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[1] Durrant et al. Simultaneous localization and map: part |. 2006 RAM
[2] Taketomi e al. Visual SLAM algorithms: A survey from 2010 to 2016. 2017 IPSJ
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[1] DeTone, et al. Toward geometric deep slam. 2017 arXiv
[2] Tateno, et al. Cnhn-slam: Real-time dense monocular slam with learned depth prediction. 2017 CVPR
[3] Li, et al. Undeepvo: Monocular visual odometry through unsupervised deep learning. 2018 ICRA
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[1] Collander, et al. Learning the next best view for 3d point clouds via topological features. 2021 ICRA
[2] Gazani, et al. Bag of views: An appearance-based approach to next-best-view planning for 3d reconstruction. 2023 RAL
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[1] Liu, et al. Object-aware guidance for autonomous scene reconstruction. 2018 TOG
[2] Dong, et al. Multi-robot collaborative dense scene reconstruction. 2019 TOG
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[1] Chaplot, et al. Active neural localization. 2018 arXiv
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O EARY. ERERREIEE:
O YOLO
0 MASK RCNN
[0 ResNet

O XEFZERNBERME: LRI ASIERZERE
O BS8EaericRsE:
O ¥ExRE: B (ERE) PRSIl EFaRRE!
O BXlR: BYBINEESERSTRINE, FasUNAEESSIEFIWIINRS!

[1] Redmon, et al. You only look once: Unified, real-time object detection. 2016 CVPR
[2] He, et al. Mask r-cnn. 2017 ICCV
[3] He, et al. Deep residual learning for image recognition. 2016 CVPR
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[1] Pathak, et al. Learning instance segmentation by interaction. 2018 CVPR
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[1] Fang, et al. Move to see better: Self-improving embodied object detection. 2020 arXiv
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O MBEXRBEEEEIURTEXAEERE Ebenchmark:
O Rel3d
[0 Spatialsense

0 openimages

Rel3d Spatialsense open images

[1] Goyal, et al. Rel3d: A minimally contrastive benchmark for grounding spatial relations in 3d. 2020 NIPS
[2] Yang, et al. Spatialsense: An adversarially crowdsourced benchmark for spatial relation recognition. 2019 ICCV
[3] Kuznetsova, et al. The open images dataset v4: Unified image classification, object detection, and visual relationship detection at scale. 2020 IJCV
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robotic vision scene understanding challenge

ChangeSim

VL-CMU-CD

PCD

O O0O00

[1] Hall, et al. The robotic vision scene understanding challenge. 2020 arXiv

[2] Park, et al. Changesim: Towards end-to-end online scene change detection in industrial indoor environments. 2021 IROS
[3] Prabhakar, et al. Cdnet++: Improved change detection with deep neural network feature correlation. 2020 IJCNN

[4] Sakurada, et al. Weakly supervised silhouette-based semantic scene change detection. 2020 ICRA
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[1] Gadre, et al. Continuous scene representations for embodied ai. 2022 CVPR
[2] Zhang, et al. Object-level change detection with a dual correlation attention-guided detector. 2021 ISPRS
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[1] Yang, et al. 4d panoptic scene graph generation. 2024 NIPS
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[1] Narayanan et al. ProxEmo: Gait-based Emotion Learning and Multi-view Proxemic Fusion for Socially-Aware Robot Navigation. 2020 IROS
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[1] Zhang et al. Recurrent neural network for motion trajectory prediction in human-robot collaborative assembly. 2020 CIRP.
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MotionGPTHYE R MotionGPTHY G /L%
[1] Jiang et al. Motiongpt: Human motion as a foreign language. 2024 NIPS
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MotionLLMASEAZE MotionLLMASFERER) 1|25
[1] Chen L H et al. MotionLLM: Understanding Human Behaviors from Human Motions and Videos. 2024 arXiv preprint arXiv:2405.20340



=1} | IR



IR AR

O HlsSABSRENASRIBRAIEE], sTLUBEAR:
O EERERIE
O &5

O DEAMMESESHNES

BT -— ECTES



FIE AR E N

O SRERBFIAAREN:
O Ee(ESuMERES], MMRF =R AEANRZEFTHBAERMSE
O BHHERERANAFPNERENESEE, NMZEREHFPRIAEE
O "leeNAREfRS: BEZFEA. §ExxE. TIiMES

PEfEALERA Tol#zsA

114
el
Qi
IHI



SRR RkRRAL

O EEPRBEERERBEIRGNREHTRE
O R
O AJLEHHAE (SERSTR) . SCERME (BEB—{EM==C, LBP) FIzFEIT (Action Units,
AU) F
O EEPERGRBIRIEZRNK
O ’Eg}:ﬁtﬁ‘FE’JE“B SRR
AJREEIE AR, ESEMN. BIENARNERZ8S, NEREISEEEXES

[1] Ma F et al. Facial expression recognition with visual transformers
and attentional selective fusion. 2021 IEEE Transactions on Affective
Computing
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O Visual TransformersS4SiitrisS
O FXEBHIN (BIHEEie=mHEig) PRIFER(ESS, BEEANIRIEN. ARBISLERES. HEEPEH
MiEoiEfSFE IS
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O 1ZEZR] LRSS CSCUSCIRE SRR, HBREBIREITERIFEFI&EREEFE T, 7
BefRIF=aE
O XXM TEHEFHIRE. SEFNHCEETSNATR/TAEE
[1] Ma F et al. Facial expression recognition with visual transformers and attentional selective fusion. 2021 IEEE Transactions on Affective Computing
[2] Wang K et al. Region attention networks for pose and occlusion robust facial expression recognition. 2020 IEEE Transactions on Image
Processing

[3] Wu Y et al. Edge-Al-driven framework with efficient mobile network design for facial expression recognition. 2023 ACM Transactions on
Embedded Computing Systems




B RN & SIS AR

O EEERYEH:
O MAERNESESHRINES. 5R. PE. SeEHIHEARA
O REEEMENSHEGIE I BRIEE (Mel-spectrogram) N EM/RETERENEZEL (MFcC)
O BEUEEREEEERS, KRB MHEIMNAMAFIE IR
O TEERVZEA. SHeeiig. OIEERENENsE 20N
O ZESEREH]:
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BT REBEZR G TR X RIAFIMNTE X, HalSiTtERNLE LSS, BERE TS AR EEE,

EARKIEFNSEI TR (DGA) RIEAZEM RRUEEMNE(MALNet) HIRSE
[1] Yu L et al. Mattnet: Modular attention network for referring expression comprehension. 2018 Proceedings of the IEEE conference on computer vision

and pattern recognition
[2] Yang S et al. Dynamic graph attention for referring expression comprehension. 2019 Proceedings of the IEEE/CVF International Conference on

Computer Vision
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O {ESHK (Task Planning) RESEENMESZ— (B—TMRUEREFS) , KR
HYAEAT AT ASSIE SRR A BRI AT A THR BE

O SARIBSREERL: ASESHEAVIRARTRITHNEE, ITHEE

BnZKHEMHE (MoveTo, bottle)

Zit27k#R (PickUp, bottle)

g 7, ALAREREMKE LS

BaZEIEFHIE (MoveTo, table)

EKMEIE E (Put, bottle, table)
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O LRZES, WSTRIPS, PRODIGYAl, SHOP2Z, (FRAARIMIF (VR IEFIEZER

STRIPS PRODIGYAI SHOP2

[1] Fikes et al. STRIPS: A New Approach to the Application of .Theorem Proving to Problem Solving. 1971 IJCAI.
[2] Carbonell et al. PRODIGY: an integrated architecture for planning and learning. 1991 SIGART Bull.
[3] Au et al. SHOP2: An HTN Planning System. 2003 arXiv.
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PDDL7=f ASP7=fI

[1] Howe et al. PDDL-the planning domain definition language. 1998 ICAPS
[2] Lifschitz et al. What Is Answer Set Programming?. 2008. AAAI
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[1] Xu et al. Regression Planning Networks. 2019. NeurlPS
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[1] Liu et al. LLM+P: Empowering Large Language Models with Optimal Planning Proficiency. 2023
arXiv.
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O KEEAEINXIES
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[1] Huang et al. Language Models as Zero-Shot Planners: Extracting Actionable Knowledge for Embodied Agents. 2022. arXiv.
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[1] Singh et al. ProgPrompt: Generating Situated Robot Task Plans using Large Language Models. 2023 Autonomous Robots.
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O Pam-EEETAERSEREEUEXNLLMEA T, HSUFSESHA

[1] Driess et al. PaLM-E: An Embodied Multimodal Language Model. 2023. arXiv.
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O TR AET, AR — NSEERIRTRATYEE, S8 groundingBIHR SR

[11 Ahn et al. Do As | Can, Not As | Say: Grounding Language in Robotic Affordances. 2022. arXiv.
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[1] Yi et al. EgoPlan-Bench: Benchmarking Multimodal Large Language Models for Human-Level Planning. 2023. arXiv.

[2] Srivastava et al. BEHAVIOR: Benchmark for Everyday Household Activities in Virtual, Interactive, and Ecological Environments. 2021. arXiv.
[3] Puig et al. Watch-and-help: A challenge for social perception and human-ai collaboration. 2020. arXiv.

[4] Shridhar et al. ALFRED: A Benchmark for Interpreting Grounded Instructions for Everyday Tasks. 2020. CVPR2020.
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2022
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O MmmSAn (Visual Navigation)

O MBS SHn (Vision-Language Navigation)
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O NIREHIRBUEEE SMI5E:
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ResNet, VGG, InceptionZ=ilil)l|ZREL KRR T BAmRBIRSERFRMINER
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O VTNet&&— M5 Transformer (VT) F1— SRR ML,
O P RIEMERLSEIHIZEPYIIRSLA, SCHBFIES=ENHIRLS, KB BEENERFR R
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[1] Du et al. VTNet: Visual Transformer Network for Object Goal Navigation. ICLR 2021
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O WHHERZICIZ (BRM)
O MR TR B, AN EFNCIZH SIS MR

[1] Gupta et al. Cognitive mapping and planning for visual navigation. 2020 |JCV

[2] Chen et al. A behavioral approach to visual navigation with graph localizationnetworks. 2019 RSS
[3] Ramakrishnan et al. Occupancy anticipation for efficient exploration and navigation. 2020 ECCV
[4] Yang et al. Visual semantic navigation using scene priors. 2018 arxiv

[5] Yi Wu. 2019. Bayesian relational memory for semantic visual navigation. 2019 ICCV
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