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Christian Szegedy, Wei Liu, Yanqing Jia, Pierre Sermanet, Scott Reed, Dragomir
Anguelov, Dumitru, “Going Deeper with Convolutions”, in CVPR, 2015.
Keywords: GooglLeNet, Convolutional Neural Networks (CNN)
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Anh Nguyen, Jason Yosinski, Jeff Clune, “Deep Neural Networks are Easily Fooled:
High Confidence Predictions for Unrecognizable Images”, in CVPR, 2015.
Keywords: Convolutional Neural Networks (CNN), Compositional Pattern-Producing Network (CPPN)
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L. Wan, D. Eigen, R. Fergus, “End-to-End Integration of a Convolutional Network,
Deformable Parts Model and Non-Maximum Suppression”, in CVPR2015.

Keywords: Convolutional Neural Networks (CNN), Deformable Parts Model (DPM), Non-Maximum Suppression (NMS)
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A. Mahendran, A. Vedaldi, “Understanding Deep Image RepresentationS by Inverting
Them”, in CVPR2015.

Keywords: CNN, Visualization ﬂ
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Florian Schroff, Dmitry Kalenichenko, James Phillbin, “FaceNet: A Unified
Embedding for Face Recognition and Clustering”, in CVPR, 2015.

Keywords: FaceNet, Face Recognition, Convolutional Neural Networks (CNN)
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Xucong Zhang, Yusuke Sugano, Mario Fritz, Andreas Bulling, “Appearance-Based
Gaze Estimation in the Wild”, in CVPR, 2015.

Keywords: Convolutional Neural Networks (CNN), MPIIGaze dataset, Gaze Estimation
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Georgia Gkioxari, Jitendra Malik, “Finding Action Tubes”, in CVPR, 2015.

Keywords: Action Detection, Convolutional Neural Networks (CNN)
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Yonglong Tian, Ping Luo, Xiaogang Wang, Xiaoou Tang, “Pedestrian Detection aided
by Deep Learning Semantic Tasks”, in CVPR, 2015.

Keywords: Pedestrian Detection, Task-Assistant CNN (TA-CNN)
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Limin Wang, Yu Qiao, Xiaoou Tang, “Action Recognition with Trajectory-Pooled

Deep-Convolutional Descriptors”,

in CVPR, 2015.

Keywords: Dense Trajectories, CNN, Trajectory-pooled deep convolutional descriptor (TDD)
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Yao Li, Lingqgiao Liu, Chunhua Shen, Anton van den Hengel, “Mid-level Deep Pattern

Mining”, in CVPR, 2015.

Keywords: Convolutional Neural Networks(CNN), Pattern Mining, Association Rules
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Codes Learning”, in CVPR2015.
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Bharath Hariharan, Pablo Arbelaez, Ross Girshick, Jitendra Malik, “Hypercolumns for
Object Segmentation and Fine-grained Localization”, in CVPR, 2015.

Keywords: Segmentation, Fine-grained Localization, Convolutional Neural Networks (CNN)
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J. Sun, W. Cao, Z. Xu, J. Ponce, “Learning a Convolutional Neural Network for Non-
uniform Motion Blur Removal”, in CVPR2015.
Keywords: CNN, Motion Blur Removal
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Soonmin Hwang, Jaesik Park, Namil Kim, Yukyung Choi, In So Kweon, “Multispectral
Pedestrian Detection: Benchmark Dataset and Baseline”, in CVPR2015.
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Fabian Caba, Victor Escorcia, Bernard Ghanem, Juan Carlos Niebles, “ActivityNet: A
Large-Scale Video Benchmark for Human Activity Understanding”, in CVPR, 2015.

Keywords: CNN, Motion Blur Removal

S

TEIEREICEE U TH, ImageNetD K D I(C
KER{IEZXD, ActivityNetZHEEU Jc.

R - =0

IWEX TCOITER#ST —Y 2y T,
HBRXAVICBELTWED, 22T
T — I PITEIO/NY T—3 3 Y HREE
[CIBINE B,

Links

TFT—Ytvk

REFTODITERBOT—F 2y NMIBEMZITENICR
EINTWeh, cZTIEESSIRNUI—3 0Pk~
IV ENTWERWTET—Y %IRRT 52 & T

ITENFER S D RHMEDLITEINE £ TEDH I RMITENR

EYDHAEZINRS B LS ETDHAA. S SICEU W
BEREDTED LD, BRBT—9Z2E /LI, 7—
S IIBEBRICERINTED, £ ENDTENIV X
DAL DRWITEI(A Ry MMOEWERIERICH
%, 2ZT KNIZvIENnNET—7I132030 5 X, bk
UV EINTWEWT—5IF1377 T X, &58498F
FHEDITET—F 2EATWNS,

3
2 =
% 2 0 g &
za ;S = 3 4
X 9 32% =234 § g
http://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/ s s%3 EE&S I
N . % 2, %53 3 g e
He b[QD Activ IME et A a[gﬂ'scaﬁ ZQJE CMEB paper Qdf 4, % % ':g o SLFSF S
o %, % %—% °% o5 égﬁg F &
FOP Yk http://activity-net.org/ %, %% ¢ PEFF 5
ba'b 60 ) LS éﬁb t:‘)\x@
7 L) )
. %o & =
Top level Second tier Third tier Activity 8, Hay .veepr:gle —— \x&\qu’é e
v =3 = o z th, sy, e ir p o
m - o 1A% \ ! | =<3' ot 'l ! . ,. %pg. . win umat \ Vericis O“ow.“q\a\ﬁ‘éﬂ
o - ‘ ‘ehic!
PT343 Bai-3a R Poting gy Ol g vt
rarEs 4 EAT AP 3 L | el T S ST
. 1 = Applying pesticides® —pjanig _Lawn@ ° ®Sewing, e Cleaning shoes
PAiAsea| - N | el A oL T el oo o
ey - : 0 < . Watering garden . Activities Knm‘ng Sweaters
Household activities ———> Housework —_— Interior cleaning —_— Cleaning windows \awn® Exterior@ @interior  Interior
My e w w1 T Y A Maint.
23200  ISLE |t st g SR S o
: - | 4 - G improv. Ra ligh,
= T 1 : ) ) # Exterior <N "uy
BT gt sidd 28020 &, e o im0 ks
@ ng 9
o ,_ n . ) &6‘ 60-:5 Heating Rep. Furnit.y %, /°e4
i A A | EEEE e B I AN
2 B S e — o > < %, 7,
1 W o o] %, 9y
A ERKH) 6~ 2 DA TR
- 0 N . =
Personal care e Grooming e Grooming oneself ~———> Brushing teeth < é‘a S é’ E 2 ?é % 4’{5 i
@‘Pe $ £ ? 2 z 2 %
Tés £3 1y v
S g§ § % Z



3R TTIEIRILIEI 5T

DynamicFusionZ (X L&h & LI=3DAFDT7 Yy T7— K !
— CVPR Best Paper | SEfIAD{EZ Y 7 )L Y A LTI RITERER
— T—HINR—RDEH
— 3RTTHFHE ICCNNZE
— EEREEBRDER
— 3R ENYT AV I EITAXAYT—Y 7Y
— SLAM

3DIE IFADDUL ZEBN



Richard Newcombe, Dieter Fox, Steve Seitz, “DynamicFusion: Reconstruction and
Tracking of Non-rigid Scenes in Real-Time”, in CVPR2015.

Keywords: Dynamic Fusion
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Jared Heinly, et al., “Reconstructing the World™ in Six Days *(As Captured by the
Yahoo 100 Million Image Dataset)”, in CVPR2015.

Keywords: 3D Reconstruction, Yahoo 100 Million Image Dataset
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Shuran Song, Samuel P. Lichtenberg, Jianxiong Xiao, “SUN RGB-D: A RGB-D Scene
Understanding Benchmark Suite”, in CVPR2015.
Keywords: Scene Understanding, SUN RGB-D
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Srinash. Sridhar, Franziska Mueller, Antti Oulasvirta, Christian Theobalt, “Fast and

Robust Hand Tracking Using Detection-Guided Optimization”, in CVPR2015.
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