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Experimental Results
Camera motion (ego-motion) t Intra & Cross-Dataset Evaluation
Ego4D — EgodD EPIC — EPIC|EPIC — Ego4D EgodD — EPIC
Method
m ADE | FDE| ADE | FDE ||ADE | FDE | ADE | FDE |
1. Eeo-motion incorporation CVM |1] 108.11 143.23 141.70 155.40 |108.11 143.23 141.70 155.40
- £8 . P . KF |2] 71.23 72.87 70.58 75.60 | 71.23 72.87 70.58 75.60
* Take ego-motion as input Seq2Seq|3] 55.01  60.72  62.24 67.85 | 6243 67.85 67.97 72.26
* Forecasting future ego-motion OCT [4] 49.40 54.73 53.85 59.06 | 57.74 59.10 64.97 65.84
2. Generalization abi|ity I3D + Regression [5| 49.27 53.04 49.64 54.83 | 59.72 o61.72 51.70 58.37
e Robustness to novel scene Ours 48.99 52.83 48.78 54.03 |53.67 56.36 51.03 56.78
Task Definition Input Ablation Loss Ablation
: : Int C
Task: 2D !-Iand Forecasti pg Object RGB Flow Ego —— 0 ross et Intra Cross
Observation: 2s, Forecsting: 1s ADE | FDE | ADE | FDE | ADE | FDE | ADE | FDE |
v v v 4876 53.79 52.78 57.02
Y 7/ 008 5483 5330 5754 W/0 Lego 49.66 54.26 52.84 57.08
Xp1- frame 0.25s after the last observed frame ;v / 5L00 5478 BATA 57.93 W/ Lego (Ours) 48.89 53.43 52.35 56.57
v v v Vv 4889 53.43 52.35 56.57

Xp3- frame of 0.75s after
Xp4- frame of 1s after

Predict hand location (h}, hY ), where Qualitative Results

i € {pl1,p2,p3,p4}, on 2D image coordinate

Limitations & Fu

¢ Forecasting in 3D

EPIC-Kitchens 55

*** More interesting scenario where hands are ® GT
out-of-view in several frames during
observation ® Ours
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