


plore keystep recognition in large-scale, procedural activi-
ties with fully synchronized training videos.

5.2.2 Energy-efficient multimodal keystep recognition

Motivation. Current activity detection models assume ac-
cess to densely sampled clips from the full video and ample
computational resources to process them. These assump-
tions are incompatible with real-world devices (e.g., mobile
phones, AR glasses) where the camera is not always on and
the compute budget is limited by battery life. This task fo-
cuses on building energy-efficient video models to pave the
way for feasibility on real-world hardware.
Task definition. We formulate the problem as an online
action detection task, with a given energy budget. See Fig-
ure 5, right. Given a stream of audio, IMU, and RGB video
data, a model must identify the keystep being performed
at each frame, as well as decide which sensor(s) to use for
subsequent time-steps. This task will inspire models that
are strategic about which modality to deploy when. En-
ergy consumption is the sum of sensor energy (operating
the camera/audio/IMU sensors), model inference costs, and
memory transfer costs, and must be within 20mW to reflect
real-world device power constraints. See Appendix 13.B.2.
Related work. Prior work on efficient models considers
light-weight architectures [41, 56, 101, 155, 165, 195], ef-
ficient input processing [43, 44, 73, 102, 156], or inference
optimizations [39, 58, 121, 174, 206]. In all cases, they op-
timize computation (FLOPs), parameter count, or predic-
tion throughput (FPS), which in isolation are insufficient to
characterize running on real-world devices. To address this,
we propose the first benchmark for energy-efficient video
recognition that is tied to real-world, on-device constraints,
and measures total power consumed.

5.2.3 Procedure understanding

Motivation. Automatically understanding the structure of
a procedure from video (inferring keystep ordering, precon-
ditions, etc.) would allow assisting AR users in a task or
informing robots that learn from human demonstrations.
Task definition. In our procedure understanding task, given
a video segment st and its previous video segment history,
models have to 1) determine previous keysteps (to be per-
formed before st); infer if st is 2) optional or 3) a procedu-
ral mistake; 4) predict missing keysteps (should have been
performed before st but were not); and 5) next keysteps
(for which dependencies are satisfied). The task offers
two versions of weak supervision: instance-level: segments
and their keystep labels are available for train/test; and
procedure-level: only unlabeled segments and procedure-
specific keystep names are given for train/test. See Figure 5
(center) and Appendix 13.B.3.
Related work. Prior work focusing on procedural un-
derstanding learns an explicit graph [62, 150, 177] as

Proficiency Estimation

Demonstration proficiency: Correct / incorrect execution

Demonstrator proficiency: Novice? Intermediate? Late Expert?

Ego

Exo

Ego

Exo

Figure 6. Demonstrator and demonstration proficiency estimation.

ground truth or uses a task graph for representation learning
[9, 107, 202] and short-term step understanding [9, 36, 202].
Other work [32, 139] studies mistake detection in a super-
vised setting. We are the first to propose procedural under-
standing to evaluate the long-term structure of the task in a
weakly-supervised setting.

5.3. Ego-exo proficiency estimation

Motivation. Going beyond recognizing what a person is
doing, this task aims to infer the user’s skill level. Such
an ability could lead to novel coaching tools that let people
learn new skills more effectively, or new ways to evaluate
human performance in domains like sports or music.
Task definition. We consider two variants: (1) demon-
strator and (2) demonstration proficiency estimation. Both
tasks consider one egocentric and (optionally) M exocen-
tric videos synchronized in time as their inputs. Demonstra-
tor proficiency is formulated as a video classification task,
where the model has to output one of four labels (novice,
early, intermediate, or late expert). Demonstration profi-
ciency is formulated as a temporal action localization task
where given an untrimmed video, the model must output
a list of tuples, each containing a timestamp, a proficiency
category (i.e., good execution or needs improvement), and
its probability. Note that parts of the video that do not re-
veal the participant’s skill are left unlabeled. See Figure 6
and Appendix 13.C.
Related work. Prior work uses egocentric [12, 35] or ex-
ocentric [60, 114, 115] views for proficiency estimation in
sports [12, 115, 120], health [60, 92, 191, 208], and oth-
ers [35, 186]. We propose the first multi-view egocentric
and exocentric proficiency estimation benchmark. Unlike
prior work, our benchmark spans diverse, day-to-day physi-
cal and procedural scenarios and includes temporally local-
ized annotations of (in)correct executions.

5.4. Ego pose

This family of tasks is motivated by recovering the skilled
body movements of participants, even in the extreme setting
of monocular ego-video input in dynamic environments.
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Figure 7. Hand and body keypoints for ego-pose estimation

Motivation. Estimating the physical state of a person’s
body—the 3D positions of the arms, legs, hands—from the
ego view is essential for wearable AI systems that can sup-
port human activity. Challenges include subtle and flexible
movements, frequent occlusion, and body parts out of view.
Task definition. For both the body and hand pose (“ego
pose”) estimation tasks, the input is an ego video. The out-
put is a set of 3D joint positions of the camera wearer’s body
and hands for each time step, parameterized as 17 3D body
joint positions and 21 3D joint positions per hand, following
the MS COCO convention [87]. To our knowledge, Ego-
Exo4D offers the largest manual ground truth (GT) egocen-
tric body and hand pose annotations to date. And, in total, it
offers ∼14M frames of 3D GT and pseudo-GT combined.
See Figure 7 and Appendix 13.D.
Related work. Limited prior work explores 3D body
pose from a wearable camera. Some methods assume no
body visibility [63, 80, 98, 187, 188], while others as-
sume partial observability by modifying cameras to cap-
ture the body [3, 57, 136, 161, 181]. Our dataset can be
used for both paradigms. Existing hand pose datasets use
constrained environments [106, 146] with simple hand mo-
tion [50, 76, 109], whereas we include diverse real-world
scenarios, e.g., with expert musicians and bike mechanics.

6. Conclusions
Ego-Exo4D provides a dataset of unprecedented scale and
realism for ego-exo video learning. It offers a unique win-
dow into skilled human activity from 8 compelling domains
by hundreds of real-world experts around the globe. To-
gether with the proposed benchmarks, we hope that this new
open source resource will set the stage for substantial new
research for the years to come.

Though we are motivated by skill learning, Ego-Exo4D
is poised for even broader influence, beyond the proposed
benchmarks. Whereas existing datasets lack activity model-
ing in real-world 3D contexts (e.g., restricted to mocap suits
and/or lab settings). Ego-Exo4D is a resource for general
3D vision—such as environment reconstruction, camera re-
localization, audio-visual mapping, and many others. Sim-
ilarly, our novel video-language resources will offer many
opportunities for grounding of actions and objects, multi-

modal representation learning, and language generation. Fi-
nally, though our tasks prioritize perception from the “ego-
only” perspective, the exo component of our data ensures
its utility for the more traditional exo viewpoint too, e.g.,
for activity recognition and body pose estimation.
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with MICCAI 2017, Québec City, QC, Canada, September
14, Proceedings 3, pages 240–248. Springer, 2017. 39

[153] Vivienne Sze, Yu-Hsin Chen, Tien-Ju Yang, and Joel S
Emer. How to evaluate deep neural network processors:
Tops/w (alone) considered harmful. IEEE Solid-State Cir-
cuits Magazine, 2020. 46

[154] Mukund Varma T, Peihao Wang, Xuxi Chen, Tianlong
Chen, Subhashini Venugopalan, and Zhangyang Wang. Is
attention all that neRF needs? In The Eleventh Interna-
tional Conference on Learning Representations, 2023. 39

[155] Mingxing Tan, Bo Chen, Ruoming Pang, Vijay Vasudevan,
Mark Sandler, Andrew Howard, and Quoc V Le. Mnas-
net: Platform-aware neural architecture search for mobile.
In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pages 2820–2828, 2019. 8

[156] Shuhan Tan, Tushar Nagarajan, and Kristen Grauman.
Egodistill: Egocentric head motion distillation for efficient
video understanding. NeurIPS, 2023. 8

[157] Hao Tang, Dan Xu, Nicu Sebe, Yanzhi Wang, Jason J
Corso, and Yan Yan. Multi-channel attention selection
gan with cascaded semantic guidance for cross-view image
translation. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pages 2417–2426,
2019. 4, 7

[158] Hao Tang, Kevin Liang, Kristen Grauman, Matt Feiszli, and
Weiyao Wang. Egotracks: A long-term egocentric visual
object tracking dataset. Advances in Neural Information
Processing Systems, 2023. 6

[159] Yansong Tang, Jiwen Lu, and Jie Zhou. Comprehensive
instructional video analysis: The coin dataset and perfor-
mance evaluation. IEEE transactions on pattern analysis
and machine intelligence, 2020. 2, 4, 7

[160] Zachary Teed and Jia Deng. DROID-SLAM: Deep Visual
SLAM for Monocular, Stereo, and RGB-D Cameras. Ad-
vances in neural information processing systems, 2021. 57

[161] Denis Tome, Patrick Peluse, Lourdes Agapito, and Hernan
Badino. xr-egopose: Egocentric 3d human pose from an
hmd camera. In Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision (ICCV), 2019. 9

[162] Zhan Tong, Yibing Song, Jue Wang, and Limin Wang.
Videomae: Masked autoencoders are data-efficient learners
for self-supervised video pre-training. 2022. 43

[163] Vadim Tschernezki, Ahmad Darkhalil, Zhifan Zhu, David
Fouhey, Iro Larina, Diane Larlus, Dima Damen, and An-
drea Vedaldi. EPIC Fields: Marrying 3D Geometry and
Video Understanding. In Proceedings of the Neural Infor-
mation Processing Systems (NeurIPS), 2023. 3

[164] Hung-Yu Tseng, Qinbo Li, Changil Kim, Suhib Alsisan,
Jia-Bin Huang, and Johannes Kopf. Consistent view syn-
thesis with pose-guided diffusion models. arXiv preprint
arXiv:2303.17598, 2023. 4

[165] Pavan Kumar Anasosalu Vasu, James Gabriel, Jeff Zhu,
Oncel Tuzel, and Anurag Ranjan. Mobileone: An im-
proved one millisecond mobile backbone. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, pages 7907–7917, 2023. 8

[166] Sara Vicente, Carsten Rother, and Vladimir Kolmogorov.
Object cosegmentation. In CVPR 2011, pages 2217–2224.
IEEE, 2011. 6

[167] Hanlin Wang, Yilu Wu, Sheng Guo, and Limin Wang.
Pdpp: Projected diffusion for procedure planning in instruc-
tional videos. arXiv preprint arXiv:2303.14676, 2023. 4

[168] Daniel Watson, William Chan, Ricardo Martin-Brualla,
Jonathan Ho, Andrea Tagliasacchi, and Mohammad
Norouzi. Novel view synthesis with diffusion models.
arXiv preprint arXiv:2210.04628, 2022. 4

[169] Daniel Weinland, Remi Ronfard, and Edmond Boyer. Free
viewpoint action recognition using motion history volumes.
Computer Vision and Image Understanding (CVIU), 2006.
3, 7

[170] Yangming Wen, Krishna Kumar Singh, Markham Ander-
son, Wei-Pang Jan, and Yong Jae Lee. Seeing the un-
seen: Predicting the first-person camera wearer’s location
and pose in third-person scenes. In Proceedings of the
IEEE/CVF International Conference on Computer Vision
(ICCV) Workshops, pages 3446–3455, 2021. 4

[171] Olivia Wiles, Georgia Gkioxari, Richard Szeliski, and
Justin Johnson. Synsin: End-to-end view synthesis from
a single image. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, pages
7467–7477, 2020. 4

[172] Benita Wong, Joya Chen, You Wu, Stan Weixian Lei,
Dongxing Mao, Difei Gao, and Mike Zheng Shou. As-
sistq: Affordance-centric question-driven task completion
for egocentric assistant. In European Conference on Com-
puter Vision, 2022. 3

[173] Zhirong Wu, Shuran Song, Aditya Khosla, Fisher Yu,
Linguang Zhang, Xiaoou Tang, and Jianxiong Xiao. 3d
shapenets: A deep representation for volumetric shapes. In






