WHOLE: World-Grounded Hand-Object Lifted from Egocentric Videos

Supplementary Material

In supplementary material, we provide further details on
implementing network, full VLM prompt, and evaluation
metrics (Sec. A). We also visualize more comparisons and
results in supplementary videos.

A. Implementation Details

Network Architecture. We use a 4-layer transformer de-
coder with 4 attention heads for hand-to-object diffusion.
The network is non-autoregressive, processing sequences
jointly following [6], with 12.35M parameters. The diffu-
sion variable x is a 73-dimensional vector comprising: a
9D object state, a 2D bimanual contact indicator, and bi-
manual hand representations (2 x 31D)—global orientation
(3), translation (3), pose PCA (15), and shape parameters
(10). All inputs are projected to a consistent latent dimen-
sion of 512. The network is trained for 1,000,000 iterations
using AdamW at a learning rate of 2 x 10~*. To reduce
overfitting, we augment the object template by sampling a
random canonical pose applying a random rotation and a
small translation jitter—for each training window.

Training Loss. In addition to the DDPM loss, we intro-
duce auxiliary objectives to enhance realism. (1) Interac-
tion Loss (Liner) encourages realistic contact between the
predicted hand-object motions and contact labels. It pe-
nalizes hand-object distances when contact is predicted and
enforces near-rigid transport of contact points across con-
secutive contact frames [3, 4]. Specifically, for each hand
joint, we find its nearest object point p’, rotate it by the ob-
ject’s relative motion, and penalize deviation from its coun-
terpart p*t1, i.e. | RTY(R)Tp! —p*1||, where R is the ob-
ject rotation. (2) Consistency Loss (Lconst) promotes agree-
ment among hand features before and after MANO forward
kinematics, ||Jy, — MANO(T'y, Ay, ©y)ll2. (3) Temporal
Smoothness (Lsmootn) further penalizes large accelerations.

Running Time. On a single NVIDIA RTX 6000 Black-
well GPU, our model processes a 150-frame clip in an av-
erage of 59.34 seconds. The inference time is dominated
by the guidance step (59.06s), with the diffusion step re-
quiring only 0.28s. This represents an orders-of-magnitude
speedup over prior works such as [1] (30 hours) and [8] (1
hour). The peak memory footprint is 14GB. VLM queries
take 18.6s on average per image with GPT-5.

VLM Prompt. We prompt a VLM to label contact info,
with additnoal in-context-learning exmaples. Full prompts
are illustrated in Table in this appendix.

Evaluation Metrics. All metrics are computed on 150-

frame clips, which correspond to the original sequence
length in HOT3D-CLIP, in contrast to prior work [10],
which typically evaluates on shorter 60—100 frame seg-
ments taken from the middle of the videos.

To compute W/WA-MPIJPE, we align the predicted tra-
jectory to the ground truth using an affine transformation
(scale, rotation, translation) estimated from selected key-
points. WA-MPJPE uses all joints from all frames, while
W-MPIJPE uses only the joints from the first two frames.
Although trajectory error could be computed without align-
ment given ground-truth cameras, we follow the standard
alignment protocol used in prior work [5, 9, 10].

For ADD/ADD-S of objects, we align predictions using
the ground-truth camera poses. For HOI ADD/ADD-S, we
first globally align the hand trajectory (as in WA-MPJPE)
and then evaluate object error in this aligned space. The
usual AUC [2, 7] threshold of 0.1 is overly strict for ego-
centric HOI due to severe occlusion, truncation, and out-of-
view frames, leading to saturated low scores. We therefore
use a more permissive threshold of 0.3 to obtain a more in-
formative evaluation.



System Instruction

You are a precise visual classifier for hand-object contact detection in
cluttered scenes.

CRITICAL CONSTRAINTS:

1. Each hand (left/right) can be in contact with AT MOST ONE object at a time.

2. "In contact" means direct physical touch: grasping, holding, pressing, or
any visible contact.

3. If a hand is not clearly touching any object, you must mark all objects as 0
for that hand.

User Prompt Template

Analyze this image for hand{object contact (actual touching, not just reaching).
VISUAL GUIDANCE:

The image has been annotated with colored masks:

— GREEN dot = Left hand

- RED dot = Right hand

— Other COLORED masks = Candidate objects (each object has a unique color)
CANDIDATE OBJECTS (in order) :

1. obijl
2. obij2
3. obj3

STRICT DEFINITION OF CONTACT:
For this task, contact means clear physical touching in this frame only.
Contact (label = 1) requires BOTH:
1. Mask intersection:
— The hand mask and the object mask share some pixels or directly overlap
at the boundary (no visible gap).
2. Touching region:
— The overlap is at a plausible touching area (finger tips, fingers, palm,
side of hand) on the visible surface of the obiject.
NO Contact (label = 0) in all of these cases:
- The hand is reaching toward, hovering above, or very close to an object with
a visible gap between masks.
— The hand is aligned in depth (e.g., above or behind the object) but the masks
do not intersect.
— The hand is in a pose that suggests future contact, but there is no current
touching in this single frame.
— There is only a tiny, ambiguous intersection (1{2 pixels) that could be noise
or occlusion. In such uncertain cases, choose 0 (no contact).
IMPORTANT:
- **Reaching or hovering is NOT contact.x*x*
- **xIf you are unsure whether contact is happening, choose 0 (no contact).xx
CONSTRAINTS (VALIDATION CHECK) :
- Each hand can touch AT MOST ONE object.
— Sum of left across all objects must be <= 1.
- Sum of right across all objects must be <= 1.
- If a hand is not clearly touching any object, it should have 0 for all objects.
OUTPUT FORMAT:
Return only a JSON object in this exact format (no extra text):
{
"objl": {"left": 0, "right": 1},
"obj2": {"left": 0, "right": 0},
"obj3": {"left": 1, "right": 0}




}
Where:
- 1 = the specified hand is clearly touching that object in this frame.
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