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Why Object Trajectory GMT Architecture

Synthesizing controllable 6-DOF object - S * Controlled Scenarios (Aria Digital Twin Dataset [1])
. . . . . | 5 ’ .» s feature r--———————IXL “ f _
manipulation trajectories in 3D e R v EEFED : : m ADE[m] | | FDE[m]| | FD[m]| | AC[m]t® | CRI[%] |
. . . . ”3*/5 f';tt':: I K v : K v :
environments is essential for enabling 7~ e el 2 e ) GIMO [3] 0.982 1.401 1.511 0.140 19.6
. : "* rhd (L T " i WY 0 IaR i
rObOtS to I nte ra Ct Wlth Com plex Scen eS. o Ir;;"cajl:écto}:y&Scene“ - atens Multi-modal Transformer o ) o Preicfe:i/rajectory : CHOIS [4] 0853 1062 1209 0283 93
-y —— | : | GMT (Ours)  0.366 0.072 0.438 0.402 13.1
. ] - Linear - . B 3 Linear
. GT ' Goal F, F, 8 ng,_ 1
} £ 3
Predicted | Scene pointcloud 2 F.p,
' eaicte | : . — PointNet++ —_— . - § Multi-modal Transformer 7S Ry oY 0
Object bounding box F, F, ® 1 : = % h ‘ e - T : o 5 il i =
Fixture labels A .
| SpC | —_ % CcLIP _— . :\> > Ground Truth GIMO CHOIS Ours
] | .~ ‘ 2 s=.7 Description F; Fy FtpEFfF.de
l‘g ‘g y : B CUP’de Fixture bounding boxes -_— SelfAttention -_— Feature fusion
A food r ] n b
émo" e R s ¢ bl @ Concatenation Multi-modal feature extraction s

A t
{acond covelf - ¢upboard

Key Design

Ground truth

° ° ° . . . . . L Description: Donut J
Object-centric generation: predict object motion directly instead
of modeling it as a byproduct of human motion. * Realistic Scenarios (HD-EPIC Dataset [2])
| Tailored conditioning: combine local geometry, fixture semantics, m ADE[m] | | FDE[m] | | FD[m]| | AC[m]{ | CR[%] |
From the top shelf pick up the candy floss machine by L
sliding it outwards, using the right hand. With the left la nguage dESCprtIOn, and goal pose. GIMO [3] 0.411 0.654 0.780 0.002 11.8%
hand, pick up the disk of the candy floss machine. Put £ . v . . . CHOIS [4 0.446 0.589 0.760 0.009 12.0%
down the candy floss on the counter top. Geometry-first fusion: hierarchical transformer fusion improves [4] :
Ri! T i spatial feasibility, long-horizon stability, and goal alignment. GMT (Ours) 0.283 0.034 0.391 0.037 10.3%

Problem Formulation

We learn a conditional distribution over future Object Trajectory Extraction

object motion: T
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Egocentric Video Preprocessing

where X, .y is the observed 6-DOF history, G is
the target end pose, and S contains scene point
clouds and fixture bounding boxes.
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(a) Given 2D annotation

Ground truth 7 GIMO CHOIS

Description: pick up another spoon that's soaking in the sink. Remove what's
stuck on the spoon by brushing the finger over it while soaking it in the water.
Open the top cutlery drawer. Put the knife into a slot in the cutlery drawer.

The model predicts the remaining future
trajectory that is both scene-consistent and
goal-directed
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(c) metrics depth estimation by Unik3D (d) 3D bbox caculation

Surrounding Objects Reconstruction
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