

' W
NN\

C. Vondrick et al. “Generating Videos with
Scene Dynamics”, in NIPS, 2016.



Transitional Action Recognition
(BMVC2016)
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[Proposal] [Previous works]
Short-term action prediction  Early action recognition
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(Action) (Transitional action) (Action)
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Transitional Action (TA)DEHH
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Frame1 Frame?2 Frame3 Frame4 Frame5 Frame6
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annotation ) ] !

¥ Re-annotation
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annotation

Transitional action class




Subtle Motion Descriptor (SMD)D1EZR
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Subtle Motion Descriptor (SMD)
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Subtle Motion Descriptor (SMD)
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Subtle Motion Descriptor (SMD)

B RINZEDAV ' DETFIENDT ML
— [FE(CTHE
- BMBE(THZZR L, COMEOFHHZINE (—4F(CCNZSMD EMFR)

=Jur==>

— THIELTH = 0.05 £557E

+
VU =xte, nf(), 28V =%, B @) @)
w2V =N, b (), 2R =S, 20 @) )
where

(i (t) = |Avj| (Av] >TH)

RO (t) = |Avt| (0 < Avt < TH)
R (t) = |Avl| (-TH < Av! <0)
(g (t) = [Avi] (Av; < —TH)

(6)
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B TEIN S FN DT —F 1Y b %
_ NTSEL [Kataoka+, ITSC2015]
« E17U)\w SDBDOYINIREE, walk/turn/crossHFDITEI, AILIESH D
— UTKinect-Action [Xiat, CVPRW2012]
« JEFHRED TLID10FEDNA (walk, throw, sitZF)
o TAIZEDRIDSHE (push/pullZZff < ; RR—2)
o NYMUEIRL
_ Watch-n-Patch [Wu+ CVPR2015]
- HE1TE) 107E (read, turn on monitor, leave officeZH)
- BRAITENZ LEAI10FE (RR—2)
o AYIMIER U



EERDFKTE (TADF)

@UTKinect-Action (@Watch-n-Patch

Table 1. Transitional action classes and sequence number of the UTKinect-Action dataset and Watch-n-Patch dataset.

Class name Frequency Class name Frequency
Walk - Sit down 20 Walking - Put down item 99
Sit down - Stand up 20 take item - Leave office 93
Stand up - Pick up 20 Reading - Leave-office 77
Pick up - Carry 20 Turn on monitor - Play computer 57
Carry - Throw 18 fetch book - Reading 50
Throw - Push 18 Put down item - Reading 49
Pull - Wave hands 20 Play computer - Turn on monitor 41
Wave hands - Clap hands 20 Walking - Reading 38
Put down item - Play computer 38

Play computer - Turn off monitor 34
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* Pooled Time-series (PoT) [Ryoo+, CVPR2015]
« CNNEHLERS

 CNN +IDT [Jaint+, ECCVW2014]

— Optical Flow\—_X
« IDT [Wangt, ICCV2013]
e IDT + Co-Feature [Kataoka+, ACCV2014]

 All Features in IDT
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PoT & DLEEER

ERIAFR LB U T, SMDIFBEXTH D Z &= =il
— NTSEL: +1.88%, +6. 76%
— UTKinect: +4.51%, +2.30%
— Watch-n-Patch: +1.67%, +4.12%

X 7E 1 10 [frames|E E0RF, 4 : 3 [frames]| & by

Table 2. Detailed performance rate of our proposal (late fusion) and PoT [25] on three different datasets.

% on NTSEL % on UT % on WnP

I0frm 3frm 10frm 3frm  10frm 3 frm
Proposal (Late Fusion) 98.88 83.91 96.51 67.76 56.60 48.93
PoT, CVPR2015 [25] 97.00 77.15 9200 6546 5493 4481
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YouTube-8M Dataset

YouTube-8M is a large-scale labeled video dataset that consists of 8 million YouTube video IDs and associated labels from a diverse
vocabulary of 4800 visual entities. It also comes with precomputed state-of-the-art vision features from billions of frames, which fit on a
single hard disk. This makes it possible to train video models from hundreds of thousands of video hours in less than a day on 1 GPU!

Our goal is to accelerate research on large-scale video understanding, representation learning, noisy data modeling, transfer learning, and
domain adaptation approaches for video. More details about the dataset and initial experiments can be found in our technical report.
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https://research.google.com/youtube8m/
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