Proceedings

29th IEEE Conference on Computer Vision
and Pattern Recognition

CVPR 2016

AXON EXHIBIT 1036, Page 1
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Proceedings

29th IEEE Conference on Computer Vision
and Pattern Recognition

26 June — 1 July 2016
Las Vegas, Nevada

Los Alamitos, California IEEE

@ computer

Washington ® Tokyo SOClety

CPS »

AXON EXHIBIT 1036, Page 2
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Copyright © 2016 by The Institute of Electrical and Electronics Engineers, Inc.

All rights reserved.

Copyright and Reprint Permissions: Abstracting is permitted with credit to the source. Libraries may photocopy
beyond the limits of US copyright law, for private use of patrons, those articles in this volume that carry a code at
the bottom of the first page, provided that the per-copy fee indicated in the code is paid through the Copyright
Clearance Center, 222 Rosewood Drive, Danvers, MA 01923.

Other copying, reprint, or republication requests should be addressed to: IEEE Copyrights Manager, IEEE Service
Center, 445 Hoes Lane, P.O. Box 133, Piscataway, NJ 08855-1331.

The papers in this book comprise the proceedings of the meeting mentioned on the cover and title page. They reflect
the authors’ opinions and, in the interests of timely dissemination, are published as presented and without change.
Their inclusion in this publication does not necessarily constitute endorsement by the editors, the IEEE Computer
Society, or the Institute of Electrical and Electronics Engineers, Inc.

IEEE Computer Society Order Number E5869

BMS Part Number CFP16003-USB
ISBN 978-1-4673-8850-4

Additional copies may be ordered from:

IEEE Computer Society IEEE Service Center IEEE Computer Society
Customer Service Center 445 Hoes Lane Asia/Pacific Office
10662 Los Vaqueros Circle P.O. Box 1331 Watanabe Bldg., 1-4-2
P.O.Box 3014 Piscataway, NJ 08855-1331 Minami-Aoyama
Los Alamitos, CA 90720-1314 Tel: + 1 732 981 0060 Minato-ku, Tokyo 107-0062
Tel: + 1 800 272 6657 Fax: +1 732 981 9667 JAPAN
Fax: + 1714 821 4641 http://shop.ieee.org/store/ Tel: +81 334083118
http://computer.org/cspress customer-service@ieee.org Fax: + 81 3 3408 3553
csbooks@computer.org tokyo.ofc@computer.org

Individual paper REPRINTS may be ordered at: <reprints@computer.org>

Editorial production by Lisa O’Conner
Cover art production by Mark Bartosik

|IEEE

@ computer CPS 9

soclety

IEEE Computer Society
Conference Publishing Services (CPS)

http://www.computer.org/cps

AXON EXHIBIT 1036, Page 3
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



2016 IEEE Conference
on Computer Vision
and Pattern Recognition

CVPR 2016

Table of Contents

Message from General Chair and Program Chairs.................ccoooi i e xlv
Organizing Committee and Area ChaiIs.................ooiiiiiiii oot e e s e e et e e sneeesnneeas xlvii
OUESEANAING REVIEWETS. ... oot h e e e et e e bt e e b bt e e ste e e ne e e e ebeeeesbeeenneeeenaree s xlviii

Oral & Spotlight Session 1-1A

O01-1A: Image Captioning and Question Answering

Deep Compositional Captioning: Describing Novel Object Categories without Paired

B =T = = PR SUPRRR 1
Lisa Anne Hendricks, Subhashini Venugopalan, Marcus Rohrbach, Raymond Mooney,
Kate Saenko, and Trevor Darrell

Generation and Comprehension of Unambiguous Object DeSCriptions ...........cccuiiieiiiiiiii i 11
Junhua Mao, Jonathan Huang, Alexander Toshev, Oana Camburu, Alan Yuille,
and Kevin Murphy

Stacked Attention Networks for Image QUEeStIoN ANSWEIING .......eiiiiiiiiiiii e 21

Zichao Yang, Xiaodong He, Jianfeng Gao, Li Deng, and Alex Smola

Image Question Answering Using Convolutional Neural Network with Dynamic
Parameter PrediClion ....... .. .ottt ettt ettt e e e ettt e e e e e et et e e e e et et e e e e e antaeeeeeaanbeneeeeaaneeeaeeanne 30
Hyeonwoo Noh, Paul Hongsuck Seo, and Bohyung Han

NEUral MOAUIE NEEWOIKS ...ttt e e e et e ettt e e e e e e e e e e e e eee e e e eaaa e seeeeeaeeeeeessssssrnnaeeeeeeaaneees 39
Jacob Andreas, Marcus Rohrbach, Trevor Darrell, and Dan Klein

$1-1A: Language and Vision

Learning Deep Representations of Fine-Grained Visual DeSCHPHIONS ..........cccviiiiiiiiiiiec e 49
Scott Reed, Zeynep Akata, Honglak Lee, and Bernt Schiele

Multi-cue Zero-Shot Learning with Strong SUPEIVISION ...........ueiiiiiiiiie i e e see s e st e e sneeeeaneee e 59
Zeynep Akata, Mateusz Malinowski, Mario Fritz, and Bernt Schiele

Latent Embeddings for Zero-Shot ClassifiCation ... 69
Yongqin Xian, Zeynep Akata, Gaurav Sharma, Quynh Nguyen, Matthias Hein,
and Bernt Schiele

AXON EXHIBIT 1036, Page 4
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



One-Shot Learning of Scene Locations via Feature Trajectory Transfer ..o 78
Roland Kwitt, Sebastian Hegenbart, and Marc Niethammer

Learning Attributes Equals Multi-Source Domain Generalization .............cccooiiiiiiiieiiee e 87
Chuang Gan, Tianbao Yang, and Boging Gong

Anticipating Visual Representations from Unlabeled VidEO0 ...........ooo i 98
Carl Vondrick, Hamed Pirsiavash, and Antonio Torralba

Oral & Spotlight Session 1-1B

01-1B: Matching and Alignment

Learning to Assign Orientations to Feature POINS ..........oociiiiiiiiii e 107
Kwang Moo Yi, Yannick Verdie, Pascal Fua, and Vincent Lepetit

Learning Dense Correspondence via 3D-Guided Cycle CONSISIENCY .........eveiiiiiiiiiiiiee e 117
Tinghui Zhou, Philipp Kréhenbdiihl, Mathieu Aubry, Qixing Huang, and Alexei A. Efros

LA LCY €1 (o] o F= U == 1 (el s @7 ]| To 1= RSP 127
Shenlong Wang, Sean Ryan Fanello, Christoph Rhemann, Shahram Izadi,
and Pushmeet Kohli

Joint Probabilistic Matching Using m-Best SOIULIONS .........ocuiiiiiiiiiie e 136
Seyed Hamid Rezatofighi, Anton Milani, Zhen Zhang, Qinfeng Shi, Anthony Dick,
and lan Reid

Face Alignment Across Large Poses: A 3D SOIUTION .....cooiiiiiiiiiiiii ettt 146
Xiangyu Zhu, Zhen Lei, Xiaoming Liu, Hailin Shi, and Stan Z. Li

$1-1B: Segmentation and Contour Detection

Interactive Segmentation on RGBD Images via Cue SeleCtioN ..........cccooiiiiiiiiinie e 156
Jie Feng, Brian Price, Scott Cohen, and Shih-Fu Chang

Layered Scene Decomposition via the OCCIUSION-CRF ...........c.coiiiiiiii e 165
Chen Liu, Pushmeet Kohli, and Yasutaka Furukawa

Affinity CNN: Learning Pixel-Centric Pairwise Relations for Figure/Ground Embedding ..........c.ccccoiiiiiniiiiiieiiiinene 174
Michael Maire, Takuya Narihira, and Stella X. Yu

Weakly Supervised ODbJect BOUNUEAIES .......c.ueiiiuiieiiiieeiiee ettt e et e st e et e e et e e sneeesneeeeeneeeesmneeeanneeeaneeeennnes 183
Anna Khoreva, Rodrigo Benenson, Mohamed Omran, Matthias Hein, and Bernt Schiele

Object Contour Detection with a Fully Convolutional Encoder-Decoder Network ...........c.cocoviiieiiiinieeciiececceen 193
Jimei Yang, Brian Price, Scott Cohen, Honglak Lee, and Ming-Hsuan Yang

Poster Session P1-1

What Value Do Explicit High Level Concepts Have in Vision to Language Problems? ........cccccoiiiiiiiiiiiiiieee e, 203
Qi Wu, Chunhua Shen, Lingqiao Liu, Anthony Dick, and Anton van den Hengel

Fast Detection of Curved Edges at LOW SNR ... ..o s e e e e e sne e e anneeas 213
Nati Ofir, Meirav Galun, Boaz Nadler, and Ronen Basti

vi

AXON EXHIBIT 1036, Page 5
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Object Skeleton Extraction in Natural Images by Fusing Scale-Associated Deep Side
(O 1111 o1 (PSPPSRI 222
Wei Shen, Kai Zhao, Yuan Jiang, Yan Wang, Zhijiang Zhang, and Xiang Bai

Learning Relaxed Deep Supervision for Better Edge Detection ...........cooiiiiiiiiiiiiiiee e 231
Yu Liu and Michael S. Lew

Occlusion Boundary Detection via Deep Exploration of CONEXt ...........ooiiiiiiiiiiiiiic e 241
Huan Fu, Chaohui Wang, Dacheng Tao, and Michael J. Black

SemiContour: A Semi-Supervised Learning Approach for Contour Detection .............cccooiiiiiiieiiiii i 251
Zizhao Zhang, Fuyong Xing, Xiaoshuang Shi, and Lin Yang

Learning to Localize Little LandmMarks ...........ocueiiiiiiiiiiiie ettt 260
Saurabh Singh, Derek Hoiem, and David Forsyth

InterActive: Inter-Layer ACtiveness Propagation ............oooueioiiiiiiii ettt 270
Lingxi Xie, Liang Zheng, Jingdong Wang, Alan Yuille, and Qi Tian

Exploit Bounding Box Annotations for Multi-Label Object Recognition .............cccocoiiiieiiiiene e 280
Hao Yang, Joey Tianyi Zhou, Yu Zhang, Bin-Bin Gao, Jianxin Wu, and Jianfei Cai

TI-POOLING: Transformation-Invariant Pooling for Feature Learning in Convolutional

INEUPAI INEIWOTKS ...ttt h et a e oo a e oa b et e e s bt e ea bt e e ea e e e e aa b e e e em bt e e amb e e e sn b e e e enbeeennneeesnbeeas 289
Dmitry Laptev, Nikolay Savinov, Joachim M. Buhmann, and Marc Pollefeys

Fashion Style in 128 Floats: Joint Ranking and Classification Using Weak Data

FOr FEatUre EXIFACHION ...ttt ettt e et e et e s et e et e e e sane e e saneeeanreeena 208
Edgar Simo-Serra and Hiroshi Ishikawa

Equiangular Kernel Dictionary Learning with Applications to Dynamic Texture Analysis .........cccccccoviiieiiiienieeennenn. 308
Yuhui Quan, Chenglong Bao, and Hui Ji

(O70TaqT o= To @l =11 110 T=T Tl o1 1 T SRS 317
Yang Gao, Oscar Beijbom, Ning Zhang, and Trevor Darrell

Accumulated Stability Voting: A Robust Descriptor from Descriptors of Multiple Scales ............ccccoooviiriiiiiieiiiinee 327
Tsun-Yi Yang, Yen-Yu Lin, and Yung-Yu Chuang

CoMaL: Good Features to Match on Object BOUNAAIES ...........ooiiiiiiiiiiiiii e 336
Swarna K. Ravindran and Anurag Mittal

Progressive Feature Matching with Alternate Descriptor Selection and Correspondence
= a1y Ted o1 1 4= | TP PP PP OTPPROPRRPP 346
Yuan-Ting Hu and Yen-Yu Lin

A New Finsler Minimal Path Model with Curvature Penalization for Image Segmentation
F= 1o I @4 [ T-1=Yo I @%oTq] (o U ol B =] (=Tox (o] o 355
Da Chen, Jean-Marie Mirebeau, and Laurent D. Cohen

Scale-Aware Alignment of Hierarchical Image Segmentation ... 364
Yuhua Chen, Dengxin Dai, Jordi Pont-Tuset, and Luc Van Gool

Deep Interactive ODJECE SEIECHON .........ooiiiiiiiiie et e e e e e s et e e e e s e beeeeeeesssaeeaeeassaeeaesassaeeaeaanes 373
Ning Xu, Brian Price, Scott Cohen, Jimei Yang, and Thomas Huang

Pull the Plug? Predicting If Computers or Humans Should Segment IMages ...........oocccveiiirriii e 382
Danna Gurari, Suyog Dutt Jain, Margrit Betke, and Kristen Grauman

vii

AXON EXHIBIT 1036, Page 6
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



In the Shadows, Shape Priors Shine: Using Occlusion to Improve Multi-region
RS T=To 1T ] =1 (1] o RS 392
Yuka Kihara, Matvey Soloviev, and Tsuhan Chen

Convexity Shape Constraints for Image Segmentation ..o 402
Loic A. Royer, David L. Richmond, Carsten Rother, Bjoern Andres, and Dagmar Kainmueller

MCMC Shape Sampling for Image Segmentation with Nonparametric Shape Priors ..........ccccoeeviieeieiciiiee e 411
Ertunc Erdil, Sinan YiLdiRiM, Mijdat Cetin, and Tolga Tasdizen

From Noise Modeling to Blind IMage DENOISING ........couiiiiiiiiiiiiiiie ettt e e e e e s enneeeeeeans 420
Fengyuan Zhu, Guangyong Chen, and Pheng Ann Heng

Efficient and Robust Color Consistency for Community Photo ColleCtions ...........ccccooveviiiiiiiiiiic e 430
Jaesik Park, Yu-Wing Tai, Sudipta N. Sinha, and In So Kweon

Needle-Match: Reliable Patch Matching under High Uncertainty ...........cccoooiiiiiiiiiiiiee e 439
Or Lotan and Michal Irani

ReconNet: Non-lterative Reconstruction of Images from Compressively Sensed
L= T =T o 4 T=T o1 USRS 449
Kuldeep Kulkarni, Suhas Lohit, Pavan Turaga, Ronan Kerviche, and Amit Ashok

Soft-Segmentation Guided Object Motion DEBIUITING .......ooviiiiiiiiee e e e nneeee s 459
Jinshan Pan, Zhe Hu, Zhixun Su, Hsin-Ying Lee, and Ming-Hsuan Yang

Two llluminant Estimation and User CorreCtion Pref@rENCe .........oovvee i a e 469
Dongliang Cheng, Abdelrahman Kamel, Brian Price, Scott Cohen, and Michael S. Brown

Deep Contrast Learning for Salient Object DEteCtioNn .............cueiiiiiiiiiiiiie e 478
Guanbin Li and Yizhou Yu

Multiview Image Completion with Space Structure Propagation ............ccoceeiiiiiiiiiiiie e 488
Seung-Hwan Baek, Inchang Choi, and Min H. Kim

Composition-Preserving Deep Photo AesthetiCs ASSESSMENT .........oiiiiiiiiiiii e 497
Long Mai, Hailin Jin, and Feng Liu

Automatic Image Cropping: A Computational Complexity StUAY ..........cociiiiiiiiiii e 507
Jiansheng Chen, Gaocheng Bai, Shaoheng Liang, and Zhenggqin Li

A Deeper Look at Saliency: Feature Contrast, Semantics, and Beyond .............ccccoviiiiiiiiiiiic i 516
Neil D. B. Bruce, Christopher Catton, and Sasa Janjic

Spatially Binned ROC: A Comprehensive SalienCy MELIIC .........oooiiiiiiiieiee e 525
Calden Wioka and John Tstotsos

GraB: Visual Saliency via Novel Graph Model and Background Priors ...........ccccooiiiiiiieiiieeiiiie e 535
Qiaosong Wang, Wen Zheng, and Robinson Piramuthu

Predicting When Saliency Maps are Accurate and Eye Fixations Consistent .............ccccoviiiiiiini e, 544
Anna Volokitin, Michael Gygli, and Xavier Boix

Split and Match: Example-Based Adaptive Patch Sampling for Unsupervised Style
LI =10 15 =T P 553
Oriel Frigo, Neus Sabater, Julie Delon, and Pierre Hellier

viii

AXON EXHIBIT 1036, Page 7
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Detection and Accurate Localization of Circular Fiducials under Highly Challenging
(7o) oo 1110 T3S 562
Lilian Calvet, Pierre Gurdjos, Carsten Griwodz, and Simone Gasparini

Scene Recognition with CNNs: Objects, Scales and Dataset Bias .........c.ccccviieiiiiiiiiic e 571
Luis Herranz, Shuqiang Jiang, and Xiangyang Li

Learning Action Maps of Large Environments via First-Person ViSion ...........ccccoviiiiiiiiiiii e 580
Nicholas Rhinehart and Kris M. Kitani

Single-Image Crowd Counting via Multi-Column Convolutional Neural Network ..............ccccoviiiiiiiiiieeeeeeeee e, 589
Yingying Zhang, Desen Zhou, Sigin Chen, Shenghua Gao, and Yi Ma

Shallow and Deep Convolutional Networks for Saliency PrediCtion .............ccooveiiiiiiiiic i 598
Junting Pan, Elisa Sayrol, Xavier Giro-I-Nieto, Kevin McGuinness, and Noel E. O’Connor

Sample and Filter: Nonparametric Scene Parsing via Efficient Filtering ...........cccooiiiiii e 607
Mohammad Najafi, Sarah Taghavi Namin, Mathieu Salzmann, and Lars Petersson

DelLay: Robust Spatial Layout Estimation for Cluttered INndoOr SCENES .........ccoeiriiiiiiiiiee e 616
Saumitro Dasgupta, Kuan Fang, Kevin Chen, and Silvio Savarese

A Text Detection System for Natural Scenes with Convolutional Feature Learning
and CasCaded ClasSifiCatION ...........ouiiiiiiiiie ettt st e bt ettt e e s bt ettt e e e et nanes 625
Siyu Zhu and Richard Zanibbi

Reversible Recursive Instance-Level Object Segmentation .............occooiiiiiiiiiii e 633
Xiaodan Liang, Yunchao Wei, Xiaohui Shen, Zequn Jie, Jiashi Feng, Liang Lin,
and Shuicheng Yan

Coherent Parametric Contours for Interactive Video Object Segmentation ............cccociiiiiiiiiie i, 642
Yao Lu, Xue Bai, Linda Shapiro, and Jue Wang

Manifold SLIC: A Fast Method to Compute Content-Sensitive SUPErpiXels ..........cccoveriiiiiiiiiiiiiiieee e 651
Yong-Jin Liu, Cheng-Chi Yu, Min-Jing Yu, and Ying He

Deep Saliency with Encoded Low Level Distance Map and High Level Features ............cccooviiiiiiiiiiiciii e 660
Gayoung Lee, Yu-Wing Tai, and Junmo Kim

Instance-Level Segmentation for Autonomous Driving with Deep Densely Connected

Ziyu Zhang, Sanja Fidler, and Raquel Urtasun

DHSNet: Deep Hierarchical Saliency Network for Salient Object Detection ............ccocccveiiiiiiiiiiic e 678
Nian Liu and Junwei Han

Object Co-segmentation via Graph Optimized-Flexible Manifold Ranking ...........cccoociiieiiiiiiiee e 687

Rong Quan, Junwei Han, Dingwen Zhang, and Feiping Nie

Primary Object Segmentation in Videos via Alternate Convex Optimization
of Foreground and Background DistriDUtiONS ..........cooi e 696
Won-Dong Jang, Chulwoo Lee, and Chang-Su Kim

Automatic Fence Segmentation in Videos of DyNnamiC SCENES ........ccccoiiiiiiiiiiiiiie e 705
Renjiao Yi, Jue Wang, and Ping Tan

Discovering the Physical Parts of an Articulated Object Class from Multiple Videos ..........ccccccceviiiiiienici e, 714
Luca Del Pero, Susanna Ricco, Rahul Sukthankar, and Vittorio Ferrari

AXON EXHIBIT 1036, Page 8
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



A Benchmark Dataset and Evaluation Methodology for Video Object Segmentation ............c.ccoeciiieernneen.

F. Perazzi, J. Pont-Tuset, B. McWilliams, L. Van Gool, M. Gross, and A. Sorkine-Hornung

Learning Temporal Regularity in Vide0 SEQUENCES ...........eiiiiiiiiiiiie et

Mahmudul Hasan, Jonghyun Choi, Jan Neumann, Amit K. Roy-Chowdhury,
and Larry S. Davis

Bilateral Space Video Segmentation ............oouiiiiiiiiiiiie et

Nicolas Mérki, Federico Perazzi, Oliver Wang, and Alexander Sorkine-Hornung

ReD-SFA: Relation Discovery Based Slow Feature Analysis for Trajectory Clustering .........ccccoecevevievennenn.

Zhang Zhang, Kaiqi Huang, Tieniu Tan, Peipei Yang, and Jun Li
Oral & Spotlight Session 1-2A

01-2A: Object Recognition and Detection

Training Region-Based Object Detectors with Online Hard Example Mining ..o

Abhinav Shrivastava, Abhinav Gupta, and Ross Girshick

Deep Residual Learning for Image RECOGNITION .........c.eiiiiiiiiiiie e

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun

You Only Look Once: Unified, Real-Time Object DeteCtion ............cccviiiieiiiiiiie e

Joseph Redmon, Santosh Divvala, Ross Girshick, and Ali Farhadi

LocNet: Improving Localization Accuracy for Object Detection ...

Spyros Gidaris and Nikos Komodakis

SKEtCh ME TRAt SNOE ...t e e e e e e e e e e ettt e e e e e e e e e e e e e eeeaa e eeeas

Qian Yu, Feng Liu, Yi-Zhe Song, Tao Xiang, Timothy M. Hospedales, and Chen Change Loy

$1-2A: Object Detection 1

Deep Sliding Shapes for Amodal 3D Object Detection in RGB-D IMages .......ccoooveiiiieniieniieeree e

Shuran Song and Jianxiong Xiao

Object Detection from Video Tubelets with Convolutional Neural Networks ...,

Kai Kang, Wanli Ouyang, Hongsheng Li, and Xiaogang Wang

Learning with Side Information through Modality HalluCination .............ccccceiiiiiiiiiiii e

Judy Hoffman, Saurabh Gupta, and Trevor Darrell

Object-Proposal Evaluation Protocol is ‘Gameable’ .............c.oooiiiiiiiiiieeee e

Neelima Chavali, Harsh Agrawal, Aroma Mahendru, and Dhruv Batra

HyperNet: Towards Accurate Region Proposal Generation and Joint Object Detection .............ccccccoeieee.

Tao Kong, Anbang Yao, Yurong Chen, and Fuchun Sun
We Don’t Need No Bounding-Boxes: Training Object Class Detectors Using Only

[ [0 g = LA I Y A=Y 1 ToT=Y (o) o RO

Dim P. Papadopoulos, Jasper R. R. Uijlings, Frank Keller, and Vittorio Ferrari

Factors in Finetuning Deep Model for Object Detection with Long-Tail Distribution .................ccccceiiie.

Wanli Ouyang, Xiaogang Wang, Cong Zhang, and Xiaokang Yang

AXON EXHIBIT 1036, Page 9
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Oral & Spotlight Session 1-2B

01-2B: Vision with Alternative Sensors

Information-Driven Adaptive Structured-Light SCANNETS ...........cooiiiiiiiiiiii e 874
Guy Rosman, Daniela Rus, and John W. Fisher Il

Simultaneous Optical Flow and Intensity Estimation from an Event Camera ...........cccccoviiiiiiiiiic e 884
Patrick Bardow, Andrew J. Davison, and Stefan Leutenegger

Macroscopic Interferometry: Rethinking Depth Estimation with Frequency-Domain
LI a1 e | o S USRS 893
Achuta Kadambi, Jamie Schiel, and Ramesh Raskar

ASP Vision: Optically Computing the First Layer of Convolutional Neural Networks

USING ANGIE SENSILIVE PIXEIS ...ttt e e e e et e e s e e e ae e e e e ar e e nane e e saree s 903
Huaijin G. Chen, Suren Jayasuriya, Jiyue Yang, Judy Stephen,
Sriram Sivaramakrishnan, Ashok Veeraraghavan, and Alyosha Molnar

Computational Imaging for VLBI Image ReCONSIIUCHON .........cc.oiiiiiiiiieiie e 913
Katherine L. Bouman, Michael D. Johnson, Daniel Zoran, Vincent L. Fish,
Sheperd S. Doeleman, and William T. Freeman

$1-2B: Video Analysis 1

You Lead, We Exceed: Labor-Free Video Concept Learning by Jointly Exploiting Web
A4 Lo =TT 3= o Lo I [ g F= Lo =T PO PP SPPRTPSRTN 923
Chuang Gan, Ting Yao, Kuiyuan Yang, Yi Yang, and Tao Mei

Track and Segment: An Iterative Unsupervised Approach for Video Object Proposals ............ccccoecviiiiieeiiiiencinnenee 933
Fanyi Xiao and Yong Jae Lee

Beyond Local Search: Tracking Objects Everywhere with Instance-Specific Proposals ............cccccociiiiiiinicennenn. 943
Gao Zhu, Fatih Porikli, and Hongdong Li

Groupwise Tracking of Crowded Similar-Appearance Targets from Low-Continuity

IMAGE SEQUENCES ...ttt ettt e h e e a et e e a e et oo a b e e e ek bt e e e at et e ea s e e e ea b et e aaee e e san e e e eebe e e aat e e e nanneesaree s 952
Hongkai Yu, Youjie Zhou, Jeff Simmons, Craig P. Przybyla, Yuewei Lin, Xiaochuan Fan,
Yang Mi, and Song Wang

Social LSTM: Human Trajectory Prediction in Crowded SPacCES ...........couriiiiiiieiiiee e 961
Alexandre Alahi, Kratarth Goel, Vignesh Ramanathan, Alexandre Robicquet, Li Fei-Fei,
and Silvio Savarese

What Players do with the Ball: A Physically Constrained Interaction Modeling ............cccccviiiiiiiiiiiiiiiee e 972
Andrii Maksai, Xinchao Wang, and Pascal Fua

Highlight Detection with Pairwise Deep Ranking for First-Person Video Summarization .............cccccoooviniiieniinennenn. 982
Ting Yao, Tao Mei, and Yong Rui

xi

AXON EXHIBIT 1036, Page 10
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Poster Session P1-2

Direct Prediction of 3D Body Poses from Motion Compensated SEQUENCES ...........cooueviiiiriiiiiiiiiiee e 991
Bugra Tekin, Artem Rozantsev, Vincent Lepetit, and Pascal Fua

Video2GIF: Automatic Generation of Animated GIFS from VidEO0 .........cccciiiiiiiiiiiiiie e 1001
Michael Gygli, Yale Song, and Liangliang Cao

NTU RGB+D: A Large Scale Dataset for 3D Human Activity Analysis ..........ccccoiiiiiiiiiiiiieeic e 1010
Amir Shahroudy, Jun Liu, Tian-Tsong Ng, and Gang Wang

Progressively Parsing Interactional Objects for Fine Grained Action Detection ............cccocccvveeiiiiiiiee e 1020
Bingbing Ni, Xiaokang Yang, and Shenghua Gao

Hierarchical Recurrent Neural Encoder for Video Representation with Application

(o OF=T o] 1[o] 1191 R P PP P TR OPPPOPPPPTRPO 1029
Pingbo Pan, Zhongwen Xu, Yi Yang, Fei Wu, and Yueting Zhuang

From Keyframes to Key Objects: Video Summarization by Representative Object

PrOPOSAI SEIECHON .....ooiieeeeeee et e et e e e et e e e e e et b e e e e e e etaeeeeesabaaeeeeaataaeeeeeabraeaeeeanaraaaeas 1039
Jingjing Meng, Hongxing Wang, Junsong Yuan, and Yap-Peng Tan

Temporal Action Localization in Untrimmed Videos via Multi-stage CNNS ..........cocoeiiiiiiiiiiie e 1049
Zheng Shou, Dongang Wang, and Shih-Fu Chang

Summary Transfer: Exemplar-Based Subset Selection for Video Summarization ............ccccoieiiiiiiiien e 1059
Ke Zhang, Wei-Lun Chao, Fei Sha, and Kristen Grauman

POD: Discovering Primary Objects in Videos Based on Evolutionary Refinement

of Object Recurrence, Background, and Primary Object MOAEIS ...........c.ooiiiiiiiiiiiiice e 1068
Yeong Jun Koh, Won-Dong Jang, and Chang-Su Kim

What If We Do Not have Multiple Videos of the Same Action? — Video Action

Localization USiNg WED IMAGES ......coiuuiiiiiiiiiiiie ettt e ettt e e e bt e e e s be et e e e saabe e e e e e enbeeeeeeaanneeeeens 1077
Waqas Sultani and Mubarak Shah

Beyond F-Formations: Determining Social Involvement in Free Standing Conversing
Groups fromM SEAtIC IMAGES .....oeeiiiiiiiie et e e e et e e e st e e e e sabaeee e e e sbeeeaesassaeeaesassaeeaeaanssaeeaeeannnees 1086
Lu Zhang and Hayley Hung

DeepFashion: Powering Robust Clothes Recognition and Retrieval with Rich
F N g o) =1 1 o] o T USRS 1096
Ziwei Liu, Ping Luo, Shi Qiu, Xiaogang Wang, and Xiaoou Tang

SketchNet: Sketch Classification with Web IMages ............oiiiiiiiiii e 1105
Hua Zhang, Si Liu, Changqing Zhang, Wenqi Ren, Rui Wang, and Xiaochun Cao

Embedding Label Structures for Fine-Grained Feature Representation ..............cccooiiiiieiiie e 1114
Xiaofan Zhang, Feng Zhou, Yuanqing Lin, and Shaoting Zhang

Fine-Grained Image Classification by Exploring Bipartite-Graph Labels ............ccooiiiiiii e, 1124
Feng Zhou and Yuanqing Lin

Picking Deep Filter Responses for Fine-Grained Image Recognition ............cccccveiiiiiiiie i 1134
Xiaopeng Zhang, Hongkai Xiong, Wengang Zhou, Weiyao Lin, and Qi Tian

xii

AXON EXHIBIT 1036, Page 11
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



SPDA-CNN: Unifying Semantic Part Detection and Abstraction for Fine-Grained

[R=ToTo o 11 (o] o [P PURRRPTP 1143
Han Zhang, Tao Xu, Mohamed Elhoseiny, Xiaolei Huang, Shaoting Zhang,
Ahmed Elgammal, and Dimitris Metaxas

Fine-Grained Categorization and Dataset Bootstrapping Using Deep Metric Learning

AL T 1O g = T ES RN T L= 1Yo o S 1153
Yin Cui, Feng Zhou, Yuanqing Lin, and Serge Belongie

Mining Discriminative Triplets of Patches for Fine-Grained Classification .............ccocoiiiiiiiiiiii e, 1163

Yaming Wang, Jonghyun Choi, Vlad I. Morariu, and Larr S. Davis

Part-Stacked CNN for Fine-Grained Visual Categorization ..............couiiiiiiiiiiie et 1173
Shaoli Huang, Zhe Xu, Dacheng Tao, and Ya Zhang

Learning Compact Binary Descriptors with Unsupervised Deep Neural Networks ...........cccocceevieiiieeinee e, 1183
Kevin Lin, Jiwen Lu, Chu-Song Chen, and Jie Zhou

Solving Small-Piece Jigsaw Puzzles by Growing CONSENSUS ..........ccoiiiiiiiiiiiiiieiiiee et sree e e snee e 1193
Kilho Son, Daniel Moreno, James Hays, and David B. Cooper

Pairwise Matching through Max-Weight Bipartite Belief Propagation ............cccccccoiiiiiieiiiiiiee e 1202
Zhen Zhang, Qinfeng Shi, Julian McAuley, Wei Wei, Yanning Zhang,
and Anton van den Hengel

Structured Feature Similarity with Explicit Feature Map ..........cooo e 1211
Takumi Kobayashi
LI a0] ool = 1 =t oTfoTo] = Tl ay=To [ o] o T ST OUPPOPSRTR 1220

Mor Dar and Yael Moses

Recurrent Attention Models for Depth-Based Person Identification .............cccoeeiiiiiiiii e 1229
Albert Haque, Alexandre Alahi, and Li Fei-Fei

Learning a Discriminative Null Space for Person Re-identification ... 1239
Li Zhang, Tao Xiang, and Shaogang Gong

Learning Deep Feature Representations with Domain Guided Dropout for Person
RE-IAENTTICALION ...t h ettt h ettt et s bt e et e e bt nbeeean e e bt e nbeeeareere e 1249
Tong Xiao, Hongsheng Li, Wanli Ouyang, and Xiaogang Wang

How Far are We from Solving Pedestrian DeteCtion? ..........occei i 1259
Shanshan Zhang, Rodrigo Benenson, Mohamed Omran, Jan Hosang, and Bernt Schiele

Similarity Learning with Spatial Constraints for Person Re-identification ..............ccccociiiiiiiiii e, 1268
Dapeng Chen, Zejian Yuan, Badong Chen, and Nanning Zheng

Sample-Specific SVM Learning for Person Re-identification ...........c..ooooiiiiiiir e 1278
Ying Zhang, Baohua Li, Huchuan Lu, Atshushi Irie, and Xiang Ruan

Joint Learning of Single-Image and Cross-Image Representations for Person
R To =T a1 1 Ter=1 1] o I USSP 1288
Faqiang Wang, Wangmeng Zuo, Liang Lin, David Zhang, and Lei Zhang

A Multi-level Contextual Model for Person Recognition in Photo AIDUMS .........cccciiiiiiiiiie e 1297
Haoxiang Li, Jonathan Brandt, Zhe Lin, Xiaohui Shen, and Gang Hua

xiii

AXON EXHIBIT 1036, Page 12
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Unsupervised Cross-Dataset Transfer Learning for Person Re-identification .............cccoooiiiiiiicic e, 1306
Peixi Peng, Tao Xiang, Yaowei Wang, Massimiliano Pontil, Shaogang Gong,
Tiejun Huang, and Yonghong Tian

Pedestrian Detection Inspired by Appearance Constancy and Shape Symmetry .........ccccooviiiiiiiiieeeniec e, 1316
Jiale Cao, Yanwei Pang, and Xuelong Li

Recurrent Convolutional Network for Video-Based Person Re-identification ................oouvvuieiiiiiiiiiiiiieeeee 1325
Niall McLaughlin, Jesus Martinez del Rincon, and Paul Miller

Person Re-identification by Multi-Channel Parts-Based CNN with Improved Triplet Loss
UV (oo RS SSR 1335
De Cheng, Yihong Gong, Sanping Zhou, Jinjun Wang, and Nanning Zheng

Top-Push Video-Based Person Re-identifiCation ..............coooiiiiiiiiiiiiii ettt 1345
Jinjie You, Ancong Wu, Xiang Li, and Wei-Shi Zheng
Improving Person Re-identification via Pose-Aware Multi-shot Matching ............cccooioiiiiiiiiiii e 1354

Yeong-Jun Cho and Kuk-Jin Yoon

Hierarchical Gaussian Descriptor for Person Re-identification ... 1363
Tetsu Matsukawa, Takahiro Okabe, Einoshin Suzuki, and Yoichi Sato

STCT: Sequentially Training Convolutional Networks for Visual Tracking ........ccccccoovviiiiiiiieiiiiie e 1373
Lijun Wang, Wanli Ouyang, Xiaogang Wang, and Huchuan Lu

Determining Occlusions from Space and Time Image ReCONSIrUCHONS ..........cooiiiiiiiiriiiie e 1382
Juan-Manuel Pérez-Rua, Tomas Crivelli, Patrick Bouthemy, and Patrick Pérez

Online Multi-object Tracking via Structural Constraint Event Aggregation ............ceeiviiiieeiiiecesceeec e 1392
Ju Hong Yoon, Chang-Ryeol Lee, Ming-Hsuan Yang, and Kuk-Jin Yoon

Staple: Complementary Learners for Real-Time Tracking ..........cooceiiiiiiiiiiiiie e 1401
Luca Bertinetto, Jack Valmadre, Stuart Golodetz, Ondrej Miksik, and Philip H. S. Torr

Robust Optical Flow Estimation of Double-Layer Images under Transparency
Lol 2= (=1 o] o [T URRUPPSRR: 1410
Jiaolong Yang, Hongdong Li, Yuchao Dai, and Robby T. Tan

Siamese Instance SEarch fOr TraCKING .......c.ciiiuiiiiiiiiiie ettt e e e et e e e s eab e e e e e s e tneeeeeeasraeeaesannsees 1420
Ran Tao, Efstratios Gavves, and Arnold W. M. Smeulders

Adaptive Decontamination of the Training Set: A Unified Formulation for Discriminative
AV AU T I =T g T OO OSSP ST PURR PP 1430
Martin Danelljan, Gustav Hager, Fahad Shahbaz Khan, and Michael Felsberg

3D Part-Based Sparse Tracker with Automatic Synchronization and Registration .............cccoiiiiiiiiii e 1439
Adel Bibi, Tianzhu Zhang, and Bernard Ghanem

Recurrently Target-Atending TraCKing .......oo i e e e e e e s 1449
Zhen Cui, Shengtao Xiao, Jiashi Feng, and Shuicheng Yan

Structured Regression Gradient BOOSHING ..........coiiiiiiiiiiiie e e 1459
Ferran Diego and Fred A. Hamprecht

Loss Functions for Top-k Error: Analysis and INSIGhtS ........ccociiiiiiiiiii e e 1468
Maksim Lapin, Matthias Hein, and Bernt Schiele

Xiv

AXON EXHIBIT 1036, Page 13
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Metric Learning as Convex Combinations of Local Models with Generalization
LU= =T (=TSSR 1478
Valentina Zantedeschi, Rémi Emonet, and Marc Sebban

Efficient Training of Very Deep Neural Networks for Supervised Hashing .............occooiiiiii e 1487
Ziming Zhang, Yuting Chen, and Venkatesh Saligrama

Information Bottleneck Learning Using Privileged Information for Visual Recognition .............ccocccviiieeiiiiiiiiee e, 1496
Saeid Motiian, Marco Piccirilli, Donald A. Adjeroh, and Gianfranco Doretto

Oral & Spotlight Session 2-1A

02-1A: Recognition and Parsing in 3D

3D Action Recognition from NOVEl VIEWPOINES ........eiiiiiiiiiie et e e e e e 1506
Hossein Rahmani and Ajmal Mian

3D Shape ATIIDULES ......eeeeiiiie et ettt e e bt e e b et e e et e e be e e et n e e s e e e ne e e enn e 1516
David F. Fouhey, Abhinav Gupta, and Andrew Zisserman

Three-Dimensional Object Detection and Layout Prediction Using Clouds of Oriented

LT = o 1Y o S 1525
Zhile Ren and Erik B. Sudderth

3D Semantic Parsing of Large-Scale INAOOr SPACES ..........ueiiiiiiiiie et 1534
Iro Armeni, Ozan Sener, Amir R. Zamir, Helen Jiang, loannis Brilakis, Martin Fischer,
and Silvio Savarese

Dense Human Body Correspondences Using Convolutional Networks ...........ccoociiiiiriiiie e 1544
Lingyu Wei, Qixing Huang, Duygu Ceylan, Etienne Vouga, and Hao Li

S2-1A: Recognition Beyond Objects

Geometry-Informed Material RECOGNILION ...........iiiiiiiiii e e 1554
Joseph Degol, Mani Golparvar-Fard, and Derek Hoiem

Towards Open Set DEEP NEIWOTKS ......c..uiiiiiiiiiie e ettt e s bt e et e e sbeeesbeeeabeeeeas 1563
Abhijit Bendale and Terrance E. Boult

What's Wrong with That Object? Identifying Images of Unusual Objects by Modelling

the Detection Score DiStriDULION ..........ooo ettt e e ettt e e e e et e e e e e e enaeeeaeeannnneeaeaanns 1573
Peng Wang, Lingqgiao Liu, Chunhua Shen, Zi Huang, Anton van den Hengel,
and Heng Tao Shen

Large-Scale Location Recognition and the Geometric Burstiness Problem ...........c.ccccviiieiiiiiiie e 1582
Torsten Sattler, Michal Havlena, Konrad Schindler, and Marc Pollefeys

Regularity-Driven Building Facade Matching between Aerial and Street VIews ..o 1591
Mark Wolff, Robert T. Collins, and Yanxi Liu

Do Computational Models Differ Systematically from Human Object Perception? ............ccooeeiiiiiiieiiiec e, 1601
R. T. Pramod and S. P. Arun

XV

AXON EXHIBIT 1036, Page 14
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Oral & Spotlight Session 2-1B

02-1B: Image Processing and Restoration

Contour Detection in Unstructured 3D POiNt CIOUAS ..........coooiiiiiiiiiieee et e e e e et e e e e e e aaeaeeeees 1610
Timo Hackel, Jan D. Wegner, and Konrad Schindler

Unsupervised Learning Of EAGES ....cooiuiiiiiiieiiieeeie ettt ettt e et e st e e st e e e mee e e saeeeeaseeeeanneeeaneeeeneeeeneeeaneeas 1619
Yin Li, Manohar Paluri, James M. Rehg, and Piotr Dollar

Blind Image Deblurring Using Dark Channel PriOr ... ... e e 1628
Jinshan Pan, Deqing Sun, Hanspeter Pfister, and Ming-Hsuan Yang

Deeply-Recursive Convolutional Network for Image Super-Resolution ...........ccocueiiiiiiiiiee e 1637
Jiwon Kim, Jung Kwon Lee, and Kyoung Mu Lee

Accurate Image Super-Resolution Using Very Deep Convolutional Networks ...........cccocceeiiiiniee i, 1646
Jiwon Kim, Jung Kwon Lee, and Kyoung Mu Lee

S$2-1B: Image Processing and Restoration

RAW Image Reconstruction Using a Self-Contained sRGB-JPEG Image with Only 64
L= T Y= 4 1o o TSP 1655
Rang M. H. Nguyen and Michael S. Brown

Group MAD Competition? A New Methodology to Compare Objective Image Quality

Kede Ma, Qingbo Wu, Zhou Wang, Zhengfang Duanmu, Hongwei Yong, Hongliang Li,
and Lei Zhang

N[ E (oTer= B[4 gF= o [ B 1=1 o F= Vi o o [ PSPPI 1674
Dana Berman, Tali Treibitz, and Shai Avidan

A Holistic Approach to Cross-Channel Image Noise Modeling and Its Application
(o [ F=To [c R B 1=t g Vo] 53T IO U SRR OPSPTR 1683
Seonghyeon Nam, Youngbae Hwang, Yasuyuki Matsushita, and Seon Joo Kim

Multispectral Images Denoising by Intrinsic Tensor Sparsity Regularization ............ccccooivviiiiiiii e, 1692
Qi Xie, Qian Zhao, Deyu Meng, Zongben Xu, Shuhang Gu, Wangmeng Zuo, and Lei Zhang

A Comparative Study for Single Image Blind DebIUMTING ........c.oooiiiiiiiii e 1701
Wei-Sheng Lai, Jia-Bin Huang, Zhe Hu, Narendra Ahuja, and Ming-Hsuan Yang

Poster Session P2-1

Spatiotemporal Bundle Adjustment for Dynamic 3D ReCONSIIUCHION ..........coooviiiiiiieiiiiiie e 1710
Minh Vo, Srinivasa G. Narasimhan, and Yaser Sheikh

Inextensible Non-Rigid Shape-from-Motion by Second-Order Cone Programming ..........cccoeoveiiieiiiieeiniee e, 1719
Ajad Chhatkuli, Daniel Pizarro, Toby Collins, and Adrien Bartoli

Optimal Relative Pose with Unknown COrreSPONAENCES ........c..eiiiuiiiiiiiieiiiie ettt 1728
Johan Fredriksson, Viktor Larsson, Carl Olsson, and Fredrik Kahl

xvi

AXON EXHIBIT 1036, Page 15
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Homography Estimation from the Common Self-Polar Triangle of Separate EIlipSes .........ccccoveiiiieeiiiiiiiee e, 1737
Haifei Huang, Hui Zhang, and Yiu-Ming Cheung

Heterogeneous Light FIEIAS ...... ... oottt e e e b e e e e e e e e e e e eneeeee s 1745
Maximilian Diebold, Bernd Jdhne, and Alexander Gatto

A Consensus-Based Framework for Distributed Bundle Adjustment ..o 1754
Anders Eriksson, John Bastian, Tat-Jun Chin, and Mats Isaksson

Globally Optimal Manhattan Frame Estimation in Real-Time ..........cccooiiiiiiiii i 1763
Kyungdon Joo, Tae-Hyun Oh, Junsik Kim, and In So Kweon

Mirror Surface Reconstruction under an Uncalibrated Camera ............oooeveeeiiiiiiie e 1772
Kai Han, Kwan-Yee K. Wong, Dirk Schnieders, and Miaomiao Liu

A Hole Filling Approach Based on Background Reconstruction for View Synthesis in 3D

Guibo Luo, Yuesheng Zhu, Zhaotian Li, and Liming Zhang

A Direct Least-Squares Solution to the PnP Problem with Unknown Focal Length ...........ccocccoiiiiiiiiiniiiee e, 1790
Yingiang Zheng and Laurent Kneip

Efficient Intersection of Three Quadrics and Applications in Computer ViSion ..........ccccvieveiiiiiiiee e 1799
Zuzana Kukelova, Jan Heller, and Andrew Fitzgibbon

Using Spatial Order to Boost the Elimination of Incorrect Feature Matches .............ccccooiiiiiiiiiiii e, 1809
Lior Talker, Yael Moses, and llan Shimshoni

A Probabilistic Framework for Color-Based Point Set Registration ............ccccooiiiiiiiii e 1818
Martin Danelljan, Giulia Meneghetti, Fahad Shahbaz Khan, and Michael Felsberg

Blind Image Deconvolution by Automatic Gradient Activation ... 1827
Dong Gong, Mingkui Tan, Yanning Zhang, Anton van den Hengel, and Qinfeng Shi

PSyCo: Manifold Span Reduction for Super RESOIULION ...........cccuiiiiiiiiiiie e 1837
Eduardo Pérez-Pellitero, Jordi Salvador, Javier Ruiz-Hidalgo, and Bodo Rosenhahn

Parametric Object MOtioN frOM BIUF ...........oii ettt e et e et e e et e e e ane e e e naeeeenneeeneeeenneeas 1846
Jochen Gast, Anita Sellent, and Stefan Roth

Image Deblurring Using Smartphone Inertial SENSOIS .........ccciiiiiiiiiiiiii e e 1855
Zhe Hu, Lu Yuan, Stephen Lin, and Ming-Hsuan Yang

Seven Ways to Improve Example-Based Single Image Super Resolution ..o 1865
Radu Timofte, Rasmus Rothe, and Luc Van Gool

Real-Time Single Image and Video Super-Resolution Using an Efficient Sub-Pixel

Convolutional NEUFal NEIWOIK ...ttt ettt e e e et e e e e ek beeea e e e neeeeaeeasneeeaeaannneeaaeaannnees 1874
Wenzhe Shi, Jose Caballero, Ferenc Huszar, Johannes Totz, Andrew P. Aitken,
Rob Bishop, Daniel Rueckert, and Zehan Wang

They are Not Equally Reliable: Semantic Event Search Using Differentiated Concept
ClASSIfIEIS ...ttt ettt e btk h e e R e R e e R et e E et e bt e e e e e e he e e e bt e s nr e e e ne e e nnneenanee 1884
Xiaojun Chang, Yao-Liang Yu, Yi Yang, and Eric P. Xing

Going Deeper into First-Person Activity RECOGNItION ........coouiiiiiiiiiii e 1894
Minghuang Ma, Haoqi Fan, and Kris M. Kitani

xvii

AXON EXHIBIT 1036, Page 16
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Cascaded Interactional Targeting Network for Egocentric Video Analysis .........c.cccooiiiiiiieiiiiiiiieee e 1904
Yang Zhou, Bingbing Ni, Richang Hong, Xiaokang Yang, and Qi Tian

Fast Temporal Activity Proposals for Efficient Detection of Human Actions

(1o o] 1y T o] aaT=To MY Ao [=To - USSR 1914
Fabian Caba Heilbron, Juan Carlos Niebles, and Bernard Ghanem

Discriminative Hierarchical Rank Pooling for Activity RECOgGNItioN ...........cccoiiiiiiiiiiii e 1924
Basura Fernando, Peter Anderson, Marcus Hutter, and Stephen Gould

Convolutional Two-Stream Network Fusion for Video Action Recognition .............cccoeriiviiriiie e 1933
Christoph Feichtenhofer, Axel Pinz, and Andrew Zisserman

Learning Activity Progression in LSTMs for Activity Detection and Early Detection ..........cccccccooiiiiieiiniicne, 1942
Shugao Ma, Leonid Sigal, and Stan Sclaroff

VLAD3: Encoding Dynamics of Deep Features for Action Recognition ............cccccvevieiiiiiiiee e 1951
Yingwei Li, Weixin Li, Vijay Mahadevan, and Nuno Vasconcelos

A Multi-stream Bi-directional Recurrent Neural Network for Fine-Grained Action

[ 1=Y =To3 (o] [N 1961
Bharat Singh, Tim K. Marks, Michael Jones, Oncel Tuzel, and Ming Shao

A Hierarchical Deep Temporal Model for Group Activity RECOGNItioN ..........c.coiiiiiiiiiiii e 1971
Mostafa S. Ibrahim, Srikanth Muralidharan, Zhiwei Deng, Arash Vahdat, and Greg Mori

A Hierarchical Pose-Based Approach to Complex Action Understanding Using

Dictionaries of Actionlets and MOtION POSEIEES ..........oovviiieiiee e e e e e e e e 1981
Ivan Lillo, Juan Carlos Niebles, and Alvaro Soto

A Key Volume Mining Deep Framework for ACtion RECOGNItION ..........eoiiiiiiiiiiiiieiiee e 1991
Wangjiang Zhu, Jie Hu, Gang Sun, Xudong Cao, and Yu Qiao

Improved Hamming Distance Search Using Variable Length Hashing ............ccoociiiiiiiiiiine e 2000
Eng-Jon Ong and Miroslaw Bober

Shortlist Selection with Residual-Aware Distance Estimator for K-Nearest Neighbor
S TCT o] o [PPSR 2009
Jae-Pil Heo, Zhe Lin, Xiaohui Shen, Jonathan Brandt, and Sung-Eui Yoon

Supervised Quantization for Similarity SEAICH .........coui i s 2018
Xiaojuan Wang, Ting Zhang, Guo-Jun Qi, Jinhui Tang, and Jingdong Wang

Efficient Large-Scale Approximate Nearest Neighbor Search onthe GPU ... 2027
Patrick Wieschollek, Oliver Wang, Alexander Sorkine-Hornung, and Hendrik P. A. Lensch

Collaborative Quantization for Cross-Modal Similarity S€arch ..........c.coooiiiiiiii e 2036
Ting Zhang and Jingdong Wang

Aggregating Image and Text Quantized Correlated COMPONENLS .........cceiiiiiiiiiiiiii e 2046
Thi Quynh Nhi Tran, Hervé Le Borgne, and Michel Crucianu

Efficient Indexing of Billion-Scale Datasets of Deep DeSCrIPLOrS ..........oooiiiiiiiiiiiiiiie e 2055
Artem Babenko Yandex and Victor Lempitsky

Deep Supervised Hashing for Fast Image RetrieVal .............ooooiiiiiii it 2064
Haomiao Liu, Ruiping Wang, Shiguang Shan, and Xilin Chen

xviii

AXON EXHIBIT 1036, Page 17
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Efficient Large-Scale Similarity Search Using Matrix Factorization ............ccoc.eiiiiiiiiiii e 2073
Ahmet Iscen, Michael Rabbat, and Teddy Furon

Incremental Object Discovery in Time-Varying Image CollECONS ...........ccoiiiiiiiiiiieee e 2082
Theodora Kontogianni, Markus Mathias, and Bastian Leibe

Detecting Migrating Birds @t NIgNt .........oooiiiiii et 2091
Jia-Bin Huang, Rich Caruana, Andrew Farnsworth, Steve Kelling, and Narendra Ahuja

When Naive Bayes Nearest Neighbors Meet Convolutional Neural Networks ..........ccoccveiiiiiiiieeiiiee e 2100
lljia Kuzborskij, Fabio Maria Carlucci, and Barbara Caputo

Traffic-Sign Detection and Classification in the Wild ..o 2110
Zhe Zhu, Dun Liang, Songhai Zhang, Xiaolei Huang, Baoli Li, and Shimin Hu

Large Scale Semi-Supervised Object Detection Using Visual and Semantic Knowledge

LI = 1015 =T SO RRUOTRRR 2119
Yuxing Tang, Josiah Wang, Boyang Gao, Emmanuel Dellandréa, Robert Gaizauskas,
and Liming Chen

Exploit All the Layers: Fast and Accurate CNN Object Detector with Scale Dependent
Pooling and Cascaded RejJection ClIasSifiers ............oiuiiiiiiiiiii e 2129
Fan Yang, Wongun Choi, and Yuangqing Lin

Dictionary Pair Classifier Driven Convolutional Neural Networks for Object Detection ............ccocccvvieeiieiiieenneen. 2138
Keze Wang, Liang Lin, Wangmeng Zuo, Shuhang Gu, and Lei Zhang

Monocular 3D Object Detection for AUtONOMOUS DIIVING ....cccvviiiiiiiiiiiiiie e 2147
Xiaozhi Chen, Kaustav Kundu, Ziyu Zhang, Huimin Ma, Sanja Fidler, and Raquel Urtasun

How Hard Can It Be? Estimating the Difficulty of Visual Search in an Image ..........ccccoviiiiiiii e, 2157
Radu Tudor lonescu, Bogdan Alexe, Marius Leordeanu, Marius Popescu,
Dim P. Papadopoulos, and Vittorio Ferrari

Deep Relative Distance Learning: Tell the Difference between Similar Vehicles ............ccccooiiiiiiiiiic e, 2167
Hongye Liu, Yonghong Tian, Yaowei Wang, Lu Pang, and Tiejun Huang

Eye Tracking fOr EVEIYONE .......coiiiiiiiiii ettt ettt e et e ehe et ek b e e e bt e e e he e e et bt e sne e e e bt e e ebaeenneeesnbeeas 2176
Kyle Krafka, Aditya Khosla, Petr Kellnhofer, Harini Kannan, Suchendra Bhandarkar,
Wojciech Matusik, and Antonio Torralba

Efficient Globally Optimal 2D-to-3D Deformable Shape MatChing ...........ccccooieiiiiiiiiiiie e 2185
Zorah Lahner, Emanuele Rodola, Frank R. Schmidt, Michael M. Bronstein,
and Daniel Cremers

Ambiguity Helps: Classification with Disagreements in Crowdsourced Annotations ..........cc.ccceveeeiiieennieenciee e, 2194
Viktoriia Sharmanska, Daniel Hernandez-Lobato, José Miguel Hernandez-Lobato,
and Novi Quadrianto

A Task-Oriented Approach for Cost-Sensitive RECOGNItION ..........coooiiiiiiiiiiie e 2203
Roozbeh Mottaghi, Hannaneh Hajishirzi, and Ali Farhadi

Refining Architectures of Deep Convolutional Neural NetWOrKs ...........coocoiiiiiiiiiiieie e e 2212
Sukrit Shankar, Duncan Robertson, Yani loannou, Antonio Criminisi, and Roberto Cipolla

iLab-20M: A Large-Scale Controlled Object Dataset to Investigate Deep Learning ...........cccoeeeeiiiiiieeiiiec e 2221
Ali Borji, Saeed Izadi, and Laurent Iti

Xix

AXON EXHIBIT 1036, Page 18
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Recursive Recurrent Nets with Attention Modeling for OCR in the Wild ..........coooiiiiiiiii e, 2231
Chen-Yu Lee and Simon Osindero

Deep Decision Network for Multi-class Image Classification .............cooiiiiiiiii e 2240
Venkatesh N. Murthy, Vivek Singh, Terrence Chen, R. Manmatha, and Dorin Comaniciu

Less is More: Zero-Shot Learning from Online Textual Documents with Noise
RST8] o] o] £ ET] (o] o PRSP 2249
Ruizhi Qiao, Lingqiao Liu, Chunhua Shen, and Anton van den Hengel

Fast Algorithms for Linear and KerNel SVIM+ ... ..o ettt e e e et e e s neeeaneees 2258
Wen Li, Dengxin Dai, Mingkui Tan, Dong Xu, and Luc Van Gool

Oral & Spotlight Session 2-2A

02-2A: Recognition and Labeling

Hierarchically Gated Deep Networks for Semantic Segmentation ............cccoveiiiiiiiii e 2267
Guo-Jun Qi
Deep Structured Scene Parsing by Learning with Image Descriptions ............ccooviiiiiiiiiieeeniee e 2276

Liang Lin, Guangrun Wang, Rui Zhang, Ruimao Zhang, Xiaodan Liang, and Wangmeng Zuo

CNN-RNN: A Unified Framework for Multi-label Image Classification .............cccoiiiiiiiiiiie e 2285
Jiang Wang, Yi Yang, Junhua Mao, Zhiheng Huang, Chang Huang, and Wei Xu

Walk and Learn: Facial Attribute Representation Learning from Egocentric Video
AN CONEXTUAI DATA ...ttt b e bt e ettt e s bt e e et bt e sabe e e sb et e enbeeesabeeesneeeabneenas 2295
Jing Wang, Yu Cheng, and Rogerio Schmidt Feris

CNN-N-Gram for HandwritingWord ReCOGNItION .........cueiiiiiiiiie ettt s e e e e 2305
Arik Poznanski and Lior Wolf

2A: Object Detection 2

Synthetic Data for Text Localisation in Natural IMages ..........ccuiiiiiiiiii et 2315
Ankush Gupta, Andrea Vedaldi, and Andrew Zisserman

End-to-End People Detection in Crowded SCENES ........cccuiiiiiiiiiiie ittt e et sneeesneeas 2325
Russell Stewart, Mykhaylo Andriluka, and Andrew Y. Ng

Real-Time Salient Object Detection with a Minimum Spanning Tree .......c.cooiiiiiiiieie e 2334
Wei-Chih Tu, Shengfeng He, Qingxiong Yang, and Shao-Yi Chien

Local Background Enclosure for RGB-D Salient Object Detection ..............ccccooiiiiiiiiiiiici e 2343
David Feng, Nick Barnes, Shaodi You, and Chris McCarthy

Adaptive Object Detection Using Adjacency and Zoom PrediCtion ...........cccooiiiiiiiiiiec i 2351

Yongxi Lu, Tara Javidi, and Svetlana Lazebnik

Semantic Channels for Fast Pedestrian DEtECON ...........oevviiiii i e e e e e e e e e e e e e eeneaes 2360
Arthur Daniel Costea and Sergiu Nedevschi

G-CNN: An Iterative Grid Based ODbJect DEteCIOr ..........ueiiiiiiiiie e e 2369
Mahyar Najibi, Mohammad Rastegari, and Larry S. Davis

XX

AXON EXHIBIT 1036, Page 19
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Oral & Spotlight Session 2-2B

02-2B: Computational Photography and Faces

Yo 01T 0L = Tt 1 o 1o To [ TSP 2378
Wei Wang, Zhen Cui, Yan Yan, Jiashi Feng, Shuicheng Yan, Xiangbo Shu, and Nicu Sebe

Face2Face: Real-Time Face Capture and Reenactment of RGB Vid€OS ..........cccoocuiiieiiiiiiiiee e 2387
Justus Thies, Michael Zollhéfer, Marc Stamminger, Christian Theobalt,
and Matthias NielBner

Self-Adaptive Matrix Completion for Heart Rate Estimation from Face Videos

(g Lo LYl R T= Y[y o3 @ o g o [ i o =R 2396
Sergey Tulyakov, Xavier Alameda-Pineda, Elisa Ricci, Lijun Yin, Jeffrey F. Cohn,
and Nicu Sebe

Visually INICAIEA SOUNGS ......coiiiiiiiiii ettt et s b et e s b et e et et e sabee e sbe e e aabeeesneeesaneeeanbeeenas 2405

Andrew Owens, Phillip Isola, Josh McDermott, Antonio Torralba, Edward H. Adelson,
and William T. Freeman

Image Style Transfer Using Convolutional Neural NetwWOrKS ...........oocuiiiiiiiiiiiii e 2414
Leon A. Gatys, Alexander S. Ecker, and Matthias Bethge

$2-2B: Computational Photography and Biomedical Applications

Patch-Based Convolutional Neural Network for Whole Slide Tissue Image Classification ............cccccccevienieeenneen. 2424
Le Hou, Dimitris Samaras, Tahsin M. Kurc, Yi Gao, James E. Davis, and Joel H. Saltz

Hedgehog Shape Priors for Multi-Object Segmentation ..............ccoiiiiiiii e 2434
Hossam Isack, Olga Veksler, Milan Sonka, and Yuri Boykov

Latent Variable Graphical Model Selection Using Harmonic Analysis: Applications
to the Human Connectome Project (HCP) ...ttt sttt st e e e bee e 2443
Won Hwa Kim, Hyunwoo J. Kim, Nagesh Adluru, and Vikas Singh

Simultaneous Estimation of Near IR BRDF and Fine-Scale Surface Geometry ..........cccooveriiiieiiiiiiee e 2452
Gyeongmin Choe, Srinivasa G. Narasimhan, and In So Kweon

Do It Yourself Hyperspectral Imaging with Everyday Digital Cameras ............cccoei i 2461
Seoung Wug Oh, Michael S. Brown, Marc Pollefeys, and Seon Joo Kim

Automatic Content-Aware Color and Tone StyliZation ...........ccooiiiiiiiii e e 2470
Joon-Young Lee, Kalyan Sunkavalli, Zhe Lin, Xiaohui Shen, and In So Kweon

Combining Markov Random Fields and Convolutional Neural Networks for Image
g =TS USSR 2479
Chuan Li and Michael Wand

Poster Session P2-2

DCAN: Deep Contour-Aware Networks for Accurate Gland Segmentation ...........ccccceiiiiiiiiiii e, 2487
Hao Chen, Xiaojuan Qi, Lequan Yu, and Pheng-Ann Heng

Xxi

AXON EXHIBIT 1036, Page 20
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Learning to Read Chest X-Rays: Recurrent Neural Cascade Model for Automated

[gaF= e LY ol g To) ¢=1 i o] o NN PSPPSR 2497
Hoo-Chang Shin, Kirk Roberts, Le Lu, Dina Demner-Fushman, Jianhua Yao,
and Ronald M Summers

Conformal Surface Alignment with Optimal MObius SEarch ...........c.cooiiiiiiiiii e 2507
Huu Le, Tat-Jun Chin, and David Suter
Coupled Harmonic Bases for Longitudinal Characterization of Brain Networks ............cccccccoiiiiiiiiiiiiieeiiee e 2517

Seong Jae Hwang, Nagesh Adluru, Maxwell D. Collins, Sathya N. Ravi,
Barbara B. Bendlin, Sterling C. Johnson, and Vikas Singh

Automating Carotid Intima-Media Thickness Video Interpretation with Convolutional

INEUFAI INBIWOTKS ...ttt e e et e et e e st e e r et e ek r e e s me e e e me e e e se e e snn e e s neeeenneennneesneees 2526
Jae Y. Shin, Nima Tajbakhsh, R. Todd Hurst, Christopher B. Kendall, and Jianming Liang

Context Encoders: Feature Learning by INPainting .........coouiiiiiiiiiii e e 2536
Deepak Pathak, Philipp Kréhenbiihl, Jeff Donahue, Trevor Darrell, and Alexei A. Efros

Comparative Deep Learning of Hybrid Representations for Image Recommendations..............ccocccoiieiiiieniinene 2545
Chenyi Lei, Dong Liu, Weiping Li, Zheng-Jun Zha, and Houqiang Li

Fast ConvNets Using Group-Wise Brain DAmMAQJE ...........c.eeiiiiiiiieeiiieeiee e seee et e e seee et eesteeesnnee e eaeeeenneeesneeesneeas 2554
Vadim Lebedev and Victor Lempitsky

Learning to Co-Generate Object Proposals with a Deep Structured Network ...........cccooiiiviiiiiiiii e 2565
Zeeshan Hayder, Xuming He, and Mathieu Salzmann

DeepFool: A Simple and Accurate Method to Fool Deep Neural Networks ...........ccccoiveiiiiiiiie i 2574
Seyed-Mohsen, Moosavi-Dezfooli, Alhussein Fawzi, and Pascal Frossard

Blockout: Dynamic Model Selection for Hierarchical Deep NetWOrkS ...........cccoeiiiiiiiiiiiiieeree e 2583
Calvin Murdock, Zhen Li, Howard Zhou, and Tom Duerig

FireCaffe: Near-Linear Acceleration of Deep Neural Network Training on Compute
L0 0] (=SSP 2592
Forrest N. landola, Matthew W. Moskewicz, Khalid Ashraf, and Kurt Keutzer

MDL-CW: A Multimodal Deep Learning Framework with CrossSWeights ..........cccccoviiiiiiiiriiie e 2601
Sarah Rastegar, Mahdieh Soleymani Baghshah, Hamid R. Rabiee,
and Seyed Mohsen Shojaee

Structured Receptive FIelds iN CNINS .........oiiiiiii et e et e e e et e e e s e b e e e e e eetseeeeeeessaeeaesanneees 2610
Jérn-Henrik Jacobsen, Jan van Gemert, Zhongyou Lou, and Arnold W. M. Smeulders

First Person Action Recognition Using Deep Learned DeSCriPOrsS ..........cooiiiiiiiiiiiiiiiiie e 2620
Suriya Singh, Chetan Arora, and C. V. Jawahar

Recognizing Micro-Actions and Reactions from Paired Egocentric VIideos ............cccoiiiiiiiiiiiiiiiiee e 2629
Ryo Yonetani, Kris M. Kitani, and Yoichi Sato

Mining 3D Key-Pose-Motifs for ACON RECOGNITION .......coiuiiiiiiiiiiiiee et e e e e e e e esnraeeeas 2639
Chunyu Wang, Yizhou Wang, and Alan L. Yuille

Predicting the Where and What of Actors and Actions through Online Action
[ Tor= |- 1 [o] o [OOSR 2648
Khurram Soomro, Haroon Idrees, and Mubarak Shah

xxii

AXON EXHIBIT 1036, Page 21
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Y1 o) o TSl N =T Eo) (o] 5 g =1 (o T4 F- SRS 2658
Xiaolong Wang, Ali Farhadi, and Abhinav Gupta

Visual Path Prediction in Complex Scenes with Crowded Moving ObjJects .........cccoviiiiiieiiiec e, 2668
Youngjoon Yoo, Kimin Yun, Sangdoo Yun, Jonghee Hong, Hawook Jeong,
and Jin Young Choi

End-to-End Learning of Action Detection from Frame GIimpses in VIdEOS ..........c.cooiuiiiiieiiiiii i 2678
Serena Yeung, Olga Russakovsky, Greg Mori, and Li Fei-Fei

Action Recognition in Video Using Sparse Coding and Relative Features .............cocccoiiiiiiiiiiiici e, 2688
Anali Alfaro, Domingo Mery, and Alvaro Soto

Improving Human Action Recognition by Non-action Classification ... 2698
Yang Wang and Minh Hoai

Actionness Estimation Using Hybrid Fully Convolutional Networks ...........ccociiiiiiiiiiiie e 2708
Limin Wang, Yu Qiao, Xiaoou Tang, and Luc Van Gool

Real-Time Action Recognition with Enhanced Motion Vector CNNS ...........ooiiiiiiiiiie e 2718
Bowen Zhang, Limin Wang, Zhe Wang, Yu Qiao, and Hanli Wang

Laplacian Patch-Based Image SYNTNESIS .........cooiiiiiiii et 2727
Joo Ho Lee, Inchang Choi, and Min H. Kim

Rain Streak Removal USING LAYEr PTIOIS .........oiiiiiiiiiiieiiie ettt ettt ettt e e e et e sneeesneees 2736
Yu Li, Robby T. Tan, Xiaojie Guo, Jiangbo Lu, and Michael S. Brown

Gradient-Domain Image Reconstruction Framework with Intensity-Range
and Base-Structure CONSIIAINTS .........uuuiiiiiiiiiiie e e e e e e e e e e e e e e s e s e b e s e reeeeeeaeaaaaaeaeas 2745
Takashi Shibata, Masayuki Tanaka, and Masatoshi Okutomi

Removing Clouds and Recovering Ground Observations in Satellite Image Sequences
via Temporally Contiguous Robust Matrix COMPIEION ..........cooiiiiiiiii e 2754
Jialei Wang, Peder A. Olsen, Andrew R. Conn, and Aurélie C. Lozano

D3: Deep Dual-Domain Based Fast Restoration of JPEG-Compressed IMages .........ccooveverieeiiieeniiee e 2764
Zhangyang Wang, Ding Liu, Shiyu Chang, Qing Ling, Yingzhen Yang,
and Thomas S. Huang

From Bows to Arrows: Rolling Shutter Rectification of Urban SCENES ..........ccccoeviiiiiiiiiiie e 2773
Vijay Rengarajan, A. N. Rajagopalan, and R. Aravind

A Weighted Variational Model for Simultaneous Reflectance and lllumination Estimation .............ccccccoeiiniiennen. 2782
Xueyang Fu, Delu Zeng, Yue Huang, Xiao-Ping Zhang, and Xinghao Ding

Visualizing and Understanding Deep Texture Representations ............oooiiiiiiiieeiiiiiie e e e a e 2791
Tsung-Yu Lin and Subhransu Maji

Robust Kernel Estimation with Outliers Handling for Image Deblurring ...........ccooiieiiriiie e 2800
Jinshan Pan, Zhouchen Lin, Zhixun Su, and Ming-Hsuan Yang

Online Collaborative Learning for Open-Vocabulary Visual Classifiers ..........ccccciiiiiiiiieie e 2809
Hanwang Zhang, Xindi Shang, Wenzhuo Yang, Huan Xu, Huanbo Luan, and Tat-Seng Chua

Rethinking the Inception Architecture for COmMpPULEr VISION ........cc.eiiiiiiiiiiii e 2818
Christian Szegedy, Vincent Vanhoucke, Sergey loffe, Jon Shlens, and Zbigniew Wojna

xxiii

AXON EXHIBIT 1036, Page 22
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Cross Modal Distillation for SUPErviSion TraNSTEr ...........oiiiiiiiii e e e e e e e eneees 2827
Saurabh Gupta, Judy Hoffman, and Jitendra Malik

Efficient Point Process Inference for Large-Scale Object Detection .............cceiiiiiiiiiiiie e 2837
Trung T. Pham, Seyed Hamid Rezatofighi, lan Reid, and Tat-Jun Chin

Weakly Supervised Deep Detection NEWOIKS ...........iiiiiiiiiiciee ettt e e 2846
Hakan Bilen and Andrea Vedaldi

BORDER: An Oriented Rectangles Approach to Texture-Less Object Recognition ...........cccccvveiiiieiiiiiniiee e, 2855
Jacob Chan, Jimmy Addison Lee, and Qian Kemao

Active Image Segmentation Propagation ...............ooiieeiiire ittt e et s n e e e e e sneeeeneeas 2864
Suyog Dutt Jain and Kristen Grauman

Inside-Outside Net: Detecting Objects in Context with Skip Pooling and Recurrent

N =TE = 1 A =Yoo 4 & PRSP 2874
Sean Bell, C. Lawrence Zitnick, Kavita Bala, and Ross Girshick

RIFD-CNN: Rotation-Invariant and Fisher Discriminative Convolutional Neural

Networks for ODJECE DEECHION ........coiiiiiiiiiie et e et sb et e et e nnreesneees 2884
Gong Cheng, Peicheng Zhou, and Junwei Han

Reinforcement Learning for Visual Object DeteCtion .............oooiiiiiiii i 2894
Stefan Mathe, Aleksis Pirinen, and Cristian Sminchisescu

Detecting Repeating Objects Using Patch Correlation ANalySis ...........coooiiiiiiiiiiiieiie e 2903
Inbar Huberman and Raanan Fattal

Analyzing Classifiers: Fisher Vectors and Deep Neural NetWOrks ..........ccccooiiiiiiiiiiiii e 2912
Sebastian Lapuschkin, Alexander Binder, Grégoire Montavon, Klaus-Robert Miiller,
and Wojciech Samek

Learning Deep Features for Discriminative LOCaliZation ..............coiiiiiiiiiiiiie e e 2921
Bolei Zhou, Aditya Khosla, Agata Lapedriza, Aude Oliva, and Antonio Torralba

Seeing through the Human Reporting Bias: Visual Classifiers from Noisy
[ [0 g P= T O o1 (ol =T oYY £ TSR SPOR 2930
Ishan Misra, C. Lawrence Zitnick, Margaret Mitchell, and Ross Girshick

Learning Aligned Cross-Modal Representations from Weakly Aligned Data ...........ccccoviieeiiieiiie e 2940
Lluis Castrejon, Yusuf Aytar, Carl Vondrick, Hamed Pirsiavash, and Antonio Torralba

A Probabilistic Collaborative Representation Based Approach for Pattern Classification ..............ccocoeviiinicnnnn. 2950
Sijia Cai, Lei Zhang, Wangmeng Zuo, and Xiangchu Feng

Learning Structured Inference Neural Networks with Label Relations ...............cocoooiiiiiiiiiie 2960
Hexiang Hu, Guang-Tong Zhou, Zhiwei Deng, Zicheng Liao, and Greg Mori

Discriminative Multi-modal Feature Fusion for RGBD Indoor Scene Recognition ...........ccceeeeiiiiriieeinee e, 2969
Hongyuan Zhu, Jean-Baptiste Weibel, and Shijian Lu

Conditional Graphical Lasso for Multi-label Image Classification ............c.cciiiiiiiiiein e 2977
Qiang Li, Maoying Qiao, Wei Bian, and Dacheng Tao

Region Ranking SVM for Image ClasSifiCation ..............ooiiiiiiii i e e enraee s 2987
Zijun Wei and Minh Hoai

XXIV

AXON EXHIBIT 1036, Page 23
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Predicting Motivations of Actions by Leveraging TeXt ........coiiiiiiiiiiiiie it 2997
Carl Vondrick, Deniz Oktay, Hamed Pirsiavash, and Antonio Torralba

BoxCars: 3D Boxes as CNN Input for Improved Fine-Grained Vehicle Recognition .............cccooooiiieeiiiiiieeneen, 3006
Jakub Sochor, Adam Herout, and Jiri Havel

Highway Vehicle Counting in Compressed DOMAIN ...........coiiiiiiiiiiiiie et snee s 3016
Xu Liu, Zilei Wang, Jiashi Feng, and Hongsheng Xi

Camera Calibration from Periodic Motion of @ Pedestrian ............ccccviiiiiiiiiiiie e 3025
Shiyao Huang, Xianghua Ying, Jiangpeng Rong, Zeyu Shang, and Hongbin Zha

Oral & Spotlight Session 3-1A

03-1A: Actions and Human Pose

Dynamic Image Networks for Action RECOGNITION .........coiiiiiiiiiie e 3034
Hakan Bilen, Basura Fernando, Efstratios Gavves, Andrea Vedaldi, and Stephen Gould

Detecting Events and Key Actors in Multi-person VIdEOS ..........occueiiiiiiiiiiiiiiee et 3043
Vignesh Ramanathan, Jonathan Huang, Sami Abu-El-Haija, Alexander Gorban,
Kevin Murphy, and Li Fei-Fei

Regularizing Long Short Term Memory with 3D Human-Skeleton Sequences for Action

RL=Te o o 11 (o] o H PSSP PPRR PP 3054
Behrooz Mahasseni and Sinisa Todorovic

Personalizing Human Video P0ose ESHMEAtioN ..........oouiiiiiiiiiiii et 3063
James Charles, Tomas Pfister, Derek Magee, David Hogg, and Andrew Zisserman

End-to-End Learning of Deformable Mixture of Parts and Deep Convolutional Neural

Networks for Human Pose EStIMatioN ...t e e e e e e e e e e e e nneeeee s 3073
Wei Yang, Wanli Ouyang, Hongsheng Li, and Xiaogang Wang

S$3-1A: Activity Recognition

Actor-Action Semantic Segmentation with Grouping Process Models .............cooiiiiiiiiiiiiiiii e 3083
Chenliang Xu and Jason J. Corso

Temporal Action Localization with Pyramid of Score Distribution Features .............cccooiiiiiiiiiiii e, 3093
Jun Yuan, Bingbing Ni, Xiaokang Yang, and Ashraf A. Kassim

Recognizing Activities of Daily Living with a Wrist-Mounted Camera ................oooiiiiiiiii e 3103
Katsunori Ohnishi, Atsushi Kanehira, Asako Kanezaki, and Tatsuya Harada

Harnessing Object and Scene Semantics for Large-Scale Video Understanding ...........cccceeviiiiiiiiiieeiicc e, 3112
Zuxuan Wu, Yanwei Fu, Yu-Gang Jiang, and Leonid Sigal

Video-Story Composition Via PIOt ANAIYSIS ........ooiuiiiiiee ettt e s e e ae e e e e e sneeeeneeas 3122
Jinsoo Choi, Tae-Hyun Oh, and In So Kweon

Temporal Action Detection Using a Statistical Language Model ..............cooiiiiiiiiiiiiiii e 3131
Alexander Richard and Juergen Gall

XXV

AXON EXHIBIT 1036, Page 24
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Oral & Spotlight Session 3-1B

03-1B: Semantic Segmentation

Multi-scale Patch Aggregation (MPA) for Simultaneous Detection and Segmentation ..............cccccveeieiiiiiee e, 3141
Shu Liu, Xiaojuan Qi, Jianping Shi, Hong Zhang, and Jiaya Jia

Instance-Aware Semantic Segmentation via Multi-task Network Cascades ..........ccccccviieeiiiiiiie e, 3150
Jifeng Dai, Kaiming He, and Jian Sun

ScribbleSup: Scribble-Supervised Convolutional Networks for Semantic Segmentation ............cccccoveiiiieiiecee 3159
Di Lin, Jifeng Dai, Jiaya Jia, Kaiming He, and Jian Sun

Feature Space Optimization for Semantic Video Segmentation .............ccccoviiiiiiiiiiiiic e 3168
Abhijit Kundu, Vibhav Vineet, and Vladlen Koltun

Large-Scale Semantic 3D Reconstruction: An Adaptive Multi-resolution Model

for Multi-class VOIUMELriC Labeling ........cocuiiiiiiii ettt 3176
Maros$ Blaha, Christoph Vogel, Audrey Richard, Jan D. Wegner, Thomas Pock,
and Konrad Schindler

$3-1B: Semantic Parsing and Segmentation

Semantic Object Parsing with Local-Global Long Short-Term MemOry ..........cccceiiiiriiii i 3185
Xiaodan Liang, Xiaohui Shen, Donglai Xiang, Jiashi Feng, Liang Lin, and Shuicheng Yan

Efficient Piecewise Training of Deep Structured Models for Semantic Segmentation .............ccccceiiiieiiiiiic e, 3194
Guosheng Lin, Chunhua Shen, Anton van den Hengel, and lan Reid

Learning Transferrable Knowledge for Semantic Segmentation with Deep Convolutional

N =TE T = 1 A=Ay QPSPPI 3204
Seunghoon Hong, Junhyuk Oh, Honglak Lee, and Bohyung Han

The Cityscapes Dataset for Semantic Urban Scene Understanding ...........ccveeiiiiiiiiiiiic e 3213
Marius Cordts, Mohamed Omran, Sebastian Ramos, Timo Rehfeld, Markus Enzweiler,
Rodrigo Benenson, Uwe Franke, Stefan Roth, and Bernt Schiele

Gaussian Conditional Random Field Network for Semantic Segmentation .............ccocciiiiiiii e 3224
Raviteja Vemulapalli, Oncel Tuzel, Ming-Yu Liu, and Rama Chellappa

The SYNTHIA Dataset: A Large Collection of Synthetic Images for Semantic
Segmentation Of UrDan SCENES ........cooiiiiiii ettt st e bt e et sbe e e st e e enee e s 3234
German Ros, Laura Sellart, Joanna Materzynska, David Vazquez, and Antonio M. Lopez

Poster Session P3-1

Progressive Prioritized MUII-VIEW STEIEO .........ooiiiieiie et e et e et e e et e s e e e sneees 3244
Alex Locher, Michal Perdoch, and Luc Van Gool

WarpNet: Weakly Supervised Matching for Single-View Reconstruction .............ccocceiiiiiiiiiiiiciic e 3253
Angjoo Kanazawa, David W. Jacobs, and Manmohan Chandraker

What Sparse Light Field Coding Reveals about Scene StruCture ............oocciiiiiiiiiiic e 3262
Ole Johannsen, Antonin Sulc, and Bastian Goldluecke

XXVi

AXON EXHIBIT 1036, Page 25
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Online Reconstruction of Indoor Scenes from RGB-D Streams .........cccuvviiiiiiiiiiieiei e 3271
Hao Wang, Jun Wang, and Liang Wang

Patches, Planes and Probabilities: A Non-Local Prior for Volumetric 3D Reconstruction ...............cooovvvveeviiceeeeennn. 3280
Ali Osman Ulusoy, Michael J. Black, and Andreas Geiger

Single Image Camera Calibration with Lenticular Arrays for Augmented Reality ...........ccoccoiiiiiiiiicie 3290
lan Schillebeeckx and Robert Pless

Augmented Blendshapes for Real-Time Simultaneous 3D Head Modeling and Facial
1Y/ To] 4[] o W @2=To] (N1 YOO PRSP RPRR PP 3299
Diego Thomas and Rin-Ichiro Taniguchi

Learned Binary Spectral Shape Descriptor for 3D Shape Correspondence ...........occeviiieeeniieiiiee e 3309
Jin Xie, Meng Wang, and Yi Fang
Multiple Models Fitting as a Set Coverage ProbIEm ...........oooiiiiiiii e 3318

Luca Magri and Andrea Fusiello

Piecewise-Planar 3D Approximation from Wide-Baseling Stereo ...........cccoooviiiiiiciiii e 3327
C. Verleysen and C. De Vleeschouwer

Sparse to Dense 3D Reconstruction from Rolling Shutter IMages ... 3337
Olivier Saurer, Marc Pollefeys, and Gim Hee Lee

Consistency of Silhouettes and Their DUAIS ...........cooiiiiiiiiiiee e e e s e e e s et aee e e e senreeeaesennees 3346
Matthew Trager, Martial Hebert, and Jean Ponce

Rolling Shutter Absolute Pose Problem with Known Vertical DIireCtion .............coccvieiiriiieinie e 3355
Cenek Albl, Zuzana Kukelova, and Tomas Pajdla

Uncertainty-Driven 6D Pose Estimation of Objects and Scenes from a Single RGB

Eric Brachmann, Frank Michel, Alexander Krull, Michael Ying Yang, Stefan Gumhold,
and Carsten Rother

Multicamera Calibration from Visible and Mirrored EPIPOIES ..........cooiiiiiiiiiiiiie e 3373
Andrey Bushnevskiy, Lorenzo Sorgi, and Bodo Rosenhahn

Joint Unsupervised Deformable Spatio-Temporal Alignment of SEQUENCES ...........cceeiiiiiiiiiiiiiieeiee e 3382
Lazaros Zafeiriou, Epameinondas Antonakos, Stefanos Zafeiriou, and Maja Pantic

Deep Region and Multi-label Learning for Facial Action Unit Detection ...........c.occvieiieiiie e 3391
Kaili Zhao, Wen-Sheng Chu, and Honggang Zhang

Constrained Joint Cascade Regression Framework for Simultaneous Facial Action Unit
Recognition and Facial Landmark DEteCON ............oiuiiiiiiiiii et 3400
Yue Wu and Qiang Ji

Unconstrained Face Alignment via Cascaded Compositional Learning ...........ccoccueeereriieeenee e 3409
Shizhan Zhu, Cheng Li, Chen Change Loy, and Xiaoou Tang

Automated 3D Face Reconstruction from Multiple Images Using Quality Measures ..........c.cccccvcveeiiieeiiiiennee e, 3418
Marcel Piotraschke and Volker Blanz

Occlusion-Free Face Alignment: Deep Regression Networks Coupled with De-Corrupt
Y8 o] = g Tt o 1= SO 3428
Jie Zhang, Meina Kan, Shiguang Shan, and Xilin Chen

XXVil

AXON EXHIBIT 1036, Page 26
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Multimodal Spontaneous Emotion Corpus for Human Behavior ANalysis ..........cccviiiiiiiiieiiieeieee e 3438
Zheng Zhang, Jeffrey M. Girard, Yue Wu, Xing Zhang, Peng Liu, Umur Ciftci,
Shaun Canavan, Michael Reale, Andrew Horowitz, Huiyuan Yang, Jeffrey F. Cohn,
Qiang Ji, and Lijun Yin

Learning Reconstruction-Based Remote Gaze ESimation ............ccoooiiiiiiiiiiiie e 3447
Pei Yu, Jiahuan Zhou, and Ying Wu

Joint Training of Cascaded CNN for FAce DEteCHON ..........cccoiiiiiiiiiie et eeneee e 3456
Hongwei Qin, Junjie Yan, Xiu Li, and Xiaolin Hu

Facial Expression Intensity Estimation Using Ordinal Information .............ccooueiiiiiiiiiie e 3466
Rui Zhao, Quan Gan, Shangfei Wang, and Qiang Ji

L e o ToET= I o USSP 3475
Bumsub Ham, Minsu Cho, Cordelia Schmid, and Jean Ponce

ProNet: Learning to Propose Object-Specific Boxes for Cascaded Neural Networks ............cccoooiiieeiiiiieeneen, 3485
Chen Sun, Manohar Paluri, Ronan Collobert, Ram Nevatia, and Lubomir Bourdev

Seeing Behind the Camera: Identifying the Authorship of a Photograph ... 3494
Christopher Thomas and Adriana Kovashka

Material Classification Using Raw Time-of-Flight Measurements ............cccooiiiiiiiiiiii e 3503
Shuochen Su, Felix Heide, Robin Swanson, Jonathan Klein, Clara Callenberg,
Matthias Hullin, and Wolfgang Heidrich

Weakly Supervised Object Localization with Progressive Domain Adaptation ..........cccccceeiiiiieiiii e 3512
Dong Li, Jia-Bin Huang, Yali Li, Shengjin Wang, and Ming-Hsuan Yang

Newtonian Image Understanding: Unfolding the Dynamics of Objects in Static Images .........cccccceviieeiiiieniieeineen, 3521
Roozbeh Mottaghi, Hessam Bagherinezhad, Mohammad Rastegari, and Ali Farhadi

Identifying Good Training Data for Self-Supervised Free Space Estimation .............ccccooieiiiiiii e, 3530
Ali Harakeh, Daniel Asmar, and Elie Shammas

Learning to Match Aerial Images with Deep Attentive ArchiteCtures ............ooveiiiiiiiiii e 3539
Hani Altwaijry, Eduard Trulls, James Hays, Pascal Fua, and Serge Belongie

Track and Transfer: Watching Videos to Simulate Strong Human Supervision

for Weakly-Supervised ObJECt DEIECHON ..........ii ittt e e seee e e e e e e e e eneeeenneeas 3548
Krishna Kumar Singh, Fanyi Xiao, and Yong Jae Lee

DeepCAMP: Deep Convolutional Action & Attribute Mid-Level Patterns ... 3557
Ali Diba, Ali Mohammad Pazandeh, Hamed Pirsiavash, and Luc Van Gool

Canny Text Detector: Fast and Robust Scene Text Localization Algorithm ..o 3566
Hojin Cho, Myungchul Sung, and Bongjin Jun

Temporal Multimodal Learning in Audiovisual Speech Recognition ............c.ccoooiiiiiiriiie e 3574
Di Hu, Xuelong Li, and Xiaoqiang Lu

Recovering 6D Object Pose and Predicting Next-Best-View in the Crowd ............ccocciiiiiiiiiiiiiec e 3583
Andreas Doumanoglou, Rigas Kouskouridas, Sotiris Malassiotis, and Tae-Kyun Kim

Robust 3D Hand Pose Estimation in Single Depth Images: From Single-View CNN

£O MUILIEVIEW CININS .ottt e oo e e e e ettt e e eeeeeeaeeeeeeeae s aastssaseseeeeeeeeaeeeeseseasssssssssssssnnnnesaeaeeseeanns 3593
Liuhao Ge, Hui Liang, Junsong Yuan, and Daniel Thalmann

XXViii

AXON EXHIBIT 1036, Page 27
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Semantic Segmentation with Boundary Neural Fields ..o e 3602
Gedas Bertasius, Jianbo Shi, and Lorenzo Torresani

HD Maps: Fine-Grained Road Segmentation by Parsing Ground and Aerial Images .........c.ccccovivviiieeiieeniiee e, 3611
Gellért Méttyus, Shenlong Wang, Sanja Fidler, and Raquel Urtasun

DAG-Recurrent Neural Networks for Scene Labeling .........coocueiiiiiiiiiiiii e 3620
Bing Shuai, Zhen Zuo, Bing Wang, and Gang Wang

Saliency Guided Dictionary Learning for Weakly-Supervised Image Parsing ..........ccccveviieriiieeiniicneee e 3630
Baisheng Lai and Xiaojin Gong

Attention to Scale: Scale-Aware Semantic Image Segmentation ..o 3640
Liang-Chieh Chen, Yi Yang, Jiang Wang, Wei Xu, and Alan L. Yuille

Scene Labeling Using Sparse PrecCiSion MatriX ...........c.eiiiiiiiiiiiie et 3650
Nasim Souly and Mubarak Shah

lterative INStaNCe SEGMENTALION ........ccuiiiii i e e e e e e et e e e e s e tae e e e e satraeeeeeasssaeaeeeannraeaens 3659
Ke Li, Bharath Hariharan, and Jitendra Malik

Recurrent Attentional Networks for Saliency DeteCHON .........cc.eiiiiiiiiiie e e 3668
Jason Kuen, Zhenhua Wang, and Gang Wang

Instance-Level Video Segmentation from ObJect Tracks ...........oocueiiiiiiiiiiiiiie e 3678
Guillaume Seguin, Piotr Bojanowski, Rémi Lajugie, and Ivan Laptev

Semantic Instance Annotation of Street Scenes by 3D to 2D Label Transfer ..o 3688
Jun Xie, Martin Kiefel, Ming-Ting Sun, and Andreas Geiger

Amplitude Modulated Video Camera - Light Separation in Dynamic SCENES .........ccccvriiiieiiiie i 3698
Amir Kolaman, Maxim Lvov, Rami Hagege, and Hugo Guterman

A Benchmark Dataset and Evaluation for Non-Lambertian and Uncalibrated

g 1101 (T 0 TSY (ToRS] (=Y =Y LR 3707
Boxin Shi, Zhe Wu, Zhipeng Mo, Dinglong Duan, Sai-Kit Yeung, and Ping Tan

Depth from Semi-Calibrated Stereo and DEfOCUS ..........cccuiiiiiiiiiiii e 3717
Ting-Chun Wang, Manohar Srikanth, and Ravi Ramamoorthi

Exploiting Spectral-Spatial Correlation for Coded Hyperspectral Image Restoration ............ccccoeviiiieiiiciiec i, 3727
Ying Fu, Yinqiang Zheng, Imari Sato, and Yoichi Sato

Variable Aperture Light Field Photography: Overcoming the Diffraction-Limited
Spatio-Angular ResolUtion Tradoff ....... ..ot e et e e e e s e e e nne e e eneeeennes 3737
Julie Chang, Isaac Kauvar, Xuemei Hu, and Gordon Wetzstein

Convolutional Networks for Shape from Light Field ...........c.cooiiiiiii e 3746
Stefan Heber and Thomas Pock

Panoramic Stereo Videos with @ SiNgle CamEra ...........cocciiiiiiiiiiiiie et e e e e e e e e e e esnraeaens 3755
Rajat Aggarwal, Amrisha Vohra, and Anoop M. Namboodiri

The Next Best UNAEIWALET VIBW .........coooiiiiiiieicceee ettt ettt e e e e e e e e e e e e e e e et eaeeeeeeaeeeeeresassanaaas 3764
Mark Sheinin and Yoav Y. Schechner

Reconstructing Shapes and Appearances of Thin Film Objects Using RGB Images ........cccccevvveeiiieeiiiee e, 3774
Yoshie Kobayashi, Tetsuro Morimoto, Imari Sato, Yasuhiro Mukaigawa, Takao Tomono,
and Katsushi lkeuchi

XXIX

AXON EXHIBIT 1036, Page 28
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Noisy Label Recovery for Shadow Detection in Unfamiliar DOmains .............ccccviiiiiiiiii i 3783
Tomas F. Yago Vicente, Minh Hoai, and Dimitris Samaras

Oral & Spotlight Session 3-2A

03-2A: Video Understanding

Deep Hand: How to Train a CNN on 1 Million Hand Images When Your Data
is Continuous and WeakIly Labelled .............oooiiiiiiiiiiii ettt 3793
Oscar Koller, Hermann Ney, and Richard Bowden

Recognizing Car FIUENTS frOM VA0 ......c.uiiiiiiiiiii ettt e et sneeesneeas 3803
Bo Li, Tianfu Wu, Caiming Xiong, and Song-Chun Zhu

Pairwise Decomposition of Image Sequences for Active Multi-view Recognition ............ccccoooiiiiiiiieeinee e, 3813
Edward Johns, Stefan Leutenegger, and Andrew J. Davison

Inferring Forces and Learning Human Utilities from VIdEOS ..........c.cooiiiiiiiiiiiiic e 3823
Yixin Zhu, Chenfanfu Jiang, Yibiao Zhao, Demetri Terzopoulos, and Song-Chun Zhu

Force from Motion: Decoding Physical Sensation in a First Person Video ..........c.ccoooiiiiiiiiiiiiiiececc e, 3834
Hyun Soo Park, Jyh-Jing Hwang, and Jianbo Shi

8$3-2A: Video Analysis 2

Robust Multi-Body Feature Tracker: A Segmentation-Free Approach ...........cccoooiieiiii e 3843
Pan Ji, Hongdong Li, Mathieu Salzmann, and Yiran Zhong

Slow and Steady Feature Analysis: Higher Order Temporal Coherence in Video ..........cccccceiiiiiiiiiiiiieciniec e 3852
Dinesh Jayaraman and Kristen Grauman

Volumetric 3D Tracking DY DELECHION .......ccoiuiiiiiiiiiie ettt sttt e et e e sbe e e sneeeabeeenas 3862
Chun-Hao Huang, Benjamin Allain, Jean-Sébastien Franco, Nassir Navab, Slobodan llic,
and Edmond Boyer

The Solution Path Algorithm for Identity-Aware Multi-object Tracking ...........ccocoviiiiiiiiii e 3871

Shoou-I Yu, Deyu Meng, Wangmeng Zuo, and Alexander Hauptmann

In Defense of Sparse Tracking: Circulant SParse TracCKer ..........cc.cuoiiiiiiiiiiiiee e 3880
Tianzhu Zhang, Adel Bibi, and Bernard Ghanem

Optical Flow with Semantic Segmentation and Localized Layers ...........cooouiiiiiiriiiee e 3889
Laura Sevilla-Lara, Deqing Sun, Varun Jampani, and Michael J. Black

Video Segmentation Via ODJECE FIOW .........eiiiiiiiiiic ettt 3899
Yi-Hsuan Tsai, Ming-Hsuan Yang, and Michael J. Black

Oral & Spotlight Session 3-2B

03-2B: Grouping and Optimization Methods

Closed-Form Training of Mahalanobis Distance for Supervised CIUSIEring ...........cceiiiiiiieriiiiee e 3909
Marc T. Law, Yaoliang Yu, Matthieu Cord, and Eric P. Xing

XXX

AXON EXHIBIT 1036, Page 29
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Scalable Sparse Subspace Clustering by Orthogonal Matching Pursuit............cooeiiiiiiiiie e 3918
Chong You, Daniel P. Robinson, and René Vidal

Oracle Based Active Set Algorithm for Scalable Elastic Net Subspace Clustering ...........ccccoiieiiiiiiieeiiee e 3928
Chong You, Chun-Guang Li, Daniel P. Robinson, and René Vidal

Sparse Coding and Dictionary Learning with Linear Dynamical SyStems ..........cccoceiiiiiiiiieciiiece e 3938
Wenbing Huang, Fuchun Sun, Lele Cao, Deli Zhao, Huaping Liu, and Mehrtash Harandi

Sublabel&#8211;Accurate Relaxation of NONCONVEX ENEIGIES .........coiiiiiiiiiiiiiiiiie e 3948
Thomas Moéllenhoff, Emanuel Laude, Michael Moeller, Jan Lellmann, and Daniel Cremers

$3-2B: Statistical Methods and Transfer Learning

The Multiverse Loss for Robust Transfer LEarning ..........coooeeeoiieeiiieiiee e e e s e saee e steeesseeesneeeeneeeeens 3957
Etai Littwin and Lior Wolf

Learning from the Mistakes of Others: Matching Errors in Cross-Dataset Learning ..........cccoccvevieeiiieeiniieninee e, 3967
Viktoriia Sharmanska and Novi Quadrianto

An Efficient Exact-PGA Algorithm for Constant Curvature Manifolds ............cccoiiiiiiiiiiii e 3976
Rudrasis Chakraborty, Dohyung Seo, and Baba C. Vemuri

Online Learning with Bayesian Classification TrEES ..........cciiiiiiiiiiiiee e 3985
Samuel Rota Bulo and Peter Kontschieder

Cross-Stitch Networks for Multi-task LEArNING .........oooiiiiiiie e 3994
Ishan Misra, Abhinav Shrivastava, Abhinav Gupta, and Martial Hebert

Deep Metric Learning via Lifted Structured Feature EMbedding .........ccooceiiiiiiiiiii e 4004
Hyun Oh Song, Yu Xiang, Stefanie Jegelka, and Silvio Savarese

Fast Algorithms for Convolutional Neural NEtWOTKS ...........coiiiiiiiiieiie e e e e e 4013
Andrew Lavin and Scolt Gray

Poster Session P3-2

Coordinating Multiple Disparity Proposals for Stereo Computation ...........c.ccocveiiiiieiiiii e 4022
Ang Li, Dapeng Chen, Yuanliu Liu, and Zejian Yuan

Joint Multiview Segmentation and Localization of RGB-D Images Using Depth-Induced

][ oT0 =) LI 07 0] FT 1] (=3 oSS 4031
Chi Zhang, Zhiwei Li, Rui Cai, Hongyang Chao, and Yong Rui

A Large Dataset to Train Convolutional Networks for Disparity, Optical Flow, and Scene

Lot {0 =[] o USSP 4040
Nikolaus Mayer, Eddy lig, Philip Hadusser, Philipp Fischer, Daniel Cremers,
Alexey Dosovitskiy, and Thomas Brox

6D Dynamic Camera Relocalization from Single Reference Image ..........cocvviiiiiiiiiiiic e 4049
Wei Feng, Fei-Peng Tian, Qian Zhang, and Jizhou Sun

Dense Monocular Depth Estimation in Complex DynamiC SCENES .........ccciiiiiiiiiiiiiiie e 4058
René Rantftl, Vibhav Vineet, Qifeng Chen, and Viadlen Koltun

Using Self-Contradiction to Learn Confidence Measures in Stereo VisSion ............ccoooiviiieinie e 4067
Christian Mostegel, Markus Rumpler, Friedrich Fraundorfer, and Horst Bischof

XXX1

AXON EXHIBIT 1036, Page 30
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Understanding RealWorld Indoor Scenes with Synthetic Data ..o 4077
Ankur Handa, Viorica Patraucean, Vijay Badrinarayanan, Simon Stent, and Roberto Cipolla

Stereo Matching with Color and Monochrome Cameras in Low-Light Conditions ............cccceviieiniiiiicee i 4086
Hae-Gon Jeon, Joon-Young Lee, Sunghoon Im, Hyowon Ha, and In So Kweon

Camera Calibration from Dynamic Silhouettes Using Motion Barcodes ............ccoviiiiiiiiiieiiniicec e 4095
Gil Ben-Artzi, Yoni Kasten, Shmuel Peleg, and Michael Werman

Structure-from-MOtION REVISITEA .......cccoiiiiiiiii et s e e e e et e e e e s e e e e e e s e tseeeeesanssaeeaeeannsees 4104
Johannes L. Schénberger and Jan-Michael Frahm

Constructing Canonical Regions for Fast and Effective View Selection ...........ccccceiiiiiiiiiiiee e 4114
Wencheng Wang and Tianhao Gao

Prior-Less Compressible Structure from MOLON ...........oooiiiii e e s 4123
Chen Kong and Simon Lucey

Rolling Shutter Camera Relative Pose: Generalized Epipolar GEOMELrY ........c.oocviiiiiiiiiiieiiiie e 4132
Yuchao Dai, Hongdong Li, and Laurent Kneip

Structure from Motion With ODBJECES ........iiiiiiie et e et s e et e e e tee e sne e e e e e e eneeeennes 4141
Marco Crocco, Cosimo Rubino, and Alessio Del Bue

DeepHand: Robust Hand Pose Estimation by Completing a Matrix Imputed with Deep
LT 10U =T PSPPI 4150
Ayan Sinha, Chiho Choi, and Karthik Ramani

Multi-oriented Text Detection with Fully Convolutional NetwWorks .............ccoiiiiiiiiieie e 4159
Zheng Zhang, Chengquan Zhang, Wei Shen, Cong Yao, Wenyu Liu, and Xiang Bai

Robust Scene Text Recognition with Automatic Rectification ..o 4168
Baoguang Shi, Xinggang Wang, Pengyuan Lyu, Cong Yao, and Xiang Bai

Mnemonic Descent Method: A Recurrent Process Applied for End-to-End Face

F Y oL 21T o | S RO UPPRPPSPRN: 4177
George Trigeorgis, Patrick Snape, Mihalis A. Nicolaou, Epameinondas Antonakos,
and Stefanos Zafeiriou

Large-Pose Face Alignment via CNN-Based Dense 3D Model Fitting ..........ccccceeiiiiiiiieiiiiiiiee e 4188
Amin Jourabloo and Xiaoming Liu

Adaptive 3D Face Reconstruction from Unconstrained Photo Collections ..............cccccoiiiiiiiiiiiiiee e 4197
Joseph Roth, Yiying Tong, and Xiaoming Liu

Online Detection and Classification of Dynamic Hand Gestures with Recurrent 3D

Convolutional NEUFal NEIWOIKS ........ooiiiiiiiiii ittt e e e st e e e e s st e e e e e ssbeeeaesasbaeeeeeesseseeesanssaeeaeeannsees 4207
Pavlo Molchanov, Xiaodong Yang, Shalini Gupta, Kihwan Kim, Stephen Tyree,
and Jan Kautz

Kinematic Structure Correspondences via Hypergraph Matching ............coooo e 4216
Hyung Jin Chang, Tobias Fischer, Maxime Petit, Martina Zambelli, and Yiannis Demiris

CP-mtML: Coupled Projection Multi-Task Metric Learning for Large Scale Face
REITIEVAL ...ttt et e e e e e e e e eeee et et e ettt e e eeeeeaeeeeee e e e st e e e eaeaeaeeeeererr b aaeaeas 4226
Binod Bhattarai, Gaurav Sharma, and Frederic Jurie

XXXil

AXON EXHIBIT 1036, Page 31
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



PatchBatch: A Batch Augmented Loss for OptiCal FIOW ...........ooiiiiiiiiiiiiii e e 4236
David (Dedi) Gadot and Lior Wolf

Joint Recovery of Dense Correspondence and Cosegmentation in TWO IMages .........ccceviiiiiieeiieeniiee e 4246
Tatsunori Taniai, Sudipta N. Sinha, and Yoichi Sato

Multi-view People Tracking via Hierarchical Trajectory COMPOSItioN ...........cocueiiiiiiiiiiiiiiie e 4256
Yuanlu Xu, Xiaobai Liu, Yang Liu, and Song-Chun Zhu

Object Tracking via Dual Linear Structured SVM and Explicit Feature Map ............ccooviiiiiiiiiieiiee e 4266
Jifeng Ning, Jimei Yang, Shaojie Jiang, Lei Zhang, and Ming-Hsuan Yang

Robust, Real-Time 3D Tracking of Multiple Objects with Similar Appearances ..........ccocccverieiiie e 4275
Taiki Sekii

An Egocentric Look at Video Photographer Identity .......... ..o e 4284

Yedid Hoshen and Shmuel Peleg

Learning Multi-domain Convolutional Neural Networks for Visual Tracking ...........ccocceeiiieiiiiiiiiieeeee e, 4293
Hyeonseob Nam and Bohyung Han

[ l=Tolo LT Lo o R I =Tl (o T I PSPPI 4303
Yuankai Qi, Shengping Zhang, Lei Qin, Hongxun Yao, Qingming Huang, Jongwoo Lim,
and Ming-Hsuan Yang

Structural Correlation Filter for Robust Visual Tracking ..........ccoooiiiiiiiiiii e 4312
Si Liu, Tianzhu Zhang, Xiaochun Cao, and Changsheng Xu

Visual Tracking Using Attention-Modulated Disintegration and Integration ..............ccccoiiiiiii e 4321
Jongwon Choi, Hyung Jin Chang, Jiyeoup Jeong, Yiannis Demiris, and Jin Young Choi

A Continuous Occlusion Model for Road Scene Understanding ...........cocoveeiiiieiiiieniiee e 4331
Vikas Dhiman, Quoc-Huy Tran, Jason J. Corso, and Manmohan Chandraker

VirtualWorlds as Proxy for Multi-object Tracking ANalYSis ...........cooiiiiiiiiii e 4340
Adrien Gaidon, Qiao Wang, Yohann Cabon, and Eleonora Vig

Uncalibrated Photometric Stereo by Stepwise Optimization Using Principal
Components of [SOtropic BRDFS ... e s s 4350
Keisuke Midorikawa, Toshihiko Yamasaki, and Kiyoharu Aizawa

Unbiased Photometric Stereo for Colored Surfaces: A Variational Approach ...........ccccovieeiiiiiiiiee e 4359
Yvain Quéau, Roberto Mecca, and Jean-Denis Durou

3D Reconstruction of Transparent Objects with Position-Normal Consistency ............cccovieiiiieiiiiiiieeee e 4369
Yiming Qian, Minglun Gong, and Yee-Hong Yang

Real-Time Depth Refinement for Specular ObJECES ...........ooiiiiiiiii e 4378
Roy Or-El, Rom Hershkovitz, Aaron Wetzler, Guy Rosman, Alfred M. Bruckstein,
and Ron Kimmel

Recovering Transparent Shape from Time-of-Flight Distortion ..o 4387
Kenichiro Tanaka, Yasuhiro Mukaigawa, Hiroyuki Kubo, Yasuyuki Matsushita,
and Yasushi Yagi

Robust Light Field Depth Estimation for Noisy Scene with OCCIUSION ..........ccueiiiiiiiiiiiiie e 4396
Williem and In Kyu Park

XXXiii

AXON EXHIBIT 1036, Page 32
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Rotational Crossed-Slit LIght FIEIAS ..........cooiiiiiiiiiiiii et e et e e e s et e e e s trae e e e eanssaeeeeeasnnaeeens 4405
Nianyi Li, Haiting Lin, Bilin Sun, Mingyuan Zhou, and Jingyi Yu

Single Image Object Modeling Based on BRDF and r-Surfaces Learning .........c..cccoeeriieieriniee e 4414
Fabrizio Natola, Valsamis Ntouskos, Fiora Pirri, and Marta Sanzari

A Nonlinear Regression Technique for Manifold Valued Data with Applications

t0 MediCal IMAGE ANGIYSIS .......eeiieiiiiiiee et e et e e e et e e e et et e e e seataeeeeessteeeeaessbaeeee s e ssaeeaesaassseeaesanssneeaeaanns 4424
Monami Banerjee, Rudrasis Chakraborty, Edward Ofori, Michael S. Okun,
David E. Vaillancourt, and Baba C. Vemuri

RAID-G: Robust Estimation of Approximate Infinite Dimensional Gaussian
with Application to Material RECOGNILION .........oiiiiiiiiie et e e e e e e e s e e e e e ssnseeeeeessnneeaeaanes 4433
Qilong Wang, Peihua Li, Wangmeng Zuo, and Lei Zhang

An Empirical Evaluation of Current Convolutional Architectures’ Ability to Manage
Nuisance Location and Scale Variability ............oocoo oo e s 4442
Nikolaos Karianakis, Jingming Dong, and Stefano Soatto

Learning Sparse High Dimensional Filters: Image Filtering, Dense CRFs and Bilateral
N =TU = T A=A PO UPT PP 4452
Varun Jampani, Martin Kiefel, and Peter V. Gehler

Mixture of Bilateral-Projection Two-Dimensional Probabilistic Principal Component
AANAIYSIS ..ttt bbbt e b e e e b et e e R et e b et e e bt e e oAb e e e o b e e e et et nane e e be e e e be e e nneeeeneeas 4462
Fujiao Ju, Yanfeng Sun, Junbin Gao, Simeng Liu, Yongli Hu, and Baocai Yin

Rolling Rotations for Recognizing Human Actions from 3D Skeletal Data ...........cccoooiiiiieeiie e 4471
Raviteja Vemulapalli and Rama Chellappa

Improving the Robustness of Deep Neural Networks via Stability Training ...........ccooviiieiniiic e, 4480
Stephan Zheng, Yang Song, Thomas Leung, and lan Goodfellow

Logistic Boosting Regression for Label Distribution Learning ............coccuiiiiiiiiiiii e 4489
Chao Xing, Xin Geng, and Hui Xue

Efficient Temporal Sequence Comparison and Classification Using Gram Matrix
Embeddings on a Riemannian Manifold ....... ...t a e as 4498
Xikang Zhang, Yin Wang, Mengran Gou, Mario Sznaier, and Octavia Camps

Deep REFIECIANCE IMAPS ....ooiiiiiiiiiiie ettt e e e ettt e e e ettt e e e et beeeeesasaeeeeesansseeeeesanssaeaeseasssaeaesaasnsenaens 4508
Konstantinos Rematas, Tobias Ritschel, Mario Fritz, Efstratios Gavves,
and Tinne Tuytelaars

SEMANTIC FIIEEIING ...ttt e et e bt e e bt e e bt e e e e e e be e e et e e e s ne e e ene e e enn e 4517
Qingxiong Yang

UAVSensor Fusion with Latent-Dynamic Conditional Random Fields in Coronal Plane
L 1 4= (o] o USSP 4527
Amir M. Rahimi, Raphael Ruschell, and B. S. Manjunath

Robust Visual Place Recognition With Graph KEIMEIS ...........cc.oiiiiiiiiiiii e e 4535
Elena Stumm, Christopher Mei, Simon Lacroix, Juan Nieto, Marco Hutter,
and Roland Siegwart

XXXIV

AXON EXHIBIT 1036, Page 33
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Semantic Image Segmentation with Task-Specific Edge Detection Using CNNs and

a Discriminatively Trained Domain TranSfOrM ............oi it e e et eeene e e sneeeeneeeeens 4545
Liang-Chieh Chen, Jonathan T. Barron, George Papandreou, Kevin Murphy,
and Alan L. Yuille

Oral & Spotlight Session 4-1A

04-1A: Image & Video Captioning and Descriptions

Natural Language ODbJEct RELHEVAL ........cc..oiiiiiiiii ettt et s e e b s 4555
Ronghang Hu, Huazhe Xu, Marcus Rohrbach, Jiashi Feng, Kate Saenko, and Trevor Darrell

DenseCap: Fully Convolutional Localization Networks for Dense Captioning ..........cccceereeeerieenniee e 4565
Justin Johnson, Andrej Karpathy, and Li Fei-Fei

Unsupervised Learning from Narrated INStruction VIAEOS ..........cocueiiiiiiiiiiiiic e 4575
Jean-Baptiste Alayrac, Piotr Bojanowski, Nishant Agrawal, and Josef Sivic

Video Paragraph Captioning Using Hierarchical Recurrent Neural Networks ...........cccooviiiiiiiiieeiiiec e 4584
Haonan Yu, Jiang Wang, Zhiheng Huang, Yi Yang, and Wei Xu

Jointly Modeling Embedding and Translation to Bridge Video and Language ............cocceiiiiiiiiiieiiniiiiee e 4594
Yingwei Pan, Tao Mei, Ting Yao, Houqiang Li, and Yong Rui

S4-1A: High Level Semantics

We are Humor Beings: Understanding and Predicting Visual HUMOT ............ccooiiiiiiiii e 4603
Arjun Chandrasekaran, Ashwin K. Vijayakumar, Stanislaw Antol, Mohit Bansal,
Dhruv Batra, C. Lawrence Zitnick, and Devi Parikh

Where to Look: Focus Regions for Visual QUEStion ANSWETING .........civiiiiiiiiiiieieie ittt 4613
Kevin J. Shih, Saurabh Singh, and Derek Hoiem

Ask Me Anything: Free-Form Visual Question Answering Based on Knowledge
Lo o T =TT g A L= TR To T o= 4622
Qi Wu, Peng Wang, Chunhua Shen, Anthony Dick, and Anton van den Hengel

MovieQA: Understanding Stories in Movies through Question-ANSWErING ..........coociiiiiiiiiiieiec e 4631
Makarand Tapaswi, Yukun Zhu, Rainer Stiefelhagen, Antonio Torralba, Raquel Urtasun,
and Sanja Fidler

TGIF: A New Dataset and Benchmark on Animated GIF DeSCription ............cooiuiiiiiiiiiiie e 4641

Yuncheng Li, Yale Song, Liangliang Cao, Joel Tetreault, Larry Goldberg,
Alejandro Jaimes, and Jiebo Luo

Image Captioning with Semantic AHENTION .........occuiiiie e e 4651
Quanzeng You, Hailin Jin, Zhaowen Wang, Chen Fang, and Jiebo Luo

Oral & Spotlight Session 4-1B

XXXV

AXON EXHIBIT 1036, Page 34
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



04-1B: Non-rigid Reconstruction and Motion Analysis

Temporally Coherent 4D Reconstruction of Complex Dynamic SCENES ...........cccoevieiiiiiieiienii e 4660
Armin Mustafa, Hansung Kim, Jean-Yves Guillemaut, and Adrian Hilton

Consensus of Non-rigid RECONSIIUCIONS ...........iiiiiiiiii ettt e et e s e e e e e e enee e e 4670
Minsik Lee, Jungchan Cho, and Songhwai Oh

Isometric Non-rigid Shape-from-Motion in Linear TIMe .........oooi it e e e 4679
Shaifali Parashar, Daniel Pizarro, and Adrien Bartoli

Learning Online Smooth Predictors for Realtime Camera Planning Using Recurrent
1Yot 1] o] o T = - USSP 4688
Jianhui Chen, Hoang M. Le, Peter Carr, Yisong Yue, and James J. Little

Egocentric FUtUre LOCAIZALION ... ittt ettt e e ettt e e e e e nte e e e e e e nnee e e e e eannseeaaeaannneaaans 4697
Hyun Soo Park, Jyh-Jing Hwang, Yedong Niu, and Jianbo Shi

Full Flow: Optical Flow Estimation By Global Optimization over Regular Grids ...........cccoceeiiiiiiiiie e, 4706
Qifeng Chen and Vladlen Koltun

S4-1B: Human Pose Estimation

Structured Feature Learning for Pose EStimation ............ooiiiiiiiii e 4715
Xiao Chu, Wanli Ouyang, Hongsheng Li, and Xiaogang Wang

ConVolUtioNal POSE MACKINES .......ovueiieiiee ettt e e e e e e e e e e et e ettt eaaeeeeaeeeeeeessssabanaaaeaaseaaaeeeneees 4724
Shih-En Wei, Varun Ramakrishna, Takeo Kanade, and Yaser Sheikh

Human Pose Estimation with Iterative Error FEEADACK ...........ccoooiiiiiiiiieeeee e 4733
Jodo Carreira, Pulkit Agrawal, Katerina Fragkiadaki, and Jitendra Malik

Poster Session P4-1

WELDON: Weakly Supervised Learning of Deep Convolutional Neural Networks ...........cccccovieeiiiieiiine e 4743
Thibaut Durand, Nicolas Thome, and Matthieu Cord

DisturbLabel: Regularizing CNN 0N the LOSS LAYET ......cccviiiiiiiiiie et 4753
Lingxi Xie, Jingdong Wang, Zhen Wei, Meng Wang, and Qi Tian

Gradual Dropln of Layers to Train Very Deep Neural NetwWOrks ..........c.cooiiiiiiiiiiieiiiee e 4763
Leslie N. Smith, Emily M. Hand, and Timothy Doster

Structure Inference Machines: Recurrent Neural Networks for Analyzing Relations

iN Group ACLIVItYy RECOGNITION .....eiiiiiiiiie et e b et s e be e et e s e e e s b e e enneenanee 4772
Zhiwei Deng, Arash Vahdat, Hexiang Hu, and Greg Mori

DEEP SIMNEES ..ttt ettt a et e ke e e a et e e he e e ek b e e e bt e e e be e e e b e e e eane e e e be e e ebee e nneeeenneeas 4782
Nadav Cohen, Or Sharir, and Amnon Shashua

Studying Very Low Resolution Recognition Using Deep NEtWOTIKS .........ccocuiiiiiiriiiie e 4792
Zhangyang Wang, Shiyu Chang, Yingzhen Yang, Ding Liu, and Thomas S. Huang

Deep Gaussian Conditional Random Field Network: A Model-Based Deep Network

for DiSCrMINGtiVE DENOISING .....ceiiiiiiiiee ittt ettt e bt e ettt e sab e e e sbe e e ettt e saneeesabeeeenbeeesanneesnneeas 4801
Raviteja Vemulapalli, Oncel Tuzel, and Ming-Yu Liu

XXXVi

AXON EXHIBIT 1036, Page 35
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Event-Specific IMage IMPOMANCE .........oii ittt ettt et e s bt e b e e e ba e e sneeesneeas 4810
Yufei Wang, Zhe Lin, Xiaohui Shen, Radomir Mech, Gavin Miller, and Garrison W. Cottrell

Quantized Convolutional Neural Networks for Mobile DEVICES .........cccuuvuriiiiiiiieieee e e e e e 4820
Jiaxiang Wu, Cong Leng, Yuhang Wang, Qinghao Hu, and Jian Cheng

Inverting Visual Representations with Convolutional Networks ..o 4829
Alexey Dosovitskiy and Thomas Brox

Pose-Aware Face Recognition in the Wil ...t e e e e e e e snnraeeees 4838
lacopo Masi, Stephen Rawls, Gérard Medioni, and Prem Natarajan

Multi-view Deep Network for Cross-View Classification .............ccccooiiiiiiiiiiic e 4847
Meina Kan, Shiguang Shan, and Xilin Chen

Sparsifying Neural Network Connections for Face Recognition .............ccooiiiiiiiiiiiiiiiec e 4856
Yi Sun, Xiaogang Wang, and Xiaoou Tang

Pairwise Linear Regression Classification for Image Set Retrieval ............ccociiiiiiiiii i 4865
Qingxiang Feng, Yicong Zhou, and Rushi Lan

The MegaFace Benchmark: 1 Million Faces for Recognition at Scale .............cccciiiiiiiiiiiii e 4873
Ira Kemelmacher-Shlizerman, Steven M. Seitz, Daniel Miller, and Evan Brossard

Learnt Quasi-Transitive Similarity for Retrieval from Large Collections of Faces ...........cccceviiiiiiiiiiiciii e, 4883
Ognjen Arandjelovic

Latent Factor Guided Convolutional Neural Networks for Age-Invariant Face

[R=ToTo o 11 (o] o [P PURTPTP 4893
Yandong Wen, Zhifeng Li, and Yu Qiao

Copula Ordinal Regression for Joint Estimation of Facial Action Unit INtensity ........c.ccccooviiiiiii 4902
Robert Walecki, Ognjen Rudovic, Vladimir Pavlovic, and Maja Pantic

A Robust Multilinear Model Learning Framework for 3D FACES ........ccuuiiiiiiiiiiiec et 4911
Timo Bolkart and Stefanie Wuhrer

Ordinal Regression with Multiple Output CNN for Age Estimation ............cccooiriiii e 4920
Zhenxing Niu, Mo Zhou, Le Wang, Xinbo Gao, and Gang Hua

DeepCut: Joint Subset Partition and Labeling for Multi Person Pose Estimation ............ccccooiiiiiiiiieeiiicneec e, 4929
Leonid Pishchulin, Eldar Insafutdinov, Siyu Tang, Bjoern Andres, Mykhaylo Andriluka,
Peter Gehler, and Bernt Schiele

Thin-Slicing for Pose: Learning to Understand Pose without Explicit Pose Estimation .............cccccoooiiiiiiiiiciinns 4938
Suha Kwak, Minsu Cho, and Ivan Laptev

A Dual-Source Approach for 3D Pose Estimation from a Single Image ... 4948
Hashim Yasin, Umar Igbal, Bjérn Kriiger, Andreas Weber, and Juergen Gall

Efficiently Creating 3D Training Data for Fine Hand Pose Estimation .............ccooiiiiiiiiiin e 4957
Markus Oberweger, Gernot Riegler, Paul Wohlhart, and Vincent Lepetit

Sparseness Meets Deepness: 3D Human Pose Estimation from Monocular Video ...........cccccceeeiiiiiie e, 4966
Xiaowei Zhou, Menglong Zhu, Spyridon Leonardos, Konstantinos G. Derpanis,
and Kostas Daniilidis

Answer-Type Prediction for Visual QUESTION ANSWETING ......ccoiiuiiiiiiiiiiiieeeeciiiee et e e e e eiate e e e e sneeeeesesnseeeesessseeeaeaanns 4976
Kushal Kafle and Christopher Kanan

XXXVii

AXON EXHIBIT 1036, Page 36
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



VisualWord2Vec (Vis-W2V): Learning Visually Grounded Word Embeddings Using
P o1y =T AR Yo7 Y o 1Y 4985
Satwik Kottur, Ramakrishna Vedantam, José M. F. Moura, and Devi Parikh

Visual7W: Grounded Question ANSWErNG iN IMAGES .......oiiiiiiiiiiie ittt 4995
Yuke Zhu, Oliver Groth, Michael Bernstein, and Li Fei-Fei

Learning Deep Structure-Preserving Image-Text EMbeddings ..........coccviiiiiiiiiiie i 5005
Liwei Wang, Yin Li, and Svetlana Lazebnik

Yin and Yang: Balancing and Answering Binary Visual QUESHIONS ...........cccooiiiiiiniiiiiiieeecs e 5014
Peng Zhang, Yash Goyal, Douglas Summers-Stay, Dhruv Batra, and Devi Parikh

GIFT: A Real-Time and Scalable 3D Shape Search ENGINE .........cccooiiiiiiiiiiiie et 5023
Song Bai, Xiang Bai, Zhichao Zhou, Zhaoxiang Zhang, and Longin Jan Latecki

Functional Faces: Groupwise Dense Correspondence Using Functional Maps ..........ccocceveiiiiiiieeiiiee e, 5033
Chao Zhang, William A. P. Smith, Arnaud Dessein, Nick Pears, and Hang Dai

Similarity Metric for Curved Shapes in EUCIdEan SPacCE .........c.oooiuiiiiiieiiiie e 5042
Girum G. Demisse, Djamila Aouada, and Bjérn Ofttersten

Shape Analysis with Hyperbolic Wasserstein DIiStancCe .............ccoouiiiiiiiiiiiiic e 5051
Jie Shi, Wen Zhang, and Yalin Wang

Tensor Power Iteration for Multi-graph MatChing .........c..eooiiiiiiiii e e e e e sreeeaeeeaes 5062
Xinchu Shi, Haibin Ling, Weiming Hu, Junliang Xing, and Yanning Zhang

Multivariate Regression on the Grassmannian for Predicting Novel Domains ..........ccccooiieiiieiiiee e 5071
Yongxin Yang and Timothy M. Hospedales

Learning Cross-Domain Landmarks for Heterogeneous Domain Adaptation ............ccccoveeiiiiiiiei e 5081
Yao-Hung Hubert Tsai, Yi-Ren Yeh, and Yu-Chiang Frank Wang

Geospatial Correspondences for Multimodal Registration .............ccooiiiiiiiiiii e 5091
Diego Marcos, Raffay Hamid, and Devis Tuia

Constrained Deep Transfer Feature Learning and Its AppliCations ..........ccoooiiriiiieiiii e 5101
Yue Wu and Qiang Ji

Deep CanoniCal TiME WaIPING .......eii ittt s e e e et e e e bt e e ne e e et et e sne e e s beeeebneennreenaneeas 5110
George Trigeorgis, Mihalis A. Nicolaou, Stefanos Zafeiriou, and Bjérn W. Schuller

Multilinear Hyperplan@ HasShiNg ........ccouuiiiiiiiiie ettt e ettt e e e e et e e e s eta e e e e e santsaeeeeeasssaeaeeeasnsaeaens 5119
Xianglong Liu, Xinjie Fan, Cheng Deng, Zhujin Li, Hao Su, and Dacheng Tao
Large Scale Hard Sample Mining with Monte Carlo Tree€ S€arch ..........occci i e 5128

Olivier Canévet and Francois Fleuret

Multi-label Ranking from Positive and Unlabeled Data .............c.oooeiiiiiiiiiii e 5138
Atsushi Kanehira and Tatsuya Harada

Joint Unsupervised Learning of Deep Representations and Image CIUSIErS ..........c.cooeiviiiiiieiiciiiie e 5147
Jianwei Yang, Devi Parikh, and Dhruv Batra

Kernel Sparse Subspace Clustering on Symmetric Positive Definite Manifolds .............ccccooiiiiiiiiei e, 5157
Ming Yin, Yi Guo, Junbin Gao, Zhaoshui He, and Shengli Xie

XXXViii

AXON EXHIBIT 1036, Page 37
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



SYMMETTY FECAPTCHA ettt h e e bt e e bt e e bt e ettt e e b e e e e be e e eabeeesabeeeabeeeeneeenanee 5165
Christopher Funk and Yanxi Liu

Unsupervised Learning of Discriminative Attributes and Visual Representations ............ccccooeeiiiiiiieeine e, 5175
Chen Huang, Chen Change Loy, and Xiaoou Tang

AT T o IY I B Y = 1] oY o 5185
Mehrtash Harandi, Mathieu Salzmann, and Fatih Porikli

Approximate Log-Hilbert-Schmidt Distances between Covariance Operators for Image
(O F= X | Tot=1 (o] o N PSPPSRSO 5195
Ha Quang Minh, Marco San Biagio, Loris Bazzani, and Vittorio Murino

Subspace Clustering with Priors via Sparse Quadratically Constrained Quadratic
L (oo ] x=Ta 010011 a o [ OSSP 5204
Yongfang Cheng, Yin Wang, Mario Sznaier, and Octavia Camps

Robust Tensor Factorization with UNKNOWN NOISE ..........uuuuiiiiiiiiiiii et 5213
Xi'ai Chen, Zhi Han, Yao Wang, Qian Zhao, Deyu Meng, and Yandong Tang

Kernel Approximation via Empirical Orthogonal Decomposition for Unsupervised
LT LUl =TTy o] o T PSPPI 5222
Yusuke Mukuta and Tatsuya Harada

Active Learning for Delineation of Curvilinear StrUCIUIES ...........ccoiiiiiiiiiie e 5231
Agata Mosinska-Domanska, Raphael Sznitman, Przemyslaw Glowacki, and Pascal Fua

Recognizing Emotions from Abstract Paintings Using Non-Linear Matrix Completion ............ccooveiiieiiiiiniiecineen. 5240
Xavier Alameda-Pineda, Elisa Ricci, Yan Yan, and Nicu Sebe

Tensor Robust Principal Component Analysis: Exact Recovery of Corrupted Low-Rank
Tensors via Convex OPtIMIZAtION ...........oooiiiii e e e e e e e e e et e e e e st eeeaeeeasbeeeaeeeansaeeaeaanes 5249
Canyi Lu, Jiashi Feng, Yudong Chen, Wei Liu, Zhouchen Lin, and Shuicheng Yan

Sliced Wasserstein Kernels for Probability DistribUtions ...........c.cooiiiiiiii e 5258
Soheil Kolouri, Yang Zou, and Gustavo K. Rohde

Trace Quotient Meets Sparsity: A Method for Learning Low Dimensional Image
LT 0 (= TT=T ] = 1 4[] 1 USSP 5268
Xian Wei, Hao Shen, and Martin Kleinsteuber

Backtracking ScSPM Image Classifier for Weakly Supervised Top-Down Saliency ..........ccccceerviviiiieeinieeniiecnneen, 5278
Hisham Cholakkal, Jubin Johnson, and Deepu Rajan

MSR-VTT: A Large Video Description Dataset for Bridging Video and Language ............cccooveeriieiiiieeiniee e, 5288
Jun Xu, Tao Mei, Ting Yao, and Yong Rui

Oral & Spotlight Session 4-2A

04-2A: Learning and CNN Architectures

NetVLAD: CNN Architecture for Weakly Supervised Place Recognition ............ccccooiiiiiieiiie e 5297
Relja Arandjelovic, Petr Gronat, Akihiko Torii, Tomas Pajdla, and Josef Sivic

Structural-RNN: Deep Learning on Spatio-Temporal Graphs ..........ccoouiiiiiiiiiieiiee et 5308
Ashesh Jain, Amir R. Zamir, Silvio Savarese, and Ashutosh Saxena

XXXIX

AXON EXHIBIT 1036, Page 38
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Learning to Select Pre-Trained Deep Representations with Bayesian Evidence
L = 412 4 SRR 5318
Yong-Deok Kim, Taewoong Jang, Bohyung Han, and Seungjin Choi

Synthesized Classifiers for Zero-Shot LEarning ...........ceuoiiiiiiiiiiie et 5327
Soravit Changpinyo, Wei-Lun Chao, Boqing Gong, and Fei Sha

Semi-supervised Vocabulary-Informed Learning .........c.cooiiiiiiiiiiiii ettt 5337
Yanwei Fu and Leonid Sigal

S$4-2A: Learning and Optimization

Simultaneous Clustering and Model Selection for Tensor Affinities ..........ccviiiiriiie e 5347
Zhuwen Li, Shuoguang Yang, Loong-Fah Cheong, and Kim-Chuan Toh

Discriminatively Embedded K-Means for Multi-view CIUSEERING ........ccvviiiiiiiiiiiic e 5356
Jinglin Xu, Junwei Han, and Feiping Nie
Min Norm Point Algorithm for Higher Order MRF-MAP INfErENCE .........coiuiiiiiiiiiiii e 5365

Ishant Shanu, Chetan Arora, and Parag Singla

Learning Deep Representation for Imbalanced Classification .............ccoooiiiiiiiiii e 5375
Chen Huang, Yining Li, Chen Change Loy, and Xiaoou Tang

Learning Local Image Descriptors with Deep Siamese and Triplet Convolutional
Networks by Minimizing Global LOSS FUNCLONS ...........oiiiiiiiiii et 5385
Vijay Kumar B G, Gustavo Carneiro, and lan Reid

Sparse Coding for Third-Order Super-Symmetric Tensor Descriptors with Application
1O TEXIUrE RECOGNITION ..ottt ekt et e s bt e et et esb e e e s ne e e et e e e nbneesneeeareeenas 5395
Piotr Koniusz and Anoop Cherian

Random Features for Sparse Signal ClassifiCation .............coocuiiiiiiiiiii e e 5404
Jen-Hao Rick Chang, Aswin C. Sankaranarayanan, and B. V. K. Vijaya Kumar

Oral & Spotlight Session 4-2B

04-2B: 3D Shape Reconstruction

High-Quality Depth from Uncalibrated Small MOtion ClP ........cciiiiiiiiiieiiieieee et 5413
Hyowon Ha, Sunghoon Im, Jaesik Park, Hae-Gon Jeon, and In So Kweon

Efficient 3D Room Shape Recovery from a Single Panorama .............ccoouiiiiiiiiiiic e 5422
Hao Yang and Hui Zhang

Structured Prediction of Unobserved Voxels from a Single Depth IMage ... 5431
Michael Firman, Oisin Mac Aodha, Simon Julier, and Gabriel J. Brostow

HyperDepth: Learning Depth from Structured Light without Matching ...........ccccoiiiiiiiiiee e, 5441
Sean Ryan Fanello, Christoph Rhemann, Vladimir Tankovich, Adarsh Kowdle,
Sergio Orts Escolano, David Kim, and Shahram Izadi

SVBRDF-Invariant Shape and Reflectance Estimation from Light-Field Cameras ............ccccooveiiiiiiiieiiiiec e 5451
Ting-Chun Wang, Manmohan Chandraker, Alexei A. Efros, and Ravi Ramamoorthi

x1

AXON EXHIBIT 1036, Page 39
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



S4-2B: 3D Reconstruction

Semantic 3D Reconstruction with Continuous Regularization and Ray Potentials Using
a Visibility ConsiStENCY CONSITAINT .......coiuiiiiii i et e et e e s e e e et e e sneeesneeeeteeesneeeaneeeanseeeans 5460
Nikolay Savinov, Christian Hane, L’ubor Ladicky, and Marc Pollefeys

Theory and Practice of Structure-From-Motion Using Affine CorreSpondences ............cccoveveeiiieeinieenniee e 5470
Carolina Raposo and Jodo P. Barreto

Just Look at the Image: Viewpoint-Specific Surface Normal Prediction for Improved
MUII-VIEW RECONSITUCTION ...ttt ettt e e e e e e e e e e e e e e e e b e e e e eeeeeeeeeeeesssrabaaaeeeens 5479
Silvano Galliani and Konrad Schindler

From Dusk Till Dawn: Modeling in the Dark ..ottt e e et a e e e e e e e enneeeaeas 5488
Filip Radenovic, Johannes L. Schénberger, Dinghuang Ji, Jan-Michael Frahm,
Ondrej Chum, and Jiri Matas

Accelerated Generative Models for 3D Point Cloud Data ...........c..evveeieiiiiieeeiie e 5497
Ben Eckart, Kihwan Kim, Alejandro Troccoli, Alonzo Kelly, and Jan Kautz

Monocular Depth Estimation Using Neural Regression FOrest ... 5506
Anirban Roy and Sinisa Todorovic

Deep Stereo: Learning to Predict New Views from the World's IMagery ... 5515
John Flynn, Ivan Neulander, James Philbin, and Noah Snavely

Oral & Spotlight Session 4-3A

04-3A: Face, Gesture, & Situation Recognition: Algorithms and Datasets

WIDER FACE: A Face Detection BENChMATK ...........ooiiiiiiiiiii e 5525
Shuo Yang, Ping Luo, Chen Change Loy, and Xiaoou Tang

Situation Recognition: Visual Semantic Role Labeling for Image Understanding ...........cccoceiiiiiiiiiiiieciiiec e 5534
Mark Yatskar, Luke Zettlemoyer, and Ali Farhadi

S$4-3A: People and Faces

A 3D Morphable Model Learnt from 10,000 FACES .......ccuuuiiiiiiiiiiee ettt e et e e e e eaere e e e e snbraeeeeenssneeaeaanes 5543
James Booth, Anastasios Roussos, Stefanos Zafeiriou, Allan Ponniahy, and David Dunaway

Some Like It Hot — Visual Guidance for Preference PrediCtion ..........cc.eevveeeieiiieiei e 5553
Rasmus Rothe, Radu Timofte, and Luc Van Gool

EmotioNet: An Accurate, Real-Time Algorithm for the Automatic Annotation of a Million
Facial EXPressions iN the Wil .........oo ettt et e s ne e s bt e et e e sneeesnneeas 5562
C. Fabian Benitez-Quiroz, Ramprakash Srinivasan, and Aleix M. Martinez

ForgetMeNot: Memory-Aware Forensic Facial Sketch Matching ..........oooooiiiiiiiiiii e 5571
Shuxin Ouyang, Timothy M. Hospedales, Yi-Zhe Song, and Xueming Li

LOMo: Latent Ordinal Model for Facial Analysis in VIAEOS ..........c.cuiiiiiiiiiiiiiie e 5580
Karan Sikka, Gaurav Sharma, and Marian Bartlett

xli

AXON EXHIBIT 1036, Page 40
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Discriminative Invariant Kernel Features: A Bells-and-Whistles-Free Approach

to Unsupervised Face Recognition and Pose Estimation ..........cccooiiiiiiii e

Dipan K. Pal, Felix Juefei-Xu, and Marios Savvides

Bottom-Up and Top-Down Reasoning with Hierarchical Rectified Gaussians ............ccccvciiiiiiiiiiecinieens

Peiyun Hu and Deva Ramanan

Fits Like a Glove: Rapid and Reliable Hand Shape Personalization ...........ccccccviiiiiieiiiiie e

David Joseph Tan, Thomas Cashman, Jonathan Taylor, Andrew Fitzgibbon,
Daniel Tarlow, Sameh Khamis, Shahram Izadi, and Jamie Shotton

Slicing Convolutional Neural Network for Crowd Video Understanding ........cccccccevviiiiiieeinieciniec e

Jing Shao, Chen Change Loy, Kai Kang, and Xiaogang Wang
Spotlight Session 4-3B

$4-3B: 3D, Stereo, Matching, and Saliency Estimation
Linear Shape Deformation Models with Local Support Using Graph-Based Structured

Y =Y (b o= To1 (o 15T (o) o PPN

Florian Bernard, Peter Gemmar, Frank Hertel, Jorge Goncalves, and Johan Thunberg

Motion from Structure (MfS): Searching for 3D Objects in Cluttered Point Trajectories .........c.cccocveiieens

Jayakorn Vongkulbhisal, Ricardo Cabral, Fernando De la Torre, and Jodo P. Costeira

Volumetric and Multi-view CNNs for Object Classification on 3D Data ...........ccccceeviiiiiiiiiieneiiee e

Charles R. Qi, Hao Su, Matthias Nie3ner, Angela Dai, Mengyuan Yan,
and Leonidas J. Guibas

Detecting Vanishing Points Using Global Image Context in a Non-ManhattanWorld ..................cccccooe

Menghua Zhai, Scott Workman, and Nathan Jacobs

Learning Weight Uncertainty with Stochastic Gradient MCMC for Shape Classification ..............c..cc.........

Chunyuan Li, Andrew Stevens, Changyou Chen, Yunchen Pu, Zhe Gan,
and Lawrence Carin

A Field Model for Repairing 3D ShapeS ........c.eiiiiiiiiiii ittt

Duc Thanh Nguyen, Binh-Son Hua, Minh-Khoi Tran, Quang-Hieu Pham, and Sai-Kit Yeung

GOGMA: Globally-Optimal Gaussian Mixture AIGNMENT ...........cccciiieiiiiiiee e

Dylan Campbell and Lars Petersson

Efficient Deep Learning for Stereo MatChing ...........oooiiiiiiii e

Wenjie Luo, Alexander G. Schwing, and Raquel Urtasun

Efficient Coarse-to-Fine Patch Match for Large Displacement Optical Flow .............cccccoiiiiiiiiiniiiiienns

Yinlin Hu, Rui Song, and Yunsong Li

FANNG: Fast Approximate Nearest Neighbour Graphs ............cooouiiiiiiiiie e

Ben Harwood and Tom Drummond

Exemplar-Driven Top-Down Saliency Detection via Deep ASSOCIation ...........cccceeeeriiiereiiieenee e

Shengfeng He and Rynson W. H. Lau

Unconstrained Salient Object Detection via Proposal Subset Optimization ............ccccceeviiiiiiiiieeiieees

Jianming Zhang, Stan Sclaroff, Zhe Lin, Xiaohui Shen, Brian Price, and Radomir Mech

xlii

AXON EXHIBIT 1036, Page 41
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Recombinator Networks: Learning Coarse-to-Fine Feature Aggregation ..........cccccoeiieiiiiieiiiee i 5743
Sina Honari, Jason Yosinski, Pascal Vincent, and Christopher Pal

End-to-End Saliency Mapping via Probability Distribution PrediCtion ..............ccooiieiiiiiieeee e 5753
Saumya Jetley, Naila Murray, and Eleonora Vig

Poster Session P4-2

A Paradigm for Building Generalized Models of Human Image Perception through Data

LU o o T PRSPPI 5762
Shaojing Fan, Tian-Tsong Ng, Bryan L. Koenig, Ming Jiang, and Qi Zhao

Longitudinal Face Modeling via Temporal Deep Restricted Boltzmann Machines .............cccccoiiiiiiiiiiieiiee. 5772

Chi Nhan Duong, Khoa Luu, Kha Gia Quach, and Tien D. Bui

Saliency Unified: A Deep Architecture for simultaneous Eye Fixation Prediction
and Salient ObJeCt SEGMENTALION .......ccoiiiiiiii ettt e bt sb et e s be e e et e e ene e e sneeeabeeena 5781
Srinivas S. S. Kruthiventi, Vennela Gudisa, Jaley H. Dholakiya, and R. Venkatesh Babu

Estimating Correspondences of Deformable Objects “In-the-Wild” ............coooi i 5791
Yuxiang Zhou, Epameinondas Antonakos, Joan Alabort-I-Medina, Anastasios Roussos,
and Stefanos Zafeiriou

Gravitational Approach for Point Set Registration .............ooocuiiiiiiiiiii e 5802
Viadislav Golyanik, Sk Aziz Ali, and Didier Stricker

Context-Aware Gaussian Fields for Non-rigid Point Set Registration .............ccccoiiiiiiiiiie e 5811
Gang Wang, Zhicheng Wang, Yufei Chen, Qiangqiang Zhou, and Weidong Zhao

Trust No One: Low Rank Matrix Factorization Using Hierarchical RANSAC ..........cooiiiiiiiiiiieeee e 5820
Magnus Oskarsson, Kenneth Batstone, and Kalle Astrém

Relaxation-Based Preprocessing Techniques for Markov Random Field Inference ..........cccccccoiiiiiieiiiiniiee e, 5830
Chen Wang and Ramin Zabih

Sparse Coding for Classification via Discrimination ENSembIE ............ccooiiiiiiiiiiiee e 5839
Yuhui Quan, Yong Xu, Yuping Sun, Yan Huang, and Hui Ji

Principled Parallel Mean-Field Inference for Discrete Random Fields ..o 5848
Pierre Baqué, Timur Bagautdinov, Frangois Fleuret, and Pascal Fua

Guaranteed Outlier Removal with Mixed Integer Linear Programs ............cccooiiiiiiiieiiiiiiiee e 5858
Tat-Jun Chin, Yang Heng Kee, Anders Eriksson, and Frank Neumann

Memory Efficient Max Flow for Multi-label Submodular MRFS ..........ccooiiiiii e 5867
Thalaiyasingam Ajanthan, Richard Hartley, and Mathieu Salzmann

Proximal Riemannian Pursuit for Large-Scale Trace-Norm Minimization ............c.ccoeoeiiiiie e 5877
Mingkui Tan, Shijie Xiao, Junbin Gao, Dong Xu, Anton van den Hengel, and Qinfeng Shi

Minimizing the Maximal RANK ..........ooiii et e ettt e bt et esne e s be e e ebe e e sneeesnbeeas 5887
Erik Bylow, Carl Olsson, Fredrik Kahl, and Mikael Nilsson

SO0IVING TEMPOTAI PUZZIES ...ttt ettt et e et e e e n et e e ae e e e tee e e see e e neeeeaeeeeseeesneeeaneeeeneeeennes 5896
Caglayan Dicle, Burak Yilmaz, Octavia Camps, and Mario Sznaier

xliii

AXON EXHIBIT 1036, Page 42
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Estimating Sparse Signals with Smooth Support via Convex Programming and Block
IS 0T 117 11 SR 5906
Sohil Shah, Tom Goldstein, and Christoph Studer

TenSR: Multi-dimensional Tensor Sparse Representation ...........c.cceiiiieiiie e 5916
Na Qi, Yunhui Shi, Xiaoyan Sun, and Baocai Yin

Y fo]r= T Tot= o TR I =T g T I PSPPI 5926
Florian Jug, Evgeny Levinkov, Corinna Blasse, Eugene W. Myers, and Bjoern Andres

Globally Optimal Rigid Intensity Based Registration: A Fast Fourier Domain Approach ...........cccccceviieeiieeennenne 5936
Behrooz Nasihatkon, Frida Fejne, and Fredrik Kahl

On Benefits of Selection Diversity via Bilevel EXCIUSIVE SPArsity .........c.ccoviiiiiiiiiiieieee e 5945
Haichuan Yang, Yijun Huang, Lam Tran, Ji Liu, and Shuai Huang

Fast Training of Triplet-Based Deep Binary Embedding NEetWOrKS ..........ccccoiuiiiiiiiiiiiiiie e 5955
Bohan Zhuang, Guosheng Lin, Chunhua Shen, and lan Reid

Marr Revisited: 2D-3D Alignment via Surface Normal Prediction ............cccooiiiiiiioiiee e 5965
Aayush Bansal, Bryan Russell, and Abhinav Gupta

Recovering the Missing Link: Predicting Class-Attribute Associations for Unsupervised
p =Y (o e o) A XY= 4 o1 o Vo IO SO URURTURR: 5975
Ziad Al-Halah, Makarand Tapaswi, and Rainer Stiefelhagen

L= T QY Co RS ] o [ 4 =T T =T T [ o SRS 5985
Yang Zhang, Boqging Gong, and Mubarak Shah

Modality and Component Aware Feature Fusion for RGB-D Scene Classification ............cccocccoviiiiiieiiniecien, 5995
Anran Wang, Jianfei Cai, Jiwen Lu, and Tat-Jen Cham

PPP: Joint Pointwise and Pairwise Image Label PrediCtion ... e 6005
Yilin Wang, Suhang Wang, Jiliang Tang, Huan Liu, and Baoxin Li

Cataloging Public Objects Using Aerial and Street-Level Images — Urban Trees ........ccococeviiiieeiiiviee e 6014
Jan D. Wegner, Steve Branson, David Hall, Konrad Schindler, and Pietro Perona

Deep Exemplar 2D-3D Detection by Adapting from Real to Rendered VIEWS ...........ccccooiiiiiiiiiiiic e 6024
Francisco Massa, Bryan C. Russell, and Mathieu Aubry

Zero-Shot Learning via Joint Latent Similarity EMbedding .........coooiiiiiiiiiiiii e 6034
Ziming Zhang and Venkatesh Saligrama

(O ¥ o B @ o1 =Yor (3 o) o T [ =T 1= S 6043
Bin Yang, Junjie Yan, Zhen Lei, and Stan Z. Li

P01 4 o] ol [ T (=) GRS OTUS R 6052

xliv

AXON EXHIBIT 1036, Page 43
Axon Enterprises, Inc., Dedrone Holdings, Inc., and Skydio, Inc. v. Airspace Systems, Inc., IPR2025-00629



Message from the General and Program Chairs

Welcome to Las Vegas and the 2gth IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). In
addition to the main four day program of presentations,
interactive sessions, plenary talks, demos, exhibitions,
and social functions, CVPR 2016 has a number of
colocated events, including 29 workshops and 22
tutorials. As the field of artificial intelligence has become
a major player in the technology world, this year’s CVPR
has made history in a number of exciting ways.

First and foremost, we received a record 2145 valid
submissions to the main conference, of which 1865 were
fully reviewed (the others were administratively rejected
for technical or ethical reasons or were withdrawn
before review). To select papers from these submissions,
we invited 72 researchers to act as Area Chairs (ACs).
ACs were selected to provide a broad range of expertise,
to balance junior and senior members, and to represent
a variety of geographical locations. Additionally, we
recruited a team of 1141 experienced reviewers from the
broader computer vision and pattern recognition
community. The original list of reviewers was
augmented with reviewers recommended by the ACs to
add expertise for papers where appropriate reviewers
were not initially available.

The reviewing process accepted 643 papers (29.9% of
valid submissions). 83 of these were accepted as oral
presentations (3.9% of valid submissions) and 123 were
accepted as spotlight presentations (for a total of 9.7%
of valid submissions with live presentations). All papers
will also appear in the interactive poster sessions.

CVPR 2016 introduces a new form of presentation —
“Spotlights”. Spotlights are short oral presentations
aimed at highlighting the main contributions, novelties
and results of papers. Our rationale behind adding
spotlight presentations to CVPR 2016 was to increase
the number of works that get presented to a large
audience thus gaining maximum exposure and visibility.
We believe that this new presentation format
(oral/spotlight/poster) will make CVPR 2016 a more
exciting conference.

xlv

The review process was similar to previous years. The
Program Chairs made an effort to assign papers on
similar topics to the same set of Area Chairs (ACs), so
that related papers could be compared directly. To
achieve this, between 70 and 130 papers were pre-
assigned to each AC with the help of the Toronto Paper
Matching System while accounting for author provided
suggestions. ACs then went over the paper titles and
abstracts and bid on those they would like to handle.
Using all of this information as input, ACs received a final
assignment of around 30 papers for which they provided
ranked lists of candidate reviewers. ACs were asked to
suggest candidate reviewers who were experts in the
topic, had a broad view of the field, were reliable, and
could provide high quality reviews. Their choices were
additionally guided by the reviewers’ bids (the process
followed for reviewer bidding was similar to that used for
ACs). For 99.9% of the papers all 3 of the assigned
reviewers were amongst those listed by ACs as
candidate reviewers. For 70% of the papers at least 2 of
the assigned reviewers were ranked by ACs amongst
their top 3 candidates for that paper, and for 95% of the
papers at least 1 reviewer was ranked amongst the top 3
candidates. Each paper was reviewed by at least three
reviewers and considered by at least three ACs before a
decision was made. Borderline papers and candidate
orals and spotlights were discussed in groups of three
non-conflicted ACs with common areas of expertise.
Oral and spotlight recommendations were made by
panels of 12 ACs after extensive discussion.

The Program Chairs did not submit any papers to CVPR
2016, allowing them to avoid direct conflicts throughout
the review process. This year, General Chairs were
allowed to submit papers, and therefore did not have
any software access to the CMT system beyond that of
an author. Additionally, CVPR 2016 is the first CVPR to
use Researcher.cc to identify conflicts between
reviewers and authors. Reviewers and ACs were
excluded from any access to papers from their research
groups, affiliated institutions, or collaborators. The
double-blind nature of the CVPR review process was
thus strictly maintained throughout.
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Message from the General and Program Chairs

Since its inception in the 1960s, Computer Vision has
grown into one of the most important areas of research
and development in modern artificial intelligence and
computer science. As we observe the blossom of
computer vision technologies applied in industry, we
take this opportunity at CVPR 2016 to celebrate the
coming of age of computer vision, and to facilitate an
even closer tie between our academic world and the
industry world. As a result, for the first time in CVPR's
history, we are providing an exciting, "trade-show" like
atmosphere to foster maximal visibility and exposure for
each on-site exhibitor from promising startups and
creative standouts to the biggest industry leaders. The
technologies developed by these companies range from
software to hardware, and demonstrate the great
impact of computer vision on different industry areas. As
of now, more than 70 companies have signed up to
participate in our Expo. In addition to on site booths, we
also offer a unique web-presence video this year,
enabling recruiting opportunities and technology
highlights. So far, over 20 companies are committed to
participate in this special format of presence.
Furthermore, companies in the computer vision industry
are showing strong interest in sponsoring the CVPR
community. Together they have contributed a historical
amount of sponsorship funding. Additionally, more than
10 companies showed interest in sponsoring
promotional items, resulting in a significant amount of
additional fundings for the conference.

CVPR 2016 has also made history is its diverse
organizing committee. A record number of women are
involved, from General Chairs to Area Chairs. The field of
computer vision has historically been male-dominated.
We are pleased to see a growing number of women and
under-represented  minority researchers in our
community. CVPR 2016 has made an explicit statement
to celebrate their contributions to our field. We hope
that at the conference, you get to know some of the
women leaders of our field, and encourage more women
and under-represented minority students to study and
work in this exciting field. We truly hope that this is only
the beginning!
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Last but not least, we wish to thank all members of the
Organizing Committee, the Area Chairs, reviewers,
emergency reviewers, authors, and the CMT and TPMS
teams for the immense amount of hard work and
professionalism that has gone into making CVPR 2016 a
first rate conference. Our thanks also go to the
organizers of previous CVPRs, in particular Rene Vidal
and Andrew Zisserman, for their helpful advice and
support, and to Ari Kobren for a huge effort maintaining
Researcher.cc. A few people working behind the scenes
deserve special thanks. Yipin Zhou and Arsalan
Mousavian provided critical technical assistance with
CMT and managing the largest CVPR ever. It could not
have been a success without them. Nicole Finn and Liz
Ryan provided critical support to the general conference
organization and financial well being of CVPR. Tali
Treibitz and Dana Berman have provided high quality
and rapid turnaround of the CVPR web pages. Eric
Mortensen and Kate Saenko have again lent expertise
developed over many years to shepherd the papers
through the publication process. A special thank-you
should also go to the Corporate Relations team - Jia Li,
Kristin Dana, Brendan Morris and Andrea Frome. They
have worked tirelessly to put together the inaugural
CVPR Expo and to solicit industry support. Greg Mori
worked with a number of teams and contributed
tremendously to local arrangements, the AC meeting,
CVPR website, and industry Expo. Last but not the least,
this CVPR would not be possible without the record
amount of support from our corporate sponsors and
participants.

Finally, we wish all the attendees a highly stimulating,
informative, and enjoyable conference.

Program Chairs: Lourdes Agapito, Tamara Berg,
Jana Kosecka, Lihi Zelnik-Manor

General Chairs: Tinne Tuytelaars, Fei-Fei Li,
Ruzena Bajcsy
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CVPR 2016 Outstanding Reviewers

We are pleased to recognize the following researchers as
"CVPR 2016 Outstanding Reviewers". These reviewers
were identified by one or more of the CVPR Area Chairs

Zeynep Akata
Relja Arandjelovic
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Steve Branson
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Andrew Davison
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Josip Krapac
Jonathan Long
Philippos Mordohai
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Peter Ochs
Matthew O'Toole
Emanuele Rodola
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for their hard work in providing high quality and detailed
reviews for their assigned papers.
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You Only Look Once:
Unified, Real-Time Object Detection

Joseph Redmon*, Santosh Divvala*f, Ross GirshickY, Ali Farhadi*f
University of Washington®, Allen Institute for AI', Facebook AT Research”
http://pjreddie.com/yolo/

Abstract

We present YOLO, a new approach to object detection.
Prior work on object detection repurposes classifiers to per-
form detection. Instead, we frame object detection as a re-
gression problem to spatially separated bounding boxes and
associated class probabilities. A single neural network pre-
dicts bounding boxes and class probabilities directly from
full images in one evaluation. Since the whole detection
pipeline is a single network, it can be optimized end-to-end
directly on detection performance.

Our unified architecture is extremely fast. Our base
YOLO model processes images in real-time at 45 frames
per second. A smaller version of the network, Fast YOLO,
processes an astounding 155 frames per second while
still achieving double the mAP of other real-time detec-
tors. Compared to state-of-the-art detection systems, YOLO
makes more localization errors but is less likely to predict
false positives on background. Finally, YOLO learns very
general representations of objects. It outperforms other de-
tection methods, including DPM and R-CNN, when gener-
alizing from natural images to other domains like artwork.

1. Introduction

Humans glance at an image and instantly know what ob-
jects are in the image, where they are, and how they inter-
act. The human visual system is fast and accurate, allow-
ing us to perform complex tasks like driving with little con-
scious thought. Fast, accurate algorithms for object detec-
tion would allow computers to drive cars without special-
ized sensors, enable assistive devices to convey real-time
scene information to human users, and unlock the potential
for general purpose, responsive robotic systems.

Current detection systems repurpose classifiers to per-
form detection. To detect an object, these systems take a
classifier for that object and evaluate it at various locations
and scales in a test image. Systems like deformable parts
models (DPM) use a sliding window approach where the
classifier is run at evenly spaced locations over the entire
image [10].

More recent approaches like R-CNN use region proposal

1063-6919/16 $31.00 © 2016 IEEE
DOI 10.1109/CVPR.2016.91
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1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

Figure 1: The YOLO Detection System. Processing images
with YOLO is simple and straightforward. Our system (1) resizes
the input image to 448 x 448, (2) runs a single convolutional net-
work on the image, and (3) thresholds the resulting detections by
the model’s confidence.

methods to first generate potential bounding boxes in an im-
age and then run a classifier on these proposed boxes. After
classification, post-processing is used to refine the bound-
ing boxes, eliminate duplicate detections, and rescore the
boxes based on other objects in the scene [13]. These com-
plex pipelines are slow and hard to optimize because each
individual component must be trained separately.

We reframe object detection as a single regression prob-
lem, straight from image pixels to bounding box coordi-
nates and class probabilities. Using our system, you only
look once (YOLO) at an image to predict what objects are
present and where they are.

YOLO is refreshingly simple: see Figure 1. A sin-
gle convolutional network simultaneously predicts multi-
ple bounding boxes and class probabilities for those boxes.
YOLO trains on full images and directly optimizes detec-
tion performance. This unified model has several benefits
over traditional methods of object detection.

First, YOLO is extremely fast. Since we frame detection
as a regression problem we don’t need a complex pipeline.
We simply run our neural network on a new image at test
time to predict detections. Our base network runs at 45
frames per second with no batch processing on a Titan X
GPU and a fast version runs at more than 150 fps. This
means we can process streaming video in real-time with
less than 25 milliseconds of latency. Furthermore, YOLO
achieves more than twice the mean average precision of
other real-time systems. For a demo of our system running
in real-time on a webcam please see our project webpage:
http://pjreddie.com/yolo/.

Second, YOLO reasons globally about the image when

IEEE
computer
psoaety
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making predictions. Unlike sliding window and region
proposal-based techniques, YOLO sees the entire image
during training and test time so it implicitly encodes contex-
tual information about classes as well as their appearance.
Fast R-CNN, a top detection method [14], mistakes back-
ground patches in an image for objects because it can’t see
the larger context. YOLO makes less than half the number
of background errors compared to Fast R-CNN.

Third, YOLO learns generalizable representations of ob-
jects. When trained on natural images and tested on art-
work, YOLO outperforms top detection methods like DPM
and R-CNN by a wide margin. Since YOLO is highly gen-
eralizable it is less likely to break down when applied to
new domains or unexpected inputs.

YOLO still lags behind state-of-the-art detection systems
in accuracy. While it can quickly identify objects in im-
ages it struggles to precisely localize some objects, espe-
cially small ones. We examine these tradeoffs further in our
experiments.

All of our training and testing code is open source. A
variety of pretrained models are also available to download.

2. Unified Detection

We unify the separate components of object detection
into a single neural network. Our network uses features
from the entire image to predict each bounding box. It also
predicts all bounding boxes across all classes for an im-
age simultaneously. This means our network reasons glob-
ally about the full image and all the objects in the image.
The YOLO design enables end-to-end training and real-
time speeds while maintaining high average precision.

Our system divides the input image into an S x .S grid.
If the center of an object falls into a grid cell, that grid cell
is responsible for detecting that object.

Each grid cell predicts B bounding boxes and confidence
scores for those boxes. These confidence scores reflect how
confident the model is that the box contains an object and
also how accurate it thinks the box is that it predicts. For-
mally we define confidence as Pr(Object) x IOUjd. If no
object exists in that cell, the confidence scores should be
zero. Otherwise we want the confidence score to equal the
intersection over union (IOU) between the predicted box
and the ground truth.

Each bounding box consists of 5 predictions: z, y, w, h,
and confidence. The (z,y) coordinates represent the center
of the box relative to the bounds of the grid cell. The width
and height are predicted relative to the whole image. Finally
the confidence prediction represents the IOU between the
predicted box and any ground truth box.

Each grid cell also predicts C' conditional class proba-
bilities, Pr(Class;|Object). These probabilities are condi-
tioned on the grid cell containing an object. We only predict

780

one set of class probabilities per grid cell, regardless of the
number of boxes B.

At test time we multiply the conditional class probabili-
ties and the individual box confidence predictions,

truth
pred

Pr(Class; |Object) * Pr(Object) * IOU;)].ruet‘lj1 = Pr(Class;) * IOU (1)

which gives us class-specific confidence scores for each
box. These scores encode both the probability of that class
appearing in the box and how well the predicted box fits the
object.

S x S grid on input

Class probability map

Figure 2: The Model. Our system models detection as a regres-
sion problem. It divides the image into an S x .S grid and for each
grid cell predicts B bounding boxes, confidence for those boxes,
and C class probabilities. These predictions are encoded as an
S x S x (Bx*5+ C) tensor.

For evaluating YOLO on PASCAL VOC, we use S = 7,
B = 2. PAscAL VOC has 20 labelled classes so C' = 20.
Our final predictionisa 7 x 7 x 30 tensor.

2.1. Network Design

We implement this model as a convolutional neural net-
work and evaluate it on the PASCAL VOC detection dataset
[9]. The initial convolutional layers of the network extract
features from the image while the fully connected layers
predict the output probabilities and coordinates.

Our network architecture is inspired by the GoogLeNet
model for image classification [33]. Our network has 24
convolutional layers followed by 2 fully connected layers.
Instead of the inception modules used by GoogLeNet, we
simply use 1 x 1 reduction layers followed by 3 x 3 convo-
lutional layers, similar to Lin et al [22]. The full network is
shown in Figure 3.

We also train a fast version of YOLO designed to push
the boundaries of fast object detection. Fast YOLO uses a
neural network with fewer convolutional layers (9 instead
of 24) and fewer filters in those layers. Other than the size
of the network, all training and testing parameters are the
same between YOLO and Fast YOLO.
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Figure 3: The Architecture. Our detection network has 24 convolutional layers followed by 2 fully connected layers. Alternating 1 x 1
convolutional layers reduce the features space from preceding layers. We pretrain the convolutional layers on the ImageNet classification
task at half the resolution (224 x 224 input image) and then double the resolution for detection.

The final output of our network is the 7 x 7 x 30 tensor
of predictions.

2.2. Training

We pretrain our convolutional layers on the ImageNet
1000-class competition dataset [29]. For pretraining we use
the first 20 convolutional layers from Figure 3 followed by a
average-pooling layer and a fully connected layer. We train
this network for approximately a week and achieve a single
crop top-5 accuracy of 88% on the ImageNet 2012 valida-
tion set, comparable to the GoogLeNet models in Caffe’s
Model Zoo [24].

We then convert the model to perform detection. Ren et
al. show that adding both convolutional and connected lay-
ers to pretrained networks can improve performance [28].
Following their example, we add four convolutional lay-
ers and two fully connected layers with randomly initialized
weights. Detection often requires fine-grained visual infor-
mation so we increase the input resolution of the network
from 224 x 224 to 448 x 448.

Our final layer predicts both class probabilities and
bounding box coordinates. We normalize the bounding box
width and height by the image width and height so that they
fall between 0 and 1. We parametrize the bounding box z
and y coordinates to be offsets of a particular grid cell loca-
tion so they are also bounded between 0 and 1.

We use a linear activation function for the final layer and
all other layers use the following leaky rectified linear acti-

vation:
P(x) = {

We optimize for sum-squared error in the output of our
model. We use sum-squared error because it is easy to op-

ifzx >0
otherwise

z,

0.1z, @
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timize, however it does not perfectly align with our goal of
maximizing average precision. It weights localization er-
ror equally with classification error which may not be ideal.
Also, in every image many grid cells do not contain any
object. This pushes the “confidence” scores of those cells
towards zero, often overpowering the gradient from cells
that do contain objects. This can lead to model instability,
causing training to diverge early on.

To remedy this, we increase the loss from bounding box
coordinate predictions and decrease the loss from confi-
dence predictions for boxes that don’t contain objects. We
use two parameters, Acoord and Apgobj to accomplish this. We
set Acoord = O and Angobj = -5.

Sum-squared error also equally weights errors in large
boxes and small boxes. Our error metric should reflect that
small deviations in large boxes matter less than in small
boxes. To partially address this we predict the square root
of the bounding box width and height instead of the width
and height directly.

YOLO predicts multiple bounding boxes per grid cell.
At training time we only want one bounding box predictor
to be responsible for each object. We assign one predictor
to be “responsible” for predicting an object based on which
prediction has the highest current IOU with the ground
truth. This leads to specialization between the bounding box
predictors. Each predictor gets better at predicting certain
sizes, aspect ratios, or classes of object, improving overall
recall.

During training we optimize the following, multi-part
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where 1%° denotes if object appears in cell i and ]l;’})j de-
notes that the jth bounding box predictor in cell 7 is “re-
sponsible” for that prediction.

Note that the loss function only penalizes classification
error if an object is present in that grid cell (hence the con-
ditional class probability discussed earlier). It also only pe-
nalizes bounding box coordinate error if that predictor is
“responsible” for the ground truth box (i.e. has the highest
IOU of any predictor in that grid cell).

We train the network for about 135 epochs on the train-
ing and validation data sets from PASCAL VOC 2007 and
2012. When testing on 2012 we also include the VOC 2007
test data for training. Throughout training we use a batch
size of 64, a momentum of 0.9 and a decay of 0.0005.

Our learning rate schedule is as follows: For the first
epochs we slowly raise the learning rate from 10~3 to 1072,
If we start at a high learning rate our model often diverges
due to unstable gradients. We continue training with 102
for 75 epochs, then 10~3 for 30 epochs, and finally 10~4
for 30 epochs.

To avoid overfitting we use dropout and extensive data
augmentation. A dropout layer with rate = .5 after the first
connected layer prevents co-adaptation between layers [18].
For data augmentation we introduce random scaling and
translations of up to 20% of the original image size. We
also randomly adjust the exposure and saturation of the im-
age by up to a factor of 1.5 in the HSV color space.

2.3. Inference

Just like in training, predicting detections for a test image
only requires one network evaluation. On PASCAL VOC the
network predicts 98 bounding boxes per image and class
probabilities for each box. YOLO is extremely fast at test
time since it only requires a single network evaluation, un-
like classifier-based methods.

The grid design enforces spatial diversity in the bound-
ing box predictions. Often it is clear which grid cell an
object falls in to and the network only predicts one box for
each object. However, some large objects or objects near
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the border of multiple cells can be well localized by multi-
ple cells. Non-maximal suppression can be used to fix these
multiple detections. While not critical to performance as it
is for R-CNN or DPM, non-maximal suppression adds 2-
3% in mAP.

2.4. Limitations of YOLO

YOLO imposes strong spatial constraints on bounding
box predictions since each grid cell only predicts two boxes
and can only have one class. This spatial constraint lim-
its the number of nearby objects that our model can pre-
dict. Our model struggles with small objects that appear in
groups, such as flocks of birds.

Since our model learns to predict bounding boxes from
data, it struggles to generalize to objects in new or unusual
aspect ratios or configurations. Our model also uses rela-
tively coarse features for predicting bounding boxes since
our architecture has multiple downsampling layers from the
input image.

Finally, while we train on a loss function that approxi-
mates detection performance, our loss function treats errors
the same in small bounding boxes versus large bounding
boxes. A small error in a large box is generally benign but a
small error in a small box has a much greater effect on IOU.
Our main source of error is incorrect localizations.

3. Comparison to Other Detection Systems

Object detection is a core problem in computer vision.
Detection pipelines generally start by extracting a set of
robust features from input images (Haar [25], SIFT [23],
HOG [4], convolutional features [6]). Then, classifiers
[35, 21, 13, 10] or localizers [1, 31] are used to identify
objects in the feature space. These classifiers or localizers
are run either in sliding window fashion over the whole im-
age or on some subset of regions in the image [34, 15, 38].
We compare the YOLO detection system to several top de-
tection frameworks, highlighting key similarities and differ-
ences.

Deformable parts models. Deformable parts models
(DPM) use a sliding window approach to object detection
[10]. DPM uses a disjoint pipeline to extract static features,
classify regions, predict bounding boxes for high scoring
regions, etc. Our system replaces all of these disparate parts
with a single convolutional neural network. The network
performs feature extraction, bounding box prediction, non-
maximal suppression, and contextual reasoning all concur-
rently. Instead of static features, the network trains the fea-
tures in-line and optimizes them for the detection task. Our
unified architecture leads to a faster, more accurate model
than DPM.

R-CNN. R-CNN and its variants use region proposals in-
stead of sliding windows to find objects in images. Selective
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Search [34] generates potential bounding boxes, a convolu-
tional network extracts features, an SVM scores the boxes, a
linear model adjusts the bounding boxes, and non-max sup-
pression eliminates duplicate detections. Each stage of this
complex pipeline must be precisely tuned independently
and the resulting system is very slow, taking more than 40
seconds per image at test time [14].

YOLO shares some similarities with R-CNN. Each grid
cell proposes potential bounding boxes and scores those
boxes using convolutional features. However, our system
puts spatial constraints on the grid cell proposals which
helps mitigate multiple detections of the same object. Our
system also proposes far fewer bounding boxes, only 98
per image compared to about 2000 from Selective Search.
Finally, our system combines these individual components
into a single, jointly optimized model.

Other Fast Detectors Fast and Faster R-CNN focus on
speeding up the R-CNN framework by sharing computa-
tion and using neural networks to propose regions instead
of Selective Search [14] [27]. While they offer speed and
accuracy improvements over R-CNN, both still fall short of
real-time performance.

Many research efforts focus on speeding up the DPM
pipeline [30] [37] [5]. They speed up HOG computation,
use cascades, and push computation to GPUs. However,
only 30Hz DPM [30] actually runs in real-time.

Instead of trying to optimize individual components of
a large detection pipeline, YOLO throws out the pipeline
entirely and is fast by design.

Detectors for single classes like faces or people can be
highly optimized since they have to deal with much less
variation [36]. YOLO is a general purpose detector that
learns to detect a variety of objects simultaneously.

Deep MultiBox. Unlike R-CNN, Szegedy et al. train a
convolutional neural network to predict regions of interest
[8] instead of using Selective Search. MultiBox can also
perform single object detection by replacing the confidence
prediction with a single class prediction. However, Multi-
Box cannot perform general object detection and is still just
a piece in a larger detection pipeline, requiring further im-
age patch classification. Both YOLO and MultiBox use a
convolutional network to predict bounding boxes in an im-
age but YOLO is a complete detection system.

OverFeat. Sermanet et al. train a convolutional neural
network to perform localization and adapt that localizer to
perform detection [31]. OverFeat efficiently performs slid-
ing window detection but it is still a disjoint system. Over-
Feat optimizes for localization, not detection performance.
Like DPM, the localizer only sees local information when
making a prediction. OverFeat cannot reason about global
context and thus requires significant post-processing to pro-
duce coherent detections.

MultiGrasp. Our work is similar in design to work on
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grasp detection by Redmon et al [26]. Our grid approach to
bounding box prediction is based on the MultiGrasp system
for regression to grasps. However, grasp detection is a much
simpler task than object detection. MultiGrasp only needs
to predict a single graspable region for an image containing
one object. It doesn’t have to estimate the size, location,
or boundaries of the object or predict it’s class, only find a
region suitable for grasping. YOLO predicts both bounding
boxes and class probabilities for multiple objects of multi-
ple classes in an image.

4. Experiments

First we compare YOLO with other real-time detection
systems on PASCAL VOC 2007. To understand the differ-
ences between YOLO and R-CNN variants we explore the
errors on VOC 2007 made by YOLO and Fast R-CNN, one
of the highest performing versions of R-CNN [14]. Based
on the different error profiles we show that YOLO can be
used to rescore Fast R-CNN detections and reduce the er-
rors from background false positives, giving a significant
performance boost. We also present VOC 2012 results and
compare mAP to current state-of-the-art methods. Finally,
we show that YOLO generalizes to new domains better than
other detectors on two artwork datasets.

4.1. Comparison to Other Real-Time Systems

Many research efforts in object detection focus on mak-
ing standard detection pipelines fast. [5] [37] [30] [14] [17]
[27] However, only Sadeghi et al. actually produce a de-
tection system that runs in real-time (30 frames per second
or better) [30]. We compare YOLO to their GPU imple-
mentation of DPM which runs either at 30Hz or 100Hz.
While the other efforts don’t reach the real-time milestone
we also compare their relative mAP and speed to examine
the accuracy-performance tradeoffs available in object de-
tection systems.

Fast YOLO is the fastest object detection method on
PASCAL; as far as we know, it is the fastest extant object
detector. With 52.7% mAP, it is more than twice as accurate
as prior work on real-time detection. YOLO pushes mAP to
63.4% while still maintaining real-time performance.

We also train YOLO using VGG-16. This model is more
accurate but also significantly slower than YOLO. It is use-
ful for comparison to other detection systems that rely on
VGG-16 but since it is slower than real-time the rest of the
paper focuses on our faster models.

Fastest DPM effectively speeds up DPM without sacri-
ficing much mAP but it still misses real-time performance
by a factor of 2 [37]. It also is limited by DPM’s relatively
low accuracy on detection compared to neural network ap-
proaches.

R-CNN minus R replaces Selective Search with static
bounding box proposals [20]. While it is much faster than
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Real-Time Detectors Train mAP FPS
100Hz DPM [30] 2007 160 100
30Hz DPM [30] 2007  26.1 30
Fast YOLO 200742012 527 155
YOLO 200742012  63.4 45
Less Than Real-Time

Fastest DPM [37] 2007  30.4 15
R-CNN Minus R [20] 2007  53.5 6
Fast R-CNN [14] 2007+2012  70.0 0.5
Faster R-CNN VGG-16[27] 200742012  73.2 7
Faster R-CNN ZF [27] 200742012  62.1 18
YOLO VGG-16 2007+2012  66.4 21

Table 1: Real-Time Systems on PASCAL VOC 2007. Compar-
ing the performance and speed of fast detectors. Fast YOLO is
the fastest detector on record for PASCAL VOC detection and is
still twice as accurate as any other real-time detector. YOLO is
10 mAP more accurate than the fast version while still well above
real-time in speed.

R-CNN, it still falls short of real-time and takes a significant
accuracy hit from not having good proposals.

Fast R-CNN speeds up the classification stage of R-CNN
but it still relies on selective search which can take around
2 seconds per image to generate bounding box proposals.
Thus it has high mAP but at 0.5 fps it is still far from real-
time.

The recent Faster R-CNN replaces selective search with
a neural network to propose bounding boxes, similar to
Szegedy et al. [8] In our tests, their most accurate model
achieves 7 fps while a smaller, less accurate one runs at
18 fps. The VGG-16 version of Faster R-CNN is 10 mAP
higher but is also 6 times slower than YOLO. The Zeiler-
Fergus Faster R-CNN is only 2.5 times slower than YOLO
but is also less accurate.

4.2. VOC 2007 Error Analysis

To further examine the differences between YOLO and
state-of-the-art detectors, we look at a detailed breakdown
of results on VOC 2007. We compare YOLO to Fast R-
CNN since Fast R-CNN is one of the highest performing
detectors on PASCAL and it’s detections are publicly avail-
able.

We use the methodology and tools of Hoiem et al. [19]
For each category at test time we look at the top N predic-
tions for that category. Each prediction is either correct or
it is classified based on the type of error:

e Correct: correct class and IOU > .5
e Localization: correct class, .1 < IOU < .5

e Similar: class is similar, IOU > .1
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Fast R-CNN

Background: 13.6%

YOLO

Background: 4.75%
Other: 4.0%
Sim: 6.75%,

Other: 1.9%
Sim: 4.3%

Figure 4: Error Analysis: Fast R-CNN vs. YOLO These
charts show the percentage of localization and background errors
in the top N detections for various categories (N = # objects in that

category).

e Other: class is wrong, IOU > .1
e Background: IOU < .1 for any object

Figure 4 shows the breakdown of each error type aver-
aged across all 20 classes.

YOLO struggles to localize objects correctly. Localiza-
tion errors account for more of YOLO’s errors than all other
sources combined. Fast R-CNN makes much fewer local-
ization errors but far more background errors. 13.6% of
it’s top detections are false positives that don’t contain any
objects. Fast R-CNN is almost 3x more likely to predict
background detections than YOLO.

4.3. Combining Fast R-CNN and YOLO

YOLO makes far fewer background mistakes than Fast
R-CNN. By using YOLO to eliminate background detec-
tions from Fast R-CNN we get a significant boost in perfor-
mance. For every bounding box that R-CNN predicts we
check to see if YOLO predicts a similar box. If it does, we
give that prediction a boost based on the probability pre-
dicted by YOLO and the overlap between the two boxes.

The best Fast R-CNN model achieves a mAP of 71.8%
on the VOC 2007 test set. When combined with YOLO, its

mAP Combined Gain

Fast R-CNN 71.8 - -
Fast R-CNN (2007 data)  66.9 72.4 .6
Fast R-CNN (VGG-M) 59.2 72.4 .6
Fast R-CNN (CaffeNet) 57.1 72.1 3
YOLO 63.4 75.0 3.2

Table 2: Model combination experiments on VOC 2007. We
examine the effect of combining various models with the best ver-
sion of Fast R-CNN. Other versions of Fast R-CNN provide only
a small benefit while YOLO provides a significant performance
boost.
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VOC 2012 test mAP | aero bike bird boat bottle bus car cat chair cow table dog horse mbike personplant sheep sofa train tv

MR_CNN_MORE_DATA [11] | 73.9 | 85.5 829 76.6 57.8 627 794 772 866 550 79.1 622 870 834 847 789 453 734 658 803 74.0
HyperNet_-VGG 714|842 785 736 556 537 787 798 877 496 749 52.1 86.0 81.7 833 818 48.6 73.5 594 799 657
HyperNet_SP 71.3 | 84.1 783 733 555 536 786 79.6 875 495 749 521 856 81.6 832 81.6 484 732 593 797 65.6
Fast R-CNN + YOLO 70.7 | 83.4 785 735 558 434 79.1 731 894 494 755 57.0 875 809 81.0 747 41.8 715 685 821 672
MR_CNN_S_CNN [11] 70.7 | 850 79.6 71.5 553 577 76.0 739 846 505 743 61.7 855 799 817 764 41.0 69.0 61.2 777 72.1
Faster R-CNN [27] 70.4 | 849 798 743 539 498 775 759 885 456 77.1 553 869 81.7 809 79.6 40.1 72.6 609 812 615
DEEP_ENS_COCO 70.1 | 84.0 794 716 519 51.1 741 721 88.6 483 734 578 86.1 80.0 80.7 704 466 69.6 688 759 714
NoC [28] 68.8 | 82.8 79.0 71.6 523 537 741 69.0 849 469 743 531 850 813 795 722 389 724 595 76.7 68.1
Fast R-CNN [14] 684|823 784 708 523 387 778 716 893 442 730 550 875 805 808 72.0 351 683 657 804 64.2
UMICH_FGS_STRUCT 66.4 | 829 761 641 446 494 703 712 846 427 686 558 827 77.1 799 687 414 69.0 60.0 720 66.2
NUS_NIN_C2000 [7] 63.8 1802 738 619 437 430 703 67.6 80.7 419 69.7 51.7 782 752 769 65.1 38.6 683 58.0 687 633
BabyLearning [7] 632|780 742 613 457 427 682 668 802 40.6 700 49.8 79.0 745 779 640 353 679 557 687 62.6
NUS_NIN 624 1779 73.1 626 395 433 69.1 664 789 39.1 68.1 500 772 713 76.1 647 384 669 562 669 62.7
R-CNN VGG BB [13] 6241796 727 619 412 419 659 664 846 385 672 467 820 748 760 652 356 654 542 674 60.3
R-CNN VGG [13] 59.2 1768 709 56.6 375 369 629 63.6 8l.1 357 643 439 804 71.6 740 60.0 308 634 520 635 587
YOLO 579|770 672 577 383 227 683 559 814 362 60.8 485 772 723 713 635 289 522 548 739 508
Feature Edit [32] 56.3 | 746 69.1 544 39.1 331 652 627 69.7 308 560 446 700 644 71.1 602 333 613 464 61.7 578
R-CNN BB [13] 533 |71.8 658 520 341 326 59.6 600 69.8 27.6 520 41.7 69.6 613 683 57.8 29.6 57.8 409 593 54.1
SDS [16] 50.7 | 69.7 584 485 283 288 613 575 70.8 241 50.7 359 649 59.1 658 57.1 260 588 38.6 589 50.7
R-CNN [13] 49.6 | 68.1 638 46.1 294 279 56.6 570 659 265 487 395 662 573 654 532 262 545 38.1 50.6 51.6

Table 3: PAscAL VOC 2012 Leaderboard. YOLO compared with the full comp4 (outside data allowed) public leaderboard as of
November 6th, 2015. Mean average precision and per-class average precision are shown for a variety of detection methods. YOLO is the
only real-time detector. Fast R-CNN + YOLO is the forth highest scoring method, with a 2.3% boost over Fast R-CNN.

mAP increases by 3.2% to 75.0%. We also tried combining
the top Fast R-CNN model with several other versions of
Fast R-CNN. Those ensembles produced small increases in
mAP between .3 and .6%, see Table 2 for details.

The boost from YOLO is not simply a byproduct of
model ensembling since there is little benefit from combin-
ing different versions of Fast R-CNN. Rather, it is precisely
because YOLO makes different kinds of mistakes at test
time that it is so effective at boosting Fast R-CNN’s per-
formance.

Unfortunately, this combination doesn’t benefit from the
speed of YOLO since we run each model seperately and
then combine the results. However, since YOLO is so fast
it doesn’t add any significant computational time compared
to Fast R-CNN.

4.4. VOC 2012 Results

On the VOC 2012 test set, YOLO scores 57.9% mAP.
This is lower than the current state of the art, closer to
the original R-CNN using VGG-16, see Table 3. Our sys-
tem struggles with small objects compared to its closest
competitors. On categories like bottle, sheep, and
tv/monitor YOLO scores 8-10% lower than R-CNN or
Feature Edit. However, on other categories like cat and
train YOLO achieves higher performance.

Our combined Fast R-CNN + YOLO model is one of the
highest performing detection methods. Fast R-CNN gets
a 2.3% improvement from the combination with YOLO,
boosting it 5 spots up on the public leaderboard.

the test data can diverge from what the system has seen be-
fore [3]. We compare YOLO to other detection systems on
the Picasso Dataset [ | 2] and the People-Art Dataset [3], two
datasets for testing person detection on artwork.

Figure 5 shows comparative performance between
YOLO and other detection methods. For reference, we give
VOC 2007 detection AP on person where all models are
trained only on VOC 2007 data. On Picasso models are
trained on VOC 2012 while on People-Art they are trained
on VOC 2010.

R-CNN has high AP on VOC 2007. However, R-CNN
drops off considerably when applied to artwork. R-CNN
uses Selective Search for bounding box proposals which is
tuned for natural images. The classifier step in R-CNN only
sees small regions and needs good proposals.

DPM maintains its AP well when applied to artwork.
Prior work theorizes that DPM performs well because it has
strong spatial models of the shape and layout of objects.
Though DPM doesn’t degrade as much as R-CNN, it starts
from a lower AP.

YOLO has good performance on VOC 2007 and its AP
degrades less than other methods when applied to artwork.
Like DPM, YOLO models the size and shape of objects,
as well as relationships between objects and where objects
commonly appear. Artwork and natural images are very
different on a pixel level but they are similar in terms of
the size and shape of objects, thus YOLO can still predict
good bounding boxes and detections.

4.5. Generalizability: Person Detection in Artwork

Academic datasets for object detection draw the training
and testing data from the same distribution. In real-world
applications it is hard to predict all possible use cases and

5. Real-Time Detection In The Wild

YOLO is a fast, accurate object detector, making it ideal
for computer vision applications. We connect YOLO to a
webcam and verify that it maintains real-time performance,
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(a) Picasso Dataset precision-recall curves.

VOC 2007 Picasso People-Art

AP | AP Best Fy AP

YOLO 59.2 | 53.3 0.590 45

R-CNN 542 | 104 0.226 26

DPM 43.2 | 37.8 0.458 32
Poselets [2] 36.5 | 17.8 0.271
D&T [4] - 1.9 0.051

(b) Quantitative results on the VOC 2007, Picasso, and People-Art Datasets.
The Picasso Dataset evaluates on both AP and best I score.

Figure 5: Generalization results on Picasso and People-Art datasets.

Figure 6: Qualitative Results. YOLO running on sample artwork and natural images from the internet. It is mostly accurate although it

does think one person is an airplane.

including the time to fetch images from the camera and dis-
play the detections.

The resulting system is interactive and engaging. While
YOLO processes images individually, when attached to a
webcam it functions like a tracking system, detecting ob-
jects as they move around and change in appearance. A
demo of the system and the source code can be found on
our project website: http://pjreddie.com/yolo/.

6. Conclusion

We introduce YOLO, a unified model for object detec-
tion. Our model is simple to construct and can be trained
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directly on full images. Unlike classifier-based approaches,
YOLO is trained on a loss function that directly corresponds
to detection performance and the entire model is trained
jointly.

Fast YOLO is the fastest general-purpose object detec-
tor in the literature and YOLO pushes the state-of-the-art in
real-time object detection. YOLO also generalizes well to
new domains making it ideal for applications that rely on
fast, robust object detection.
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