
ForeHOI: Feed-forward 3D Object Reconstruction from Daily Hand-Object
Interaction Videos

Supplementary Material

In the supplementary material, we provide more details
of our model architectures and additional results. We first
present details of our object pose estimation module and
hand object alignment methods in Section 1. Then in Sec-
tion 2, we discuss additional experimental results.

1. Methods
1.1. Texture results.
We have trained the texture generation module using our
dataset as the second stage of the generation pipeline. Fol-
lowing prior works, we prioritize emphasizing geomet-
ric accuracy in the main paper. While our textures are
less photo-realistic than those of optimization-based NeRF
methods, the preserved color layout is sufficient for reliable
2D correspondence matching. Below are textures for the
three cases in main paper.

1.2. Hand object alignment
Since we mainly focus on the object shape and pose esti-
mation, we didn’t include the hand object alignment mod-
ule in the main paper. It’s worth noting that in most previ-
ous works [1, 6, 11], only hand poses are optimized in the
hand-object alignment stage, while object pose and shape
are typically frozen. Following MagicHOI [11], we utilize
a visible contact alignment strategy to avoid the influence
of unreliable object surfaces from heavily occluded areas.
Specifically, we first decode our input hand features into
3D hand mesh through mano [8] layers and the optimiza-
tion process in WiLoR [7] as the initial hand mesh. Then,
we utilize a mask projection detection mechanism to mark
the visible hand mesh vertices as reliable vertices Vh. For
each reliable hand vertex, we use ray tracing to locate the
corresponding object contact points Vo. We thus get a set of

reliable hand-object pairs Vh, Vo. Finally, the hand trans-
lation th ∈ R3 and scale s ∈ R are optimized with the
following loss:
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(1)
Where M is the number of paired vertices, Vi

t is the i-th
vertex at frame t, P is the projected points of vertices in
2D space. The hyperparameter λcontact is set to 200.0, and
λkpoints = 20.0, λvsmooth = 20.0.

2. Experimental Results
2.1. Comparison with general methods
Since our approach is similar to modern image-to-3D
diffusion models, We further qualitatively compare our
method with SOTA image-to-3D generative models, includ-
ing ReconViaGen [2], and Hunyuan3D-3.0 multi-view ver-
sion [10]. We first mask the object out as RGBD images.
Then, for Hunyuan3D, we uniformly sampled 4 images
since it can only accept 4 inputs; for ReconViaGen, we feed
all images to it. As shown in Fig. 1, although ReconVia-
Gen possesses a strong reconstruction prior and can adapt
to image data from arbitrary viewpoints, it lacks the abil-
ity to complete occluded areas by other objects, like a hand
in the image, while only being capable of reconstructing
self-occluded back surfaces. This leads to incomplete re-
construction outcomes. On the other hand, Hunyuan3D-
3.0, despite being trained on massive datasets and exhibit-
ing strong object completion capabilities, struggles to in-
terpret input images from arbitrary viewpoints, resulting in
artifacts reminiscent of multi-object splicing. Furthermore,
both methods exhibit significant distortions in object ge-
ometry, a phenomenon similarly observed in our ablation
study in the main paper, model trained using TRELLIS’s
object datasets. This further substantiates a commonly over-
looked fact: a considerable bias exists in existing 3D data,
wherein the majority of objects are aligned along the grav-
itational direction, thus leading to 3D generation models
trained with these datasets failing to generalize to hand-held
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Figure 1. More Qualitative results comparing with
Hunyuan3D-3.0 [10] and ReconViaGen [2] dataset. Zoom in
for better visualization in detail.

objects. This observation underscores the importance of our
proposed dataset.

2.2. Hand pose results
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Figure 2. Hand-object aligned visualization on HO3D [3]
dataset. Zoom in for better visualization in detail.

As described in Sec. 1, we align the hand to the ob-
ject condition on the object shape and pose resulting from
ForeHOI. We visualize the hand-object alignment results in
Fig. 2. Our hand object alignment result is comparable,
even a bit better than MagicHOI [11], noting that Magi-
cHOI utilizes object pose inputs. In the HO3D [3] dataset,

the object poses are clipped from the complete pose trajec-
tory obtained via SOTA Structure-from-Motion methods [9]
on the full dense sequences. Therefore, these poses can be
considered nearly ground-truth.

2.3. Our Datasets

As shown in Fig 3, our dataset contains rich object shapes,
poses, orientations, and photorealistic hands compared with
previous datasets [4, 5].
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Figure 3. Qualitative comparisons with ObMan [4] and Afford-
Pose [5] dataset. Noting that ObMan is a single-image dataset,
we have much more videos(vids) and objects(objs) compared to
the previous largest dataset.
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