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DeepSurvey B
Hirokatsu Kataoka, Yudai Miyashita, Tomoaki Yamabe, Soma

Shirakabe, Shin'ichi Sato, Hironori Hoshino, Ryo Kato, Kaori Abe,

Takaaki Imanari, Naomichi Kobayashi, Shinichiro Morita, Akio

Nakamura

5/26/2016 cs.CV | ¢s.LG | cs.MM | cs.RO

Survey Paper

The "cvpaper.challenge" is a group composed of members from AIST, Tokyo Denki Univ.
(TDU), and Univ. of Tsukuba that aims to systematically summarize papers on computer
vision, pattern recognition, and related fields. For this particular review, we focused on
reading the ALL 602 conference papers presented at the CVPR2015, the premier annual
computer vision event held in June 2015, in order to grasp the trends in the field. Further,
we are proposing "DeepSurvey" as a mechanism embodying the entire process from the
reading through all the papers, the generation of ideas, and to the writing of paper.

09128v1 pdf
show similar papers

Control of Memory, Active Perception, and Action in
Minecraft

Junhyuk Oh, Valliappa Chockalingam, Satinder Singh, Honglak Lee
5/30/2016 cs.Al | cs.CV | cs.LG

ICML 2016

related fields. As the first step of this endeavor, we

undertook to read all the 602 papers accepted dur-

ing the CVPR2015 [1,2,3,4,5,6,7,8,9,10,11,12,13,14,

15,16,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31,32,
33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,50,
51,52,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68,
69,70,71,72,73,74,75,76,77,78,79,80,81,82,83,84, 85,86,
87,88,89,90,91,92,93,94,95,96,97,98,99,100,101,102, 103,
104,105,106,107,108,109,110,111,112,113,114,115,116,
117,118,119,120,121,122,123,124,125,126,127,128,129,
130,131,132,133,134,135,136,137,138,139,140,141, 142,
143,144,145,146,147,148,149,150,151,152,153,154,155,
156,157,158,159,160,161,162,163,164,165,166,167,168,
169,170,171,172,173,174,175,176,177,178,179,180, 181,
182,183,184,185,186,187,188,189,190,191,192,193,194,
195,196,197,198,199,200,201,202,203, 204,205, 206,207,
208,209,210,211,212,213,214,215,216,217,218,219, 220,
221,222,223,224,225,226,227,228,229,230,231,232,233,
234,235,236,237,238,239,240,241,242,243, 244,245,246,
247,248,249,250,251,252, 253,254, 255,256,257, 258, 259,
260,261,262,263,264,265,266,267,268,269,270,271,272,
273,274,275,276,277,278,279,280,281,282,283,284, 285,
286,287,288, 289,290,291,292,293,294, 295,296,297, 298,
299,300,301, 302,303,304, 305,306,307,308,309,310,311,
312,313,314, 315,316,317,318,319,320,321,322,323,324,
325,326,327,328,329,330,331,332,333,334, 335,336,337,
338,339,340,341,342,343,344,345,346, 347,348, 349, 350,
351,352,353,354, 355, 356,357,358, 359, 360,361,362, 363,
364,365,366, 367,368,369,370,371,372,373,374,375,376,
377,378,379,380,381,382,383,384, 385, 386,387, 388, 389,
390,391, 392,393,394,395,396,397,398, 399, 400,401,402,
403,404,405,406,407,408,409,410,411,412,413,414,415,
416,417,418,419,420,421,422,423,424,425,426,427 428,
429,430,431,432,433,434,435,436,437,438,439,440,441,
442,443,444,445,446, 447,448,449, 450,451,452, 453,454,
455,456,457,458,459,460,461,462,463,464, 465,466,467,
468,469,470,471,472,473,474,475,476,477,478,479,480,
481,482,483,484,485 486,487,488, 489,490,491,492,493,
494,495,496,497,498,499, 500,501,502, 503,504, 505, 506,
507,508,509,510,511,512,513,514,515,516,517,518,519,
520,521,522,523,524,525,526,527,528,529,530,531,532,
533,534,535,536,537,538,539,540,541,542,543,544,545,
546,547,548,549,550,551,552,553,554, 555,556,557, 558,
559,560,561,562,563,564,565,566,567,568,569,570,571,
572,573,574,575,576,577,578,579,580,581,582,583,584,
585,586,587,588,589,590,591,592,593,594, 595,596, 597,
598,599,600,601,602]. This review summarizes all the
papers of CVPR2015 we read as the first project of
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(2017]
m Yuta Matsuzaki*, Kazushige Okayasu*, Takaaki Imanari, Naomichi Kobayashi, Yoshihiro Kanehara, Ryousuke Takasawa, Akio Nakamura,
Hirokatsu Kataoka, "Could you guess an interesting movie from the posters?: An evaluation of vision-based features on movie poster database",
IAPR Conference on Machine Vision Applications (MVA2017), May 2017. (* equal contribution) [New!]
m Teppei Suzuki, Yoshimitsu Aoki, Hirokatsu Kataoka, "Pedestrian Near-Miss Analysis on Vehicle-Mounted Driving Recorders", IAPR
Conference on Machine Vision Applications (MVA2017), May 2017. [New!]

(2016]
n BE, BEER, ARRHIE, F R, " AZ BRIV AV TEIERE", VIEW, 2016. (A—3 )b, VIEWEFEFE)
m SOANE S, R, EAREME, "EEREE (CSTD Y IR T TOSHITERR", VIEW, 2016. \ATUY FA—=3)b)
m FEERHE, BEERE, BE, EiER, FHEN, SRS, IHEX, MEHR, ReMRz, &/REH, /WD, FLIUED, SEREH,
HEIERE, ZREAE—ES, "CNHSDI> E1—~ES 3 2 #41li - cvpaper.challenge in PRMU Grand Challenge 2016 ", PRMU 5> R
F+ L >, 2016. [Link] [Slide]
m Yun He, Soma Shirakabe, Yutaka Satoh, Hirokatsu Kataoka, "Human Action Recognition without Human", ECCV 2016 Workshop on Brave
New Ideas for Motion Representations in Videos (BNMW), Oct. 2016. [PDF] [Project] (Oral, Best Paper)
m Hirokatsu Kataoka, Yun He, Soma Shirakabe, Yutaka Satoh, "Motion Representation with Acceleration Images", ECCV 2016 Workshop on
Brave New Ideas for Motion Representations in Videos (BNMW), Oct. 2016. [PDF] [Project]
m FFEAEE, "cvpaper.challenge — B — A DOHB BG4 (CDUWT", BUERICHMIEFIZESTEFRATFTS, Jul. 2016. [Link]
m Hirokatsu Kataoka, Yudai Miyashita, Tomoaki Yamabe, Soma Shirakabe, Shin'ichi Sato, Hironori Hoshino, Ryo Kato, Kaori Abe, Takaaki

Imanari, Naomichi Kobayashi, Shinichiro Morita, Akio Nakamura, "cvpaper.challenge in 2015 - A review of CVPR2015 and DeepSurvey",
arXiv pre-print 1605.08247, May 2016. [PDF] [arXiv] (Top-1 paper in arXiv sanity (weekly))
m Hirokatsu Kataoka, Soma Shirakabe, Yudai Miyashita, Akio Nakamura, Kenji Iwata, Yutaka Satoh, "Semantic Change Detection with
Hypermaps", arXiv preprint arXiv:1604.07513, Apr. 2016. [arXiv]
(2015]
n AR, =2 TEX, LIDER, BERE, AE —, 2550, NEE, FElEHE, SkiE T, /WEE, ZREIE—EB, AR,
"cvpaper.challenge in CVPR2015 -CVPR2015 DE E&-", )\ — 2585 - A7« J7IBfFIAFXS (PRMU) , Dec. 2015. [PDF] [Slide]
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AlexNet Krlzhevsky-l- ILS i(%%
Revolution of Depth ILSVRC2012 winner, DLD’
883 838
152 layers 4 b e
VGGNet [Simonyan+, ILSVRC2014]
16/19f 8w b, deeper®F)LDXIGH
22 Iayers 19layers I I."'"ﬁ':E"ﬁ':i;igli§1§E"Ei‘:'".A
TR TR H &
3.57 l I 8 layers 8 layers shaIIow GOOgLeNet [Szegedy+ ILéVRC2014/CVPR2015]
[ ] S B B ILSVRC2014 winner, 22/BEF/L
ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10 N ,'/\. A f\ % f\ NN
ResNet GoogleNet VGG AlexNet — l’; :i;.xh 5 i[ ;l; j l, sz iz ng :i; x{Y; ;i i ll \Il .

ImageNet Classification top-5 error (%) ‘Wb ERRERREEEREERRERGEEEERERLL

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016 ResNet [He-|— ILSVRC2015/CVPR2016]
ILSVRC2015 winner, 1528 | (EERT(I103+EEH)
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2 Extractregion 3. Compute
proposals (~2k) ~ CNN features

R-CNN [Girshick+, CVPR14] 0.021fps

1. Input

image

UtpUt. bbox
softmax regressor

— Deep
d | ConvNet

Rol feature
feature map Vector ;. och kol

Fast R-CNN [Glrshlck ICCV15] 3.11ps
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; L 1)

4. Classify
regions

2kscores | | 4k coordinates | <@ kanchor boxes
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https://www.youtube.com/watch?v=WZmSMkK9VuA

| 2007 | 200 | 2012

R-CNN [CVPR14] 0.021 fps 58.8 53.7 53.3
R-CNN+ [PAMI15] 66.0 62.9 62.4
Fast R-CNN [ICCV15] 3.1 fps 70.0 68.8 68.4
Faster R-CNN (VGGNet) [NIPS15] 5.0 fps 73.2 - 70.4
Faster R-CNN (Resnet) [CVPR16] 5.0 fps? 85.6 - 83.8

YOLO (Model Fusion) [CVPR16] 30 ~ 150 fps 75.0 - 70.7
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ActivityNet Challenge

ACTIVITYNET

Large Scale Activity Recognition Challenge

CLASSES UNTRIMMED VIDEOS PER CLASS ACTIVITY INSTANCES PER VIDEO VIDEO HOURS

B H] 52D T T TE
— 20077 5 A ¥EMIRE(C T Top-11'88%, Top-31196%

— Temporal Segmental Networks [Wang+, ECCV2016](C & D $FedhL

Video Snippets Temporal Segment Networks

o —————

|
—

________ FAR  segmental |
Consensus :

|

|

|

|




Sudden motion changes.th s recognized as abnormal or
dangerous shoulch  scene.
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Link to WordNet Taxonomy AIignment+Symmetry

Swivel chair ' 8ackrest

Part Hierarchy Part Correspondences
I Iiiiii” Dim: 50 x 45 x 5 cm
Material: foam, fabric
Mass: 5 Kg
Funalon.wppon
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" WordNet synset
Base
Leg

Swivel chair: a chair that swivels '
- Twheet!
L

on its base

Mypernyms: chalr > seat > furni
wt meronyma: backrest, seat, base
| Shter terms: arechalr, barber chair, .. 11
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Amazon Picking Challenge (APC)

BARKE - BEXE - LN EEDRI CANED T TELDFEA. « -

https://www.youtube.com/watch?v=AEKEce_ZKgg



DynamicFusion

Live Input Depth Map Live Model Output Live RGB Image (unused)

Canonica Model Reconstruction Warped Model



Dense Captioning

BI{FRFP DI 5D Dl Z s I D XEZ Rk

Whole Image Image Regions label densit»y
Classification Detection
Single
Label Cat Cat
Skateboard
Captioning | Dense Captioning
sequence Orange spotted cat
A cat Skateboard with
fi ding a red wheels
label | Cat riding a
. skateboard skatehnard
CompleX|ty Brown hardwood
' flooring




Face2Face

Real-time Facial Reenactment

Live capture using a commodity webcam




Visually Indicated Sounds
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-03
2390 2375 2400 2425

Predicted soundtrack




Lip Reading in the Wild

BBC Two HD
16-May-2016 23:11:35
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— RREARDIFEDOHD
— [BE) [ - £9) [FE)] BER)]  [Links)

1 ~ 3 ““*
[1] SUN - Jianxiong Xiao, James Hays, Krista A. Ehinger, Aude Oliva, Antonio Torralba, “SUN Database:

Large—scale Scene Recognition from Abbey to Zoo”, in CVPR2010.

Keywords: Dataset, Scene Categorization, Benchmark, Recognition
BE F—5t It OBE

et 1t s o e e . S—UBBHHICRET 539795 X, 130519 DEZRMNEENS.
I EA—FETIVIEBNTY Y RBOT—IN=ATHD gl g r~—. LEBLIEMEIL, HOG, denseSIFT,

Scene UNderstanding (SUN) databaseZ 4@ %. —VBBBD®E  eir—gimilarity (ssim), LBP, GIST, texton?z &,
BELITT-.

#BR

RR—CDOEDEY. ETORBEERETIONREBENSE
FhETOYREEBOTF—4 I CIEBEISADERHS AYHIBALT=(38.0%). RULNTHOG2x2 (27.2%), geometry texton hist (23.5%),
ANREBINTIAS, O— BETIRISEEEELASE ssim (22.5%), dense SIFT (21.5%)T&H>7=.
N TLVEMoT=. SUN databaseTlE, FNETOT—Etvr%E
SHITHERSH, 397195 ADI—2%80, KEELRT—4
I THS.

Links SSIM

RXAR—D:
http://csbrown.edu/"hays/papers/sun.pdf
FASTHR—T: :
http://vision.princeton.edu/projects/2010/SUN/ . . ~
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rrronenialidhs, e Iﬁ [ere] a5 tency, Tﬁ?‘#ﬁwdmsl Global,Patch, Collider, Correspondence, Estimation,Joint, Probabilistic, You Only Look Once (YOLO),bbox,GoogLeNet,ILSVRC, SVM, &

- aw AQ? Carf Flua [irerey i %sl e, g EIRIIAR FEREERE Poses,3D, Solution,Region-based, Detectors,Online Hard, Example Mining Residual Recognition, Unified. Real-

t,IMpjpvi wt’ eml ol RS A 7 —¥ 3V #Hfr, Structured-Light, Scanners, Simultaneous, Optical, Flow, Intensity, Event,Camera, Frequency-Domain, 27 LA vF >4 HikiH

BB %Rec t N (| {! inking,Depth,Macr8%Copic,Interferometry,ASP,Vision,Energy-Efficient,Embedded, MEFE K, Walk and Learn,Object Concept
VLBI,Reconstruction Action, View,Shape Attributes, Three-Dimensional Layout, Clouds, Oriented, Semantic, Parsing,Large-Scale, Indoor,Spaces,Human,Body, Contour,unStructured, Unsupervised,Edges, Blind, Deblurring, Dark, Channel, Prior, Z‘(ﬂﬁi’&i‘i’tb{ﬁ

dntic Change Detection,/\'Z

X—Iﬁf —:‘/”f, 33:?3'60’%5:,&5'27}@%W?ﬁli,v'isuallly Ir.mdica'ted Sounﬁs,é{’ﬁ%,barkne’t, 7;17‘-4 ‘/Iﬁ,l I/ 9",’7r7)l;—y 3 ‘/,’Deegléac’e,FacéNet,Goo&le Macp,CNN-N_-
Gram,Handwriting,Word,Deeply, Capture,Reenactment,RGB, Self-, Matrix,Completion,Heart,Rate, Realistic, Conditions, Visually,Indicated, Sounds, StyleNet, Transfer,Networks, Detecting,key,actors, multi-person,Regularizing,Long, Short, Term, # &1 & ,BoF,CNN,PoT #1752
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#,Egomotion,Random  Forest,Scribble-Supervised,Space, OptimizationMulti-Re Multi-Class, 7 A% 2% v > % —i4 > ML Y& # %5, Volumetric, Train, NN, Million,hand, Continuous,Weakly  Labelled,Recognizing,Car,Fluents,Decomposing,Pairwise Multi-Active, Inferring forces, #4%, R \\Bifk &

t;,Web,IoT,SeIf-Similarity Matrices (SSM),Hard Negative,/\> K ¥ 7 7L —%8{F, 7L —%7 ¥ A b, Utilities,Motion,Decoding,Physical, Sensation,First Person,Closed-Form,Mahalanobis Distance,Supervised Clustering,Sparse,Sub Clustering,Orthogonal
Pursuit Oracle Active, Algorithm, Scalable, Elastic, Sparse Coding,Dictionary Linear Dynamical Systems,Sublabel-Relaxation Nonconvex Energies Natural Language, &7 L — A% B/EHIZ 5 25 ) » 7/ CMCHi#R Retrieval, DenseCap Natural Language, Fully Convolutional Network,Instruction, 337 X
7 5uNEHOORE + [ Paragraph, Hierarchical Recurrent Neural Network Jointly, /4 X Saliency,Object Detection, %1 ¥ v 7 Embedding, Translation, Temporally,coherent, complex,4D,Consensus Non-Rigid, Isometric, Predictors, Realtime, Future,Regular Grids,VLAD architecture,place, Ut X,

B R El—‘/,Ezq7TE%jﬂ,StrucluraI-RNN,SpatJ‘o-TemporaI Graphs,Pre-trained Bayesian Evidence, 7L 2] 4t DeepDream, L 1 X > R §{i7 Synthesized Classifiers, Zero-Shot learning, Semi-Supervised, Vocabulary-informed, High-quality Depth, Uncalibrated Small Motion Clip,3D Room Shape,Single
Panorama,Structured Prediction,Unobserved Voxels,Single Depth Image, Non-Maximum Suppression,>”/ €4 I BJ# Gated Recurrent Unit (GRU),HyperDepth,Matching Sean, 5T, B &, ZRTT—= RTT T, SVBRDF-Invariant Shape,Reflectance, Light-Field Cameras, WIDER FACE Situation
Recognition,Visual Semantic Role,Deep Representations,Fine-Grained Visual Descriptions, Multi-Cue Zero-Shot Learning,Strong Supervision,Latent Embeddings, Zero-Shot Classification,One-Shot Learning,Scene Categories,Feature Trajectory Transfer, 77 7 X B 814 A5, B 7 5% Multi-Source Domain

Generalization, 77 1 /25, 2 2 R 4 Dense Trajectories, VLAD BSRJIIE#, 7 7 E—x > NI Anticipate Visual Representations, AYiBEH B8/ 1C 77 L %1 Unlabeled Video,Interactive Segmentation, 545> Y/7 ¥ Action Recognition B1§7/— >/ RGBD Images Layered Scene

Decomposition, Occlusion-CRF Affinity CNN, Pixel-Centric Pairwise Relations,Weakly Supervised, 1—%JL, Ty, 70—7 L«—AFQ%%‘.Obﬂect Boundaries,Otgecl Contour Detection, ¥i# 18, T 1—4 7 1—4 4K 8K %5 Eullx\Convolutiopal Encoder-Decoder Network,Deep Sliding Shapes, 7 A~
7 1 b bl 475 Amodal 3D Object Detection,Video Tubelets, Modality Hallucination, Object-Proposal Evaluation, HyperNethuman verification,Finetuning Deep Model Labor-Free Video Concept,Track and Segment, VtkiE A\DERR DIRIEREE, Deep Residual Learing,Disney, 7 77 1 1l
70—,%—7L—LARH AphaGo,Stack Overflow,Instagram, L—4L VY774 V5= N N=ART )b, $—K1 Y b BEAR NV KI 57 N P OED R Selective Search, ¥—v7—7)b,Amky b 7— A B ZH @i lterative Unsupervised Approach,Video Object
Proposals, Tracking Objects,Instance-Specific Proposals,Groupwise Tracking,Low-Continuity Image Sequences,Neighborhood LSTM, #1&M/\) IT— 3 % £H D73 Human Trajectory Prediction,Crowded Spaces,Physically Constrained Interaction Modeling,Highlight Detection,Pairwise Deep
Ranking,First-Person Video Summarization, Geometry-Informed Material Recognition,Large-Scale Location Recognition, 7 —4 FE4& FFE 1, & 21—V /4 K Geometric Burstiness Problem,Facade Matching Aerial Street-Views, £ 1 =4 ¥ N hXF7—F BB A VATV A 3TV TV T AV

A% v ALl Binarization, EmbeddedRAW, 3:1!%2@%@,‘%:}1%[] éﬁﬁﬁj?‘lmage Dehazing,Cross-Channel Image Noise,Image Denoising,Multispectral Images,Intrinsic Tensor Sparsity Regularization, X k') v %8 3YN\7/ EZEE&SingIe-Image Blind Deblurring,Salient Object Detection,Minimum
Spanning Tree,Local Background Enclosure,Adaptive Object Detection Adjacency,Zoom Prediction,Semantic Channels, Attention,Depth, "7 /%> 71 %/ Fully Convolutional Networks (FCN), Style,Semantic Labeling,Softmax, = o ’JF'i],G-CNN,Patch-based Convolutional Neural Network,Latent
Variable Graphical Model Selection,Harmonic Analysis,Human Connectome Project,Simultaneous Estimation, #5418 B#AKE, 7—') v /& B#{& Near IR BRDF Fine-Scale Surface,Hyperspectral Imaging, Automatic Content-Aware,Markov Random Fields,mage Synthesis, Grouping Process Models,
7=%70F v DECEE « £, ¥—7— RtoEi& Temporal Action Localization,Wrist-mounted Camera,Large-Scale Video , il #ZE 0 MARARMEE SRTUHEL T v i BRTREI, Understanding Video-Story Composition, Temporal Action Detection, Statistical Language Model,Semantic Object
Parsing,Local-Global Long Short-Term Memory,Cityscapes Dataset, & Si8i#, T3> b ') v % Semantic Urban Scene Understanding, Gaussian Conditional Random Field Network SYNTHIA Dataset, Multi-body Feature Tracker, 1> 7% A k€7 )L, Egocentric Vision, :L—f] )y FEE&.SE@]'\, YhaLvh
2y kD=7 H{7H#HEE Ego-motion,Long-short term memory (LSTM), Identity-Aware, Multi-Object Tracking,Sparse Tracking, Circulant Sparse Tracker,Object Flow,Multiverse Loss,Cross Dataset Learing,Exact-PGA algorithm,Bayesian Classification Trees, EE4/MX, 7 — YERL, 74 0L

‘|¢,Cross-stilching Feature Maps,Deep Metric Learning,Visual Humor,Understanding Stories in Movies, TGIF Animated GIF Description,Semantic Attention,lterative Error Feedback Simultaneous Clustering,Model Selection,Tensor k7 71— Multiple Instance Learning, &% &), Two-stream
architecture,UCF 101, THUMOS15,Motion Vector,Bi-directional RNN, Fine-grained Action Detection,Collective Activity Dataset,Group Activity Recognition, 7 X7 k Lt K-Means, Multi-view Clustering,Norm MRF-MAP Imbalanced Classification, Triplet Convolutional Networks,Global Loss Functions, Texture
Recognition,Semantic 3D Reconstruction,Structure-from-Motion,Affine Correspondences,Dark Filip,3D Point Cloud Data Hard Negative Mining,Boundary Detection, 71> 7 V28 BFt, 77 Y av vy 7 KfE— AT &7 —47t v b PASCAL VOC 2007 Force Recognition,GoPro, #lfi#

B ONN,RCNN, BHERORD A S S EEORE, 7 71— Ty F 27 Stanford Car Dataset,VLAD,Cross-Stream,Person Re-identification,Fast Temporal Action,Non-Action Recognition 58X 7 X7 EH T, ¥ E TORE, ZRTTME, =R, % 1! Depth Estimation Neural Regression
Forest,DeepStereo,Morphable Model, %' X ¥ 7— 3 ¥ Ot CNNOTE:EZFE T 5 visual guidance,preference prediction,EmotioNet,automatic annotation,Forensic Facial Sketch,Invariant Kernel Features,Face Recognition,Hierarchical Rectified Gaussians,Hand Model Personalization, #/)\Eh{F &
Al BB TE & BEEMTEHE Crowd Video Understanding,Linear Shape Deformation Models,Matrix Factorisation,Motion from Structure,Cluttered Point, Trajectories, Multi-View CNNs,Vanishing Points, k-means,UCF Sports Dataset, B #Eiz, Stochastic Gradient MCMC,Shape Classification, & {5#h"
518 A$HE 21 AR 2 GOGMA Globally-Optimal Gaussian Mixture Alignment Stereo Matching,Coarse-to-Fine, 27/ X > b, % Bk < H X 7 #$31545# 47 Large Displacement Optical Flow,FANNG,Fast Approximate Nearest Neighbour Graphs,Deep Association,Subset Optimization(=&# iR, & #3C
BT =9 A—F 1AV 7=y 3V, BEER BHEER, Y A7 E% Recombined Layers Facial Keypoint Localization,Saliency Mapping,Probability Distribution Prediction,Deep NeuraFNeMorks,Supervised Hashing,Metric Learning,Structured Regression,Gradient Boosting,Robust Optical Flow,Double-
Layer, £ 54, SLAM Structure from Motion,/\> R L%, ABOARE &ML, E=4"Y) » % PCL Staple Complementary,Occlusions,Sequentially Training Convolutional Networks, 247 )b k¥ 7—%4 ,7}’ 7—2A b Hierarchical Gaussian,Person Re-ldentification,Improving Person Re-ldentification,Loss
Function,Recurrent Convolutional Network,Joint Learning,Spatial Constraints,Deep Feature,Null Space,Temporal Epipolar Regions,Explicit Feature Map7 77 « 7J}b7D—,:E—:/ 3 \/%%ﬁ,?ﬁfﬂ?"“){“@,,Pairwise Matching,Bipartite Belief Propagation,Part-Stacked CNN,SPDACNN, Fine-Grained
Recognition,Rich Annotations,POD,Multi-Stage CNNs, FCNet, —E 7 /L E AT T )L SBERZEE, | 715 1 Ll CPUESIAE )\ 7 F SO ATt Hierarchical Recurrent Neural Encoder,NTU RGB+D,Re-DSFA, 2=~y hJEFFH E loU,Co-Segmentation,DHS-Net MR High Level Features,Low
Level Features Superpixels,SLIC Coherent Parametric Contours Reversible Recursive Instance Level Object , Patch Matching 27 LAEY 3>, RERTE 3stream convolution net, ¥ /LF 7 X 7 BEHES Multi-view Stereo SMERIRT, Tracking, ABMER RIFILE AN HH%, Cascaded
Classification,Visual Saliency,Deep Contrast Learning,Space Structure Propagation,Saliency Feature,ReconNET,Color Consistency,MCMC,Improve Multi Region Segmentation,Closed Contour Detection,Weak Data,TIPOOLING,Inter Layer,Contour Detection, €—% 3~ Iy ¥, 70—~—2 Motion
Boundary,R— L3, Graphical Model,Second-order,7 7 v ¥ 3 »/#§#{ Deep Contextual,Calibration,Conditional Graphical Lasso, Human-level, X7 1 7 7— b NASA/\v 7 V&SR, 757 7 L, 7—4 W Begs )2 T ARDER Discrimnative Muli Modal Feature Fusion,Patiern
Classification,Cross-Modal Representations,Fisher Vectors,Robust Kernel Estimation,BOW, =%t tz /4 — ¥ ¥~ E'Y 3 ¥ Laser Range Finder,JPEG,Deep Dual-Domain Based Fast Restoration,Deep Dual-Domain Based Restoration, ¥JLF 70 v 1,7 7% 4 L& TECROMAC,Fully Convolutional
Networks,End To End Leaming,Visual Path, CNNOD/E D a1t deepdraw, 1 X 7 Web/) X 7 KeyPose,KeyPose Motifs, #3577 B4 il B %@ B B4 5%, 2143, First Person Action Recognition,Egocentric Videos,Deep Learned Descriptors, MDLCW,Hierarchical Deep Networks,Deep Structured Network,
KBE{L, ZRTARILE Kinect,Co Generate Object,Brain Networks, Annotation, DCAN,Linear SVM,OCR Recursive Recurrent Nets,LABM,Deep Relative Distance Leaming, FHH,77 v 3 v #iff Monocular 3D Object Detection, 74— K/Cy 7, SstEAEIL3R - #8) B3R5 Matrix
Factorization,Collaborative Quantization, A¥)&[RE RAME 15, £ 1A Nearest Neighbor,Key Volume Mining Deep Framework Motion Poselets, Multi-Stream Network LSTM,Efficient SubPixel Convolutional Neural Network, ¥ & 153, (7 t)b%i%,su Part-Based Sparse Tracker,Hierarchical
Gaussian Descriptor,Sequentially Training Convolutional Networks for Visual Tracking,Photo Albums, Pedestrian Detection Sketch-Net Sketch Classification,Key-frames,Video Summarization,Deep Hierarchical Saliency Network,ROC,Gland Segmentation,Saliency Salient ,Subspace ,SPM Image , @
#% The Mega Face Benchmark | Tradeoff ,Approximate Dual Source Approach ,Disturb Label Regularizing Active Leaming Alignment Binary Visual Questions Balancing , #%JL—Y 3> 5&# loT,7 77 K,BRDFs Blur ,Boosting Block Sparsity Backtracking,”—%7 %
F VGGNet,Clusters .CAMP Bridging Video, Curved Shapes ,Compositional Learning , E&E 7 /L, STAR, &3t (c 1 178, THUMOS 14, Classifier ,Cascaded Cascade ,Context CRAFT Covariance ,Convex Optimization , Oty h =/, 7 L —ARE, A — h X —3/ 3 Compressible ,
74=KNv% 74=K747—FK B CAPTCHA ,Camera ,Calibration ,Consistency ,Dense ,Deep Sim Nets ,Deblurring ,Deep Gaussian Conditional Random Field ,Discrimination Ensemble , Af§ EB{ Hh—%
J,superpixe,FCN,SURF,SIFT,DenseSIFTHOG,CoHOG, ECoHOG, RGB,HSV,Lab, XYZ,GLCM,Freq,GIST, Discriminative ,Dynamic Camera ,Data Fusion Deformable Objects , FPV,EF7A %Y 71— 3 v, EC{TE)8iH Deep Region ,DAG ,Age Invariant Altribute Event Specific Image ,Euclidean
Space ,Estimating ,.Emotions Eye Fixation Prediction Epipolar Geometry Explicit Feature Map ,Framework Fitting [Fast Training Facial Action ,Facial Expression ,Fast Fourier [Functional Maps (Hard Sample Inverting Visual Representations ,Image Label ldentifying Binary
Spectral ,Bilateral ,CRFs ,Coverage ,Analysis ,Abstract Paintings ,Canny ,Constrained ,Image Tagging ,Indoor lterative Instance ,Image Parsing ,Joint Kemnel Sparse Large Scale ,Learnt Quasi Transitive ,Leamning Cross Domain ,Landmarks ,Localization ,Linear Matrix ,Low Dimensional Image , %15 & 1)
SHEEHE, HHAATCLBLLERE, Low Rank Matrix Factorization Lineage Tracing ,Light Conditions ,Lenticular Arrays ,Light Separation ,Mining ,Multi Graph Matching Multi Label Ranking Multivariate Regression Multimodal Learning Multilinear Hyperplane Hashing ,Monte Carlo Tree
Search Mirrored Epipoles ,Multiinear Model Building Rome in a Day,ii]@mﬁ,CG,Pre-trained Model, Af&], %, & ,Dog-centric Vision, Match Aerial Images Manifolds ,Medical Image MSR-VTT Markov Random Field ,Non Rigid ,Noisy Scene ,Object Tracks , ?}l @,Klﬂl?—?t“/ i Optical
Flow ,Pairwise Linear Regression Classification , H%.ﬁimﬁ.»f Y4773 Dense Optical Flow, 74 1Y 54 ¥~ 3> Perception ,Point Set Registration Public Objects ,Proximal ,Positive ,Paradigm Priors ,Pose Aware ,Parallel Mean Preprocessing Photometric Stereo ,Probability
Distributions ,Pro Net ,Panoramic , T8Il 375 ¥ v 7 B 814X, Quality Measures ,Robust ,Reconstructing ,Rolling Shutter ,RGBD ,Reconstruction ,Riemannian Manifold ,Gradual Drop In of Layers to Train ,Guaranteed Outlier ,Geospatial Correspondences ,Group Activity Recognition , ¥ 3 7515,
B v RN v 7 Dense CRF,CamVid,Cityscage Dataset, Temporal Regularization Term, Spatial Regularization Term,Semi-dense Matching, #5i2 1) %8 iz L ¥ E Zero-shot Learning,Globally Hyperbolic Wasserstein Distance ,HD Maps Reflectance Map ,Representations ,Rendered
Views Relocalization ,RANSAC ,Relaxation ,Street Scenes ,Smartphone Sparsifying ,Scale Variability Similarity Metric ,Skeletal ,Symmetric Positive Spatial Correlation ,Synthetic Data ,Supervised ,Segmentation ,Sequences ,Silhouettes ,Search Engine ,Surfaces Learning ,Selection
Diversity , Temporal , Tensor Power lteration#T4L: Multiple Object Tracking, Transfer ,ToF , Training Data , Tensors ,Time Warping ,Thin Slicing ,Unlabeled Data ,UAV , BS{IE i, BIAZ L (CTE58, 1 5 2 2 Unfolding the Dynamics ,Unknown Noise ,Very Low Resolution Recognition viswv , 4,
[FE4&,74 707 VLAD \Video Description Dataset ,View Stereo WELDON Warp Net Minimizing ,Mixed Integer Linear ,Flow ,Mobile Devices ,Monocular Video ,Motion Capture ,Motion Barcodes ,Multi Person Pose Estimation ,Multi View ,MRFs Missing Link Predicting ,Neural Field ,Ordinal
Regression ,Occlusion ,Orthogonal Decomposition
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B89 (XVGG (16, 19/8) ? ResNet (50, 101, 152, 200/&) ?
DeepSurvey M0d61—2016(j:7@¢%i%_ (4-conv/pool, 2-fc, 1-output)

image
conv-64
conv-64
maxpool
conv-128
conv-128
maxpool
conv-256
conv-256
maxpool
conv-512
conv-512
maxpool
conv-512
conv-512
maxpool
FC-4096
FC-4096
FC-1000
softmax

http://www.robots.ox.ac.uk/~karen/pdf/ILSVRC 2014.pdf
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http://kaiminghe.com/icml16tutorial/icml2016_tutorial deep residual networks kaiminghe.pdf
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Y. Matsuzaki & K. Okayasu et al. “Can you guess an interesting movie from the posters?” MVA 2017 (accepted)
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H. Kataoka et al. “Humanless Human Action Recognition” CVPR 2017 (in submission).
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The object is represented by a 3D grid, and its feature is used as a positive example.

S. Song et al. “Sliding Shapes for 3D Object Detection in Depth Images” in ECCV 14.
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Dataset Ref Domain Object Objects Backgrd  Viewsper  Bounding Object Total

Classes per Class per obj obj+bg Box? Contours? Images
COIL [41] Handheld 100 1 1 72 Implicit No 7,200
SOIL-47 [29] Handheld — 47 1 42 Implicit No 1,974
Pascal [14] Misc 20 790-10,129 1 1 Yes Partial 11,540
Caltech-101 [15] Google 102 31-800 (1 = 90) 1 1 No No 9,144
Caltech-256 | [22 Google 257 80-827 (n = 119) 1 1 No No 30,607
LabelMe [48] Misc 900 ? ~1 ~1 Partial Partial 62,197 (a)
NORB [35] Toys 5 10 1(b) 1,944 Implicit No 48,600 (b)
FERET [44] Faces 1 1,199 1 1-24 Yes No 14,051
MNIST [34] Digits 10 6,000 1 1 Implicit No 60,000
ETHZ [17] Natural 5 32-87 1 1 Yes Yes 255 (c)
TINY [61] Web 75,062 ? 1(?) 1 Implicit No 79,302,017 (d)
CIFAR-100 [30] Web 100 600 1 1 Implicit No 60,000 (d)
ALOI [19] Handheld 1,000 (e) ~1 1 108 Implicit No 110,250
GRAZ [42 Photographs 4 311-420 1 1 No Partial 1,476
CoPhIR [3] Flickr ?2(f) ? 17 1(7) No No (f) 106,000,000
ImageNet [8] Misc 21,841 ~1 ~1 ~1 Yes No 14,197,122
SUN [64] Misc 3,819 (2) 1 1 Yes Yes 131,067
MS COCO [38] Misc 91 ~5,000 1 1 Yes Yes 328,000 (a)
RGB-D [33] Household 51 ~6 1 250 Yes No 250,000
Big-BIRD [55] Household 100 1 1 600 Yes No 250,000
iLab-20M - Toy vehicles 15 25-160 14-40 1,320 Implicit No 21,798,480

Ali Borji et al. “iLab-20M: A large-scale controlled object dataset to investigate deep learning”, in CVPR16.
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J. Wu et al. “Physics 101: Learning Physical Object Properties from Unlabeled Videos” in BMVC16.
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Powered by H. Kataoka

In a traffic scene, short-term.acti ictions are particularly crucial
for avoiding

H. Kataoka et al. “Recognition of Transitional Action for Short-Term Action Prediction using Discriminative Temporal CNN Feature” in
BMVCle6.
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A. Owens et al. “Ambient Sound Provides Supervision for Visual Learning” in ECCV16.
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Figure 1: Matching Networks architecture

O. Vinyals et al. “Matching Networks for One Shot Learning” in NIPS16.
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Rumelhart et al. “Learning representations by back-propagating errors” in Nature 1986.

K. Fukushima, “Neocognitron: A self-organizing neural network model for a mechanism of pattern recognition unaffected by shift in position”, in
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Y. LeCun et al. “Gradient-based learning applied to document recognition” in IEEE 1998.

J. H. Holland “Adaptation in Natural and Artificial Systems” in MIT Press 1975.

L. J. Eshelman “The CHC Adaptive Search Algorithm: How to Have Safe Search When Engaging in Nontraditional Genetic Recombination," in
Foundations of Genetic Algorithms, 1991.

G. Huang et al. “Deep Networks with Stochastic Depth," in arXiv pre-print, 2016.

T. Yamasaki et al. “Efficient Optimization of Convolutional Neural Networks Using Particle Swarm Optimization," in MIRU, 2016.
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