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1. Implementation Details

CPHOI is implemented as a Transformer decoder architec-
ture with 8 layers and a hidden dimension of 512. Our point-
wise object embedding network is a PointNet++ [9] fed
with 512 randomly sampled vertices from the conditioned
object. The model is trained with DDPM [4]; DDIM [12] is
used at inference. More details per experiment can be found
in Table 1. We use the Adam optimizer [5] for the noise
optimization procedure. To reduce memory costs, we focus
only on the MANO [10] subset of vertices of the SMPL-X
human body and simplify it further to 1,100 vertices for each
hand. The object meshes are simplified to 3,000 faces.

2. Contact Representation

Directly generating index pairs via diffusion is challenging.
To address this, we adopt a more learnable representation.
We define a fixed anchor set A, consisting of a subset of
MANO [11] hand vertices located on the palm (Figure 2).
At each frame f , and for each anchor a ∈ A, a binary
variable ba indicates whether the anchor is in contact. A cor-
responding position pa ∈ R3 specifies the contact location
on the object surface in its rest pose. This yields the contact
representation:

FCP =
[
p1, . . . , p|A|, b1, . . . , b|A|

]
resulting in a per-frame contact feature of dimension (3 +
1) × |A|. The contact pairs figure in the main shows an
example of contact pairs generated by HOIDiNi.

For the OMOMO [6] dataset, which lacks fingers’ motion,
we follow CHOIS and define the middle finger in each hand
in the SMPL-X body model as the anchor, resulting in only
two anchors for this benchmark.

3. Additional DNO Loses

3.1. Object-centric losses
Goal Loss. We encourage the object to reach a set of target
poses at selected keyframes by penalizing both position and

Experiment GRAB [2020] OMOMO [2023]

Training
parameters

# input prefix frames 15 1
# generated frames 100 119
diffusion steps (T ) 8 14
training steps 120K 50K
batch size 64 64

DNO
parameters

perturbation scale 10−6 10−5

difference penalty 10−6 10−5

λC 0.95 0.95
λFoot 0.5 0.5
λJitter 10−5 10−3

λPHO
0.05 0.05

λPHS
0.2 –

λPHH
0.05 0.05

λPOS
1.2 0.05

λGoal 0.5 0.9
λStatic 0.9 0.05
λFeetF loorContact – 0.5

Table 1. Hyper-parameters in use for each experiment.

orientation errors. Concretely, we define

LGoal =
1

|T |
∑
t∈T

(
∥t̂t − tt∥2 +Drot

(
R̂t, Rt

))
Where, Drot measures the angular deviation between rota-
tion matrices R1 and R2.

Static Loss. To prevent unintended object motion, we pe-
nalize changes in position across frames where the object
is not in contact with the human. We identify contiguous
non-contact intervals {T nc

s }Ss=1, and for each such segment
s, we anchor the object pose to its value at the first frame,
tstarts . The loss is then computed as:

LStatic =
1∑S

s=1 |T nc
s |

S∑
s=1

∑
t∈T nc

s

(
∥tt − ttstarts

∥2 +Drot(Rt, Rtstarts
)
)
,

where tt and Rt are the object’s translation and rotation at
frame t, respectively, and Drot measures the angular distance
between two rotations. This encourages the object to remain
static when not actively manipulated.
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3.2. Human-centric losses
Feet-floor Contact Loss. For the OMOMO experiment,
following CHOIS, we add a loss term that enforces accurate
foot contact at the mesh level.

When reconstructing the human mesh with SMPL-X [8]
using predicted root positions, joint rotations, and subject-
specific body parameters, the generated feet may occasion-
ally fail to touch the floor. To address this, we add a guidance
term that encourages realistic feet-floor contact.

Let Jl and Jr denote the positions of the left and right
toe joints. At each frame, the supporting foot is identified
by comparing their z-coordinates. We further set a threshold
height h = 0.02 meters, derived from analyzing foot heights
in the ground truth motion. The guidance term is then defined
as:

LFeetFloorContact = |min(Jz
l ,J

z
r )− h|2. (1)

This measures the vertical deviation between the lower toe
joint and the threshold height h.

4. Evaluation Metrics

For both benchmarks, GRAB and OMOMO, we evaluate
our method along two dimensions: motion realism and inter-
action accuracy.

4.1. GRAB Evaluation
For the GRAB dataset [13] experiment, we follow IMoS [1],
and compute realism metrics using embeddings from the
final layer of an intent classifier. However, the classifier used
in IMoS is limited to body joint positions and cannot capture
fine-grained grasp dynamics. In contrast, our evaluation
employs a more expressive classifier that takes as input body
joints, hand joints, and object trajectories, allowing for a
more comprehensive assessment of interaction quality.

FID. Fréchet inception distance measures the distance
between the distributions of generated and ground-truth mo-
tions in a learned embedding space. Lower FID values indi-
cate that the synthetic motion is closer in distribution to real
motion data, capturing both realism and diversity.

Diversity. Evaluates how varied the generated motions
are across different samples for the same input condition
(e.g., prompt or object). It is computed as the average pair-
wise distance between multiple motion samples in the em-
bedding space. A lower difference between ground truth and
generated diversity scores suggests that the generated mo-
tions effectively capture the observed variability of human
movement.

AVE. Measures the discrepancy between the variance of
joint positions in generated motion and that of ground-truth
motion. Specifically, it computes the average L2 difference
in per-joint positional variance across time. A lower AVE
suggests that the model accurately captures the temporal dy-

namics and variability of natural human movement, avoiding
overly rigid or overly jittery outputs.

IRA. Intent recognition accuracy quantifies how well the
generated motions conveys the intended interaction or action.
It is computed as the classification accuracy of the intent
classifier on generated samples. High IRA indicates that the
generated motions are semantically meaningful and align
with their intended action labels, providing a measure of
goal consistency and plausibility.

Multimodality. Assesses the model’s capacity to produce
distinct motions for the same conditioning intent. Unlike
diversity, which measures sample variation globally, multi-
modality focuses on conditional variability by comparing
multiple outputs conditioned on the same prompt. This met-
ric is crucial for evaluating whether the model can express
different plausible interaction strategies.

Penetration. Quantifies physical implausibility by mea-
suring the extent to which the human mesh intersects with
the object mesh. We compute the mean maximal penetra-
tion depth across frames where interpenetration occurs and
the object is above table height. Lower penetration values
indicate more physically valid interactions, particularly in
grasping and manipulation scenarios where accurate surface
contact is essential.

Floating. Captures the failure of hand-object interaction
where the hand remains unnaturally far from the object sur-
face. It is computed as the mean shortest distance between
the body and object meshes, averaged across all motions
(excluding frames with penetration and frames where the ob-
ject is at table height). High floating values typically reflect
unrealistic, disconnected grasping motion.

4.2. OMOMO Evaluation
For the OMOMO dataset [6] experiment, we follow the
evaluation metrics defined by CHOIS [7]:

Condition Matching Metric. Those metrics calculate the
Euclidean distance between the predicted and input object
waypoints. It includes the start and end position errors
(Ts, Te), and waypoint errors (Txy) measured in centimeters
(cm).

Human Motion Quality Metric. Those metrics encom-
passes the foot sliding score (FS), foot height (Hfeet),
Fréchet Inception Distance (FID) and R-precision (Rprec).
FS is the weighted average of accumulated translation in
the xy plane, following prior work [3], measured in cen-
timeters (cm). Hfeet assesses the height of the feet, also in
centimeters. Rprec and FID are computed following the
text-to-motion task [2]. Rprec (top-3) measures whether the
generated motion is consistent with the text. FID assesses
the motion quality by computing the discrepancy between
the distributions of ground truth and generated motions.



Figure 1. A screenshot from the user study.

Figure 2. Palm anchor set A used by CPHOI for the GRAB [13]
experiment.

Interaction Quality Metrics. Those metrics assess the
accuracy of hand-object interactions, encompassing both
contacts and penetrations. For contact accuracy, it employs
precision (Cprec), recall (Crec), and F1 score (CF1

) metrics
following prior work [6]. Additionally, it includes contact
percentage (C%), determined by the proportion of frames
where contact is detected. To compute the penetration score
(Phand), each vertex of the hand Vi is used to query the

precomputed object’s Signed Distance Field (SDF). This
process yields a corresponding distance value di for each
vertex. The penetration score is then derived by computing
the average of the negative distance values (representing
penetration), formalized as 1

n

∑n
i=1 |min(di, 0)|, measured

in centimeters (cm).
We note that CHOIS additionally measured the distance

of the generated motion from the corresponding ground truth
motion. Since HOIDiNi is a generative model, not aiming to
reconstruct the ground truth, we find this metric irrelevant
for our scope and omit it.

5. User Study
We conducted a user study for the GRAB dataset [13] with
24 participants, evaluating, in total, 12 side-by-side randomly
selected samples of two models using the same inputs. We
asked the user to evaluate the grasp quality, prompt adher-
ence, and overall quality. As shown in the user study figure
in the main paper, users preferred the results generated by
our framework. A representative screenshot from the study
interface is shown in Figure 1.
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