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ReCHOIR: Contact-guided Human Object Interaction Retargeting to Diverse
Characters

1 Implementation Details
Loss Weights. We summarize the loss weights used in our exper-

iments in Table 1. The weights were selected empirically so as to
balance humanmotion reconstruction, interaction preservation, and
object motion regularization.

Table 1. Loss weights used in the two training stages. Top: human motion
retargeting (PAME), Bottom: contact-guided motion retargeting

Human Motion Retargeting

Loss Values

𝜆𝑞 5.0
𝜆𝑝 0.01
𝜆𝑟 10.0
𝜆𝑣 1.0
𝜆𝑎 0.2
𝜆𝑔𝑙 1.0
𝜆𝑔𝑣 6.0
𝜆𝑔𝑦 6.0
𝜆𝑔𝑝 0.1
𝜆𝑧𝑔 1.0
𝜆𝑧𝑝 0.25

Contact-guided Motion Retargeting

Loss Values

𝜆𝑞 5.0
𝜆𝑝 0.01
𝜆𝑟 10.0
𝜆𝑣 0.5
𝜆𝑐𝑑 0.05
𝜆𝑠𝑑 1.0
𝜆𝑠𝑣 0.01
𝜆𝑜𝑝 0.1
𝜆𝑜 𝑓 0.5
𝜆𝑜𝑠 0.05
𝜆𝑜𝑡 0.01

2 Details of Metrics
Human Motion Reconstruction. We followed the evaluation proto-

col of Lee et al. [2023] and measured human motion quality using
joint rotation (JR [rad]), joint position (JP [cm]), root trajectory (RT
[cm]), ground penetration (GP [cm]), and foot sliding (FS). Let 𝑅(·)
denote the 3×3 rotational matrix converted from the 6D rotation
representation. Then the metrics were defined as follows:

JR =
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𝑡=1
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𝑗=1

∥ log
(
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)
∥2,
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Here, we set 𝑦𝑡ℎ𝑟 = 3.
In addition, following Aberman et al. [2020], we used Intra and

Cross metrics from [Aberman et al. 2020] to evaluate retargeting
performance. Both metrics were computed from global positional
error normalized by the target character height. For Intra, this error
was averaged over all retargeted-retargeted pairs among N target
characters, i.e., N–N pairs. For Cross, it was averaged over source-
retargeted pairs, i.e., 1–N pairs between the source character motion
and each retargeted target-character motion.

Interaction Semantics. For prior HOI work [Cong et al. 2025; Li
et al. 2023], we evaluated interaction semantics using contact-based
metrics including precision (PRE), recall (REC), and F1 score. For
each frame and each predefined interaction joint, we computed the
contact state by measuring the distance between the joint and the
object surface. Empirically, a joint was considered to be in contact
when this distance was smaller than 10 cm. Based on the source and
predicted contact states, we counted the following quantities over
all frames and interaction joints:

• TP (True positive): contact occurred in both the source and
the prediction.

• FP (False positive): contact did not occur in the source, but
occurred in prediction.

• FN (False negative): contact occurred in the source, but did
not occur in the prediction.

• TN (True negative): contact did not occur in both the source
and the prediction.
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Final metrics were then computed as:

PRE =
TP

TP + FP
,

REC =
TP

TP + FN
,

F1 = 2 · PRE · REC
PRE + REC

.

These metrics measured how well the retargeted interaction pre-
served the contact occurrence pattern of the source interaction.

To further evaluate spatial contact consistency, we computed the
contact distance (CD [cm]) between the predicted target interaction
joints and their corresponding contact points on the transformed
object as follows:

CD =

∑T
𝑡=1
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𝑘=1 𝑐

𝑡
𝑘
∥p̂𝑡
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𝑡
𝑘

.

Here, 𝑐𝑡
𝑘
∈ {0, 1} is the source contact indicator for the 𝑘-th inter-

action joint at frame 𝑡 , obtained from the source contact features
𝐶𝑠𝑟𝑐 . p̂𝑐,𝑘 denotes the corresponding contact point transformed by
the predicted target object motion, and p̂ℎ,𝑗 (𝑘 ) denotes the position
of the associated target interaction joint. The mapping 𝑗 (𝑘) returns
the target skeleton joint index associated with the 𝑘-th interaction
joint. A lower CD indicates better spatial consistency between the
target human motion and the predicted object motion at source
contact locations.

Object Motion Plausibility. We evaluate the physical plausibility
of the retargeted object motion using ground penetration rate (OGP
[%]), object floating rate (OF [%]), and object sliding rate (OS [%]). Let
𝑦𝑡
𝑏𝑜𝑡

denote the mean height of the bottom-𝐾 points of the predicted
transformed object mesh at frame 𝑡 , and let 𝑦𝑡

𝑏𝑜𝑡,min denote the min-
imum height among these bottom-𝐾 points. We derived the binary
source object ground-contact label 𝑔𝑡𝑜 ∈ {0, 1} by thresholding the
corresponding bottom-𝐾 mean height of the source transformed
object mesh. We further denote by 𝑦𝑡𝑠𝑢𝑝 the mean height of the pre-
dicted support points indexed by the source bottom-𝐾 set. Then the
metrics were defined as follows:

OGP =
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where 𝑦𝑡𝑠𝑢𝑝,𝑠𝑟𝑐 is the mean height of the source bottom-𝐾 support
points, p̂𝑡𝑠𝑢𝑝,𝑥𝑧 denotes the horizontal centroid of the predicted sup-
port points indexed by the source bottom-𝐾 set, and 𝑔𝑡𝑠 is a binary
mask indicating source frames inwhich the object remains grounded
for two consecutive frames and is approximately static in the hori-
zontal plane. We use 𝐾 = 16, 𝜏𝑔𝑝 = 1.0, 𝜏𝑓 = 2.0, 𝜏𝑠 = 1.0.

3 Additional Experiments for PAME

3.1 Latent Capacity vs. Part-wise Structure
To examine whether the improvement of PAME is simply due to
its larger latent capacity, we trained SAME with a latent dimension
of 32 × 6 = 192, matching the total dimensionality of PAME’s six
part-wise latent tokens. As shown in Table 2, increasing the latent
dimension of SAME alone does not close the performance gap with
PAME across the evaluation datasets. These results suggest that
PAME’s performance gains do not stem merely from increased
feature dimensionality, but rather from the proposed part-aware
latent structure.

3.2 The Number of Part Tokens
We investigated the effect of the number of part tokens used in
PAME. We compared variants with 2-part split (upper/lower body)
and 5-part split (spine, left/right legs, left/right arms) against the
current 6-part design. As shown in Table 3, the 6-part configuration
achieved the best or near-best results on most metrics across all
three datasets. We therefore adopted six part tokens in the final
model.

3.3 Part-wise Latent Embedding Analysis
To further analyze whether the learned part-aware latent space re-
flects local motion semantics, we compared latent trajectories from
different actions that contain visually similar motions in specific
body parts. Figure 1 shows the part-wise latent embeddings pro-
jected into a 3D PCA space. In the first and third rows, the two
actions exhibit similar upper-body motion, while the second row
contains similar motion in the right arm. Consistent with these vi-
sual similarities, the corresponding body-part embeddings followed
similar trajectories in the latent space, whereas the embeddings
of other body parts showed more distinct trajectories. These ob-
servations suggest that PAME organizes its latent representation
according to part-wise motion patterns rather than only the overall
action, allowing similar local motions to be represented consistently
even when they occur in different actions.

4 Additional Experiments for ReCHOIR

4.1 Post-processing with Optimization
We further investigated whether a short optimization step after
ReCHOIR can improve interaction accuracy and reduce residual
object motion artifacts. Starting from the ReCHOIR output, we ap-
plied the same test-time optimization used in PAME + Optim, the
optimization-based baseline introduced in Sec. 4.4.1 of the main pa-
per. The human motion and object translation were jointly refined,
but with a smaller number of iterations, set to 50. Table 4 compares
PAME + Optim, ReCHOIR, and ReCHOIR + Optim. ReCHOIR +
Optim further improved contact preservation and human motion
preservation metrics on both datasets, while also reducing several
object motion artifacts. Compared with PAME + Optim, ReCHOIR +
Optim achieved a better overall balance between interaction accu-
racy and humanmotion preservation, suggesting that ReCHOIR pro-
vides a favorable initialization for subsequent optimization in HOI
retargeting. Figure 2 further supports this observation. ReCHOIR +
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Optim preserves the source human motion semantics more faith-
fully than PAME + Optim, while achieving more accurate contact
than ReCHOIR. These results indicate that ReCHOIR can serve as an
effective initialization for optional post-processing when additional
refinement is desired. Because ReCHOIR is designed primarily for
feed-forward HOI retargeting, we use its direct output as the default
result, while lightweight optimization provides a practical extension
for applications that can afford the additional computation.

4.2 Support-Point Selection in Object Motion
Regularization

When training the HOI retargeting stage, we use the mean height
of the bottom-K object points to regularize ground penetration
(Eq. 25) and floating (Eq. 26) artifacts. We adopt the bottom-K mean
as a practical and lightweight estimate of the local support region
between the object and the ground. We further examined the choice
of support points using two alternatives: Min point, which uses only
the lowest object point, and All points, which penalizes penetration
over all object points and encourages all source points near the
ground to remain at ground height. As shown in Table 5, the two
variants provide different trade-offs. TheMin-point variant achieved
particularly low object-grounding artifacts, including the best OGP
on both datasets. The All-points variant improved several contact-
occurrence and object motion plausibility metrics, achieving the
best PRE and F1 and strong OF and OS results on both datasets.
In comparison, the bottom-K mean achieved the lowest CD and
JR on both datasets, while maintaining contact-occurrence scores
comparable to the other variants. These results suggest that single-
point or all-point grounding formulations can improve particular
aspects of object motion plausibility, whereas the bottom-K mean
offers a balanced trade-off among object grounding, spatial contact
consistency, and preservation of the retargeted human motion. A
more detailed investigation of support-region modeling, including
geometry-aware or adaptive support-point selection, would be an
interesting direction for future work.
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Table 2. Quantitative comparison for the latent capacity experiment. The best
result for each metric is highlighted in bold.

OMOMO-test

Methods JR ↓ RT ↓ JP ↓ GP ↓ FS ↓ Intra ↓ Cross ↓

SAME 0.2881 5.4271 7.9351 0.0113 0.0002 0.7678 1.0357
SAME large 0.2910 7.4399 9.7322 0.0124 0.0001 1.2331 1.5792

PAME 0.2667 3.9459 6.1474 0.0040 0.0000 0.4150 0.6474

BEHAVE-test

Methods JR ↓ RT ↓ JP ↓ GP ↓ FS ↓ Intra ↓ Cross ↓

SAME 0.3059 4.0922 6.4375 0.0088 0.0003 0.6327 0.6544
SAME large 0.2998 6.8794 8.8422 0.0101 0.0015 0.9824 1.2465

PAME 0.2754 2.9297 4.8121 0.0125 0.0000 0.3212 0.3635

SAME-eval

Methods JR ↓ RT ↓ JP ↓ GP ↓ FS ↓ Intra ↓ Cross ↓

SAME 0.3247 5.3310 11.5184 0.0158 0.0188 2.9280 2.4704
SAME large 0.3071 6.1072 10.8727 0.0205 0.0302 5.5368 3.0158

PAME 0.2476 6.1734 10.6770 0.0097 0.0118 1.5283 2.2418

Table 3. Quantitative ablation on the number of part tokens used in PAME.
The best result for each metric is highlighted in bold.

OMOMO-test

#-Parts JR ↓ RT ↓ JP ↓ GP ↓ FS ↓ Intra ↓ Cross ↓
2 0.2773 4.4254 6.5365 0.0067 0.0000 0.5915 0.6813
5 0.2606 3.7351 5.6377 0.0031 0.0000 0.6598 0.5417
6 0.2667 3.9459 6.1474 0.0040 0.0000 0.4150 0.6474

BEHAVE-test

#-Parts JR ↓ RT ↓ JP ↓ GP ↓ FS ↓ Intra ↓ Cross ↓
2 0.2837 3.1937 5.1954 0.0200 0.0010 0.5255 0.4372
5 0.2773 3.2521 5.0228 0.0126 0.0002 0.5897 0.4531
6 0.2754 2.9297 4.8121 0.0125 0.0000 0.3212 0.3635

SAME-eval

#-Parts JR ↓ RT ↓ JP ↓ GP ↓ FS ↓ Intra ↓ Cross ↓
2 0.3021 8.8495 14.3423 0.0170 0.0366 2.3545 4.0500
5 0.2665 16.562 22.9006 0.0114 0.0154 2.1284 11.4774
6 0.2476 6.1734 10.6770 0.0097 0.0118 1.5283 2.2418

Fig. 1. Visualization of part-wise latent embeddings for two different motions projected into a 3D PCA space. In the PCA plots, colors become darker over
time, with the start and end frames marked by a dotted-outline circle and a star, respectively. White circles in the character visualizations highlight body parts
with similar latent trajectories, whereas the other body parts show distinct trajectories.
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Fig. 2. Qualitative results of post-processing with optimization. Red circles highlight human motion preservation (top) and interaction preservation (bottom)
artifacts.

Table 4. Quantitative results of post-processing with optimization. The best result for each metric is highlighted in bold.

OMOMO-test

Methods PRE ↑ REC ↑ F1 ↑ CD ↓ OGP ↓ OF ↓ OS ↓ JR ↓ RT ↓ TPF ↓
PAME + Optim 0.9878 0.9904 0.9891 1.1005 5.41 0.04 3.83 0.2731 3.9855 199.611

ReCHOIR 0.9837 0.9592 0.9713 5.9437 3.60 4.51 3.43 0.2049 4.3618 0.421
ReCHOIR + Optim 0.9906 0.9932 0.9919 1.2372 2.43 0.87 2.61 0.1992 1.8380 3.4517

BEHAVE-test

Methods PRE ↑ REC ↑ F1 ↑ CD ↓ OGP ↓ OF ↓ OS ↓ JR ↓ RT ↓ TPF ↓
PAME + Optim 0.9815 0.9814 0.9814 1.5894 6.03 0.20 6.51 0.2849 2.9378 199.993

ReCHOIR 0.9849 0.9788 0.9818 4.3277 1.38 3.28 2.05 0.1913 3.4719 0.394
ReCHOIR + Optim 0.9882 0.9943 0.9912 1.0418 1.80 2.16 1.59 0.1826 1.2800 3.3575

Table 5. Quantitative ablation on the support-point selection for the ground penetration and floating terms in the object motion regularization loss. The best
result for each metric is highlighted in bold.

OMOMO-test

Methods PRE ↑ REC ↑ F1 ↑ CD ↓ OGP ↓ OF ↓ OS ↓ JR ↓ RT ↓
Min point 0.9836 0.9632 0.9733 6.0306 0.99 7.04 3.50 0.2130 4.2542
All points 0.9845 0.9636 0.9739 6.0052 4.36 1.61 3.29 0.2095 4.3229

Bottom-K Mean 0.9837 0.9592 0.9713 5.9437 3.60 4.51 3.43 0.2049 4.3618

BEHAVE-test

Methods PRE ↑ REC ↑ F1 ↑ CD ↓ OGP ↓ OF ↓ OS ↓ JR ↓ RT ↓
Min point 0.9849 0.9774 0.9811 4.3811 0.16 0.48 1.39 0.1974 3.9213
All points 0.9874 0.9774 0.9824 4.3739 1.43 3.00 1.78 0.1938 4.1461

Bottom-K Mean 0.9849 0.9788 0.9818 4.3277 1.38 3.28 2.05 0.1913 3.4719
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