A. Implementation Details

All our experiments are conducted on a single Nvidia
A6000 GPU. Given the user input of image scene and text
prompts, we used ChatGPT-4o to conduct all the VLM pars-
ing, including the screenwriting stage and VLM-based CoT
contact reasoning. For each interactive action in the parsing
results, we will generate the 3D-aware keyframes. Before
pose generation, we first need to use Trellis [8] to recon-
struct the canonicalized target object, which costs around
1 minute. Once reconstructed, the object can be reused
in all related interaction generation. We use the Orientate-
Anything [7] to canonicalize the object. Using the canonical
view rendering results, the diffusion inpainting model [1]
uses 50 steps to inpaint the human on it, which costs around
15 seconds. For 3D human lifting, we used the AdamW op-
timizer with [r = 1e~3 for 1.5k steps, and it only costs less
than 2 minutes. To place the 3D human from object space
to scene space, we need to estimate the reconstructed object
pose. Then, we sample the candidate poses based on the
initial guess and use the general visual features extracted
by DINOV2 [4] to measure the similarity between the input
object image and the candidate views’ observation. After
matching the reconstructed 3D object based on the input
object image, we need to transform the object from the ob-
ject space to world space. Since the reconstructed 3D object
from Trellis has both mesh representation and 3D Gaussian
representation, we refine the 6D pose of the object to place
it into the scene, aligning it with the original scene image
based on RGB constraints via 3D Gaussian rendering and
depth constraints via mesh rasterization. The ground truth
depth of the input image is estimated from MoGe [6].

B. Non-contact HSI Case

In some cases, the character is not in contact with the ob-
ject, such as “standing next to the chair”; consequently, we
will not receive any contact cues from VLM CoT reasoning.
To impose spatial constraints on interactions, we reformu-
late the interaction loss L;,,; to constrain the minimal dis-
tance dyo between the human mesh and the object mesh,
measured in the normalized human mesh space rather than
world space:

0, d <9
Lhoi = o (1)
dgo — 0, dro > 6

where § = 10cm.

C. Unnatural Avatar Appearance

One of the limitations of our work is that the avatar of-
ten looks “plastic” in the generated video, due to the in-
dependent modeling between the 3D Gaussian Avatar and
the 3D Gaussian scene. Although these lighting differences

between the scene and the avatar are not the problem we
focused on, we now include a harmonization step [2] that
significantly improves appearance (Fig. 1). We also believe
that this problem can eliminate artifacts in most existing
composition image harmonization methods through post-
processing. Sometimes, the human scale in the generated
video is implausible which is the limitation of the image
inpainting model.

Figure 1. Harmonization ( ) significantly improves our appearance.

D. Human Body Surface Partition Definition

To encourage ChatGPT outputs faithful and executable re-
sults, we divide the surface of the human body into 15 parts
based on SMPL-X [5] template, i.e., “head”, “left upper
arm”, “right upper arm”, “left forearm”, “right forearm”,
“left hand”, “right hand”, “back”, “buttocks”, “left thigh”,
“right thigh”, “left calf”, “right calf™, “left foot”, and “right

foot”.

E. 2D Human Insertion Baseline

We add a 2D baseline based on Flex' with the pose gener-
ated from GenHSI. Flex changes the contents in the scene
(Fig. 2b) and is time-consuming (30s vs 0.1s for 3DGS)
to create the keyframes, which is inefficient for long video
generation via keyframe interpolation. Note that GenHSI
only uses 3D to constrain plausible affordances and ren-
dering, and it will not decrease the controllability of pose
generation. Different with feed-forward inpainting solution,
our inpainting solution can detect human inpainting results
during the denoising loop, effectively serving as an auto-
matic verifier of the inpainting process.

——

(a) Scene Image (b) 2D HSI Image

F. Qualitative Results of 3D human Scene In-
teraction with incomplete 3D Scene

We also test previous methods in our challenging case, i.e.,
the single-view image of the scene is the only accessible

"https://huggingface.co/ostris/Flex.2-preview
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Figure 3. 3D Human-Object Interactions GenHSI performs improved human object interactions even when we don’t have access to
accurate scene geometry. Our work also produces more plausible poses for lying, sitting, and standing. Prior works like GenZI have
inconsistent multiview inpainting resulting in diverse but uncomfortable human poses as seen in lying down and sitting on table.

input about the environment, shown as Fig. 3. We still
use MoGe [6] to reconstruct the coarse scene geometry.
COINS [9] will use this incomplete scene reconstruction as
its point net inputs. GenZI [3] will render the multi-view
image based on the MoGe [6] output. Neither will exe-
cute the penetration terms in human joint pose optimiza-
tion, since they rely on accurate scene geometry. The re-
sults show that our method is more robust based on object-
centric human inpainting than GenZI [3], especially when

the scenes are not well structured and well painted. Also,
since we reconstruct the object, even when there is no visi-
ble affordance in the input single view, we can still generate
plausible human interaction results.
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