
A. Dataset Analysis Details
A.1. Statistics
We provide a visualization of statistics of the objects that
occur in our dataset and the sequence duration distribution
in Fig. 11. A detailed comparison of actions, objects and
scenes between existing dataset statistics is included in the
supp. material.

A.2. Metrics
A.2.1. Metrics Overview
To quantitatively assess the quality of our HUMOTO
dataset compares to others, we define the following met-
rics that capture different aspects of motion naturalness and
interaction accuracy.

For human and object motion: Foot sliding measures
unnatural horizontal movement during ground contact. For
foot joints below a height threshold, we calculate horizon-
tal displacement with a weighting function that decreases
as joints lift from the ground. Lower values typically indi-
cate more natural motion. Jerk quantifies motion smooth-
ness by measuring the rate of change of acceleration. Lower
jerk represents smoother motions. Motion Signal-to-Noise
Ratio (MSNR) evaluates motion quality through the SNR
of joint kinematics. Higher SNR indicates smoother mo-
tion, though overly smoothed signals may lose important
details. Coherence quantifies motion consistency by mea-
suring pose cluster compactness. Values approaching 1 in-
dicate highly consistent movement patterns with minimal
deviation. Diversity measures variety of motion patterns
using normalized Shannon entropy across pose clusters.
Higher values indicate a wider range of motion patterns,
though this may potentially identify jitter as diversity.

For interaction quality: Penetration assesses the physi-
cal plausibility of human-object interactions by measuring
object intrusion into the human mesh. Lower values indi-
cate more physically plausible interactions. Contact en-
tropy quantifies the diversity of interaction states and tran-
sitions. Higher values indicate more diverse and complex
interactions with a balanced distribution of contact behav-
iors. State consistency measures the temporal stability of
interaction states, rewarding smooth contacts while penal-
izing rapid fluctuations. Higher scores indicate more con-
sistent interaction states with fewer changes.

Jerk is computed for both human and object motion.
Foot sliding, MSNR, Coherence, and Diversity apply only
to human motion. Penetration, contact entropy, and
state consistency evaluate human-object interaction quality.
These metrics are influenced by features of the dataset that
do not necessarily represent quality issues. Therefore, they
should be interpreted holistically rather than in isolation,
as their values are influenced by multiple factors including
motion and interaction complexity. A complete definition

of metrics is provided in Appendix A.2.2.

A.2.2. Metrics Formulation
Foot sliding measures unnatural horizontal movement dur-
ing ground contact. For each foot joint j (ankles and toes)
with height below threshold Hj , we compute:

Slidingj = Nf

∑
t∈Sj

∥pxy
j,t+1−pxy

j,t∥2 · (2−2(p
z
j,t/Hj)) (1)

where pj,t is the position of joint j at frame t, Sj are frames
where pz

j,t < Hj , and Nf is the total frame count. The ex-
ponential weighting function gradually decreases influence
as joints lift from the ground. The final metric averages
across all four foot joints and is reported in centimeters. In
a standard setting, the lower the foot sliding value, the more
natural the motion.

Jerk quantifies motion smoothness by measuring the
rate of change of acceleration. For a sequence of joint posi-
tions p with Nf frames, we compute:

Jerk =
1

Nf − 3

Nf−3∑
t=1

∥at+1 − at∥2, (2)

where velocities and accelerations are calculated as finite
differences. As indicated here, lower jerk represents more
smooth motions.

Motion Signal-to-Noise Ratio (MSNR) quantifies mo-
tion quality through the SNR of joint kinematics, computed
as:

SNR = 10 log10

(
Psignal

Pnoise

)
= 10 log10

(
E[v̂2]

E[|v − v̂|2]

)
,

(3)
where v represents the normalized local joint velocities, and
v̂ is the temporally smoothed version of v obtained through
convolution with a kernel size of 3. This metric captures
the relationship between meaningful motion patterns and
undesirable jitter or noise. A higher SNR value indicates
a smoother motion. However, we should note that an overly
smoothed signal may lose important details or contain less
informative action.

Coherence score quantifies motion consistency by mea-
suring pose cluster compactness. We compute coherence as

C = 1− µd

maxd
, (4)

where µd is the mean distance from poses to their cluster
centroids, and maxd is the maximum observed distance.
Values approaching 1 indicate highly consistent movement
patterns with minimal deviation.

Diversity metrics, on the other hand, quantify the variety
of motion patterns in a dataset. We compute motion diver-
sity using normalized Shannon entropy across pose clusters.
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Figure 11. Dataset statistics. Left: Object occurrence frequency by motion type (stationary vs. moving). Right: Sequence duration
distribution across the dataset.

After k-means clustering, we calculate

D = −
∑n

i=1 pi log2 pi
log2 n

, (5)

where pi represents the proportion of frames in the i-th clus-
ter. Higher diversity values indicate a wider range of mo-
tion patterns. However, this metric also identifies jittering
or noise as diverse patterns.

Penetration quantifies the physical plausibility of
human-object interactions by measuring object intrusion
into the human mesh. For each frame, we sample points
Pobj on object surfaces and compute the maximum pene-
tration depth as:

Penetration(t) = min
p∈Pobj

d(p,Mh), (6)

where d(p,Mh) is the signed distance from point p to
the human mesh Mh. Positive distances indicate interior
points, with more positive values representing deeper pene-
tration. We report the average maximum penetration across
all frames, with lower values indicating more physically
plausible interactions.

Contact entropy quantifies the diversity of interaction
states and transitions during human-object interaction. For
a sequence of interaction states discretized into categories
(large penetration, contact, proximity, and distance), we
compute:

Entropy = −
∑
i,j

p(si → sj) log2 p(si → sj), (7)

where p(si → sj) is the probability of transitioning from
state si to state sj across all sampled points and frames.
Higher entropy values indicate more diverse and complex
interactions, with a balanced distribution of different types
of contact and approach behaviors.

State consistency measures the temporal stability of in-
teraction states, rewarding smooth and persistent contacts
while penalizing rapid state fluctuations. For each sampled
point, we calculate the average run length normalized by

sequence length:

Consistency =
1

Np

Np∑
p=1

Avg. Run Lengthp

Sequence Length
. (8)

We additionally penalize points with large penetrations by
applying a scaling factor based on large penetration dura-
tion. Higher consistency scores indicate a more consistent
interaction state with fewer state changes.

A.3. Perceptual Evaluation Results
Following the details of our perceptual study setup provided
in Sec. 4.2.2, we provide the detailed score distribution per-
centages of absolute quality evaluations in Fig. 12 and pair-
wise evaluations in Fig. 13.
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Figure 12. Perceptual absolute quality ratings. We show the aggregate percentages of absolute quality ratings on five-point Likert scales
from our participants for HUMOTO, BEHAVE [1], OMOMO [39], IMHD [82], and ParaHome [35]. We assess the quality on four aspects:
(a) Human Motion Quality, how plausible the human motions appear; (b) Object Motion Quality, how plausible the object motions appear;
(c) Interaction Quality, how realistic the interactions between the humans and the objects appear; and (d) Overall Quality, how realistic
the overall animations appear. We observe significant increases in ratings of 5 for HUMOTO in all four aspects.
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Figure 13. Perceptual pairwise comparisons. We show the aggregate percentages of pairwise comparison results from our participants,
comparing side-by-side between HUMOTO and other datasets, including BEHAVE [1], OMOMO [39], IMHD [82], and ParaHome [35].
We assess the comparisons on four aspects: (a) Human Motion Quality, how plausible the human motions appear; (b) Object Motion
Quality, how plausible the object motions appear; (c) Interaction Quality, how realistic the interactions between the humans and the
objects appear; and (d) Overall Quality, how realistic the overall animations appear. After accounting for ties, we observe significant
preferences for HUMOTO in all four aspects.



Figure 14. Examples of how we use LLMs to develop our human-object interaction scripts for capturing. Top: We cluster objects
into different scene types and create possible interactions within that scene. Bottom: For each individual object, we prompt LLMs on how
one person would be possible to interact with the object.



Short script: The subject scoops ingredients using the spoon with left the hand from the deep plate. The subject adds ingredients with the left hand using the spoon to the 
mixing bowl. The subject mixes the content of the mixing bowl with the left hand.
Long script: The subject stand at the back of the table. The subject scoops ingredients inside deep plate with left hand using the spoon. The subject adds ingredients with left 
using spoon hand from deep plate to mixing bowl.  The subject lifts the mixing bowl with the right hand. The subject inserts left hand into the mixing bowl. The subject mixes 
content with left hand inside the mixing bowl with.

Figure 15. Motion generation results comparing our text-annotated dataset with MotionGPT [30]. Top: Generated motion sequence
from short script input. Middle: Generated motion sequence from detailed long script input. Bottom: Ground truth motion sequence from
our HUMOTO dataset. While MotionGPT can generate basic movements following general instructions, it struggles with the fine-grained
hand-object interactions and precise manipulation sequences present in our dataset.
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