TeHOR: Text-Guided 3D Human and Object Reconstruction with Textures

Supplementary Material

In this supplementary material, we present additional
technical details and more experimental results that could
not be included in the main manuscript due to the lack of
pages. The contents are summarized below:

e S1. Evaluation on semantic alignment

» S2. Comparison with HDM

» S3. Impact of contact estimation accuracy

* S4. Impact of Gaussian attributes optimization
¢ S5. Impact of Gaussians-to-mesh conversion

* S6. Details of text captioning

e S7. Implementation details

» S8. Limitations and future work

* S9. More qualitative results

S1. Evaluation on semantic alignment

In this section, we introduce additional evaluation to com-
pare TeHOR with state-of-the-art reconstruction methods
on semantic alignment between 3D reconstructions and
text descriptions. Since direct comparison between 3D re-
constructions and text is not feasible, we instead evaluate
appearance-text alignment metrics on 2D renderings of the
reconstructions, following the process shown in Fig. S1. To
ensure a fair comparison, we unify the underlying 3D rep-
resentation across all methods, since existing methods pre-
dominantly use mesh-based representations, whereas our
framework is Gaussian-based. Specifically, we use the
same initial 3D human and object Gaussians, including both
shape and texture attributes, for all methods. We then ex-
tract each method’s human (# and 3) and object (R, ¢, and s)
pose parameters and apply them to transform the 3D Gaus-
sians. This setup ensures that the only variable in the exper-
iments is the set of 3D pose parameters provided by each
method. For evaluation, we render the transformed Gaus-
sians on the 2D background from pre-defined viewpoints
0°, 90°, 180°, and 270°. Each rendered image is then
paired with its corresponding text description to compute
two image-text alignment metrics: 1) CLIPScore [6] and 2)
VQAScore [13]. CLIPScore computes the cosine similarity
between the embeddings of the rendered image and the text
description. VQAScore utilizes a powerful visual-question-
answering (VQA) model to compute the alignment score
by converting the text description into a simple query and
measuring the generative likelihood of a desired response.
Here, we use InstructBLIP-FlanT5-XL [4] as the underly-
ing VQA model to compute VQAScore. Tab. S| shows that
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Figure S1. Process of evaluating text alignment for state-of-
the-art reconstruction methods.

Open3DHOI
Methods CLIPScoret VQAScore?
PHOSA [23] 0.689 0.631
LEMON [22] + PICO [3] 0.696 0.642
InteractVLM [5] 0.694 0.647
HOI-Gaussian [19] 0.698 0.648
TeHOR (Ours) 0.706 0.652

Table S1. Quantitative evaluation of appearance-text align-
ment.

our framework outperforms other state-of-the-art methods
in text alignment by effectively capturing the holistic and
semantic context of human-object interaction.

S2. Comparison with HDM

Tab. S2 shows that our framework significantly outper-
forms HDM [20], a state-of-the-art method that reconstructs
3D human and object shapes as point clouds rather than
meshes. Since HDM does not estimate SMPL-X mesh
surfaces, the standard root-based alignment described in
Sec. 4.2 cannot be directly applied for the evaluation. In-
stead, we employ the Iterative Closest Point (ICP) algo-
rithm to align the reconstructed human vertices with the
ground-truth (GT) vertices. Consequently, HDM, which is
a learning-based approach, is particularly vulnerable to un-
seen object categories compared to those encountered dur-
ing training (e.g., balls and suitcases). On the other hand,



Seen object categories Whole object categories

CDhumand CDobjectd Collision . CDhymand CDagbject Collision .
HDM [20] 4.977 16.349 0.040 6.084 30.422 0.038
TeHOR (Ours) 2,511 14.905 0.035 2.582 17.938 0.047

Table S2. Quantitative comparison with HDM [20] on Open3DHOI [19].
Contact estimation 3D reconstruction

Contact estimation methods Contacty Contact, Contactg; T CDhumand CDgbjectd Contacty Collision)
w/o contact - - - 5.311 19.849 0.374 0.054
P | 022 02 0309 | 4041 16701 o412 0047
DECO [18] 0.200 0.264 0.228 5.115 17.229 0.353 0.051
LEMON [22] 0.426 0.225 0.295 5.084 17.060 0.389 0.050
InteractVLM [5] 0.422 0.458 0.439 4.988 16.009 0.408 0.052

Table S3. Impact of contact estimation accuracy on TeHOR’s reconstruction, evaluated on Open3DHOI [19].
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Figure S2. Enhancement of Gaussian via optimization process.

Open3DHOI
CDhymand CDobjectd  Contact?  Collision)
Before conversion 5.020 16.987 0.394 0.052
After conversion (Ours) 4.941 16.701 0.412 0.047

Table S4. Impact of Gaussians-to-mesh conversion

since our framework is an optimization-based approach, it
generalizes effectively to unseen objects by leveraging the
strong prior knowledge of the diffusion network.

S3. Impact of contact estimation accuracy

Tab. S3 illustrates the impact of contact estimation accu-
racy on the 3D reconstruction performance of our frame-
work. We compare our framework under different contact
estimation settings, including specialized contact prediction
models such as LEMON [22] and InteractVLM [5]. While
these models improve the precision of contact localization
on human and object surfaces, their contribution to final 3D
reconstruction quality remains marginal. The contact es-
timation methods primarily focus on accurately predicting
the boundaries of the contact region at a fine-grained level.
However, regardless of how precise these contact bound-
aries are, the contact information alone cannot capture the
holistic and semantic context of human-object interaction.

This observation suggests that capturing the holistic in-
teraction context is far more important for the joint recon-
struction of 3D human and object than precisely delineat-
ing fine-grained contact boundaries. Accordingly, the core

strength of our framework is determined by holistic contact
reasoning supported by text-guided optimization rather than
by accurate contact prediction. This validates our use of the
contact text prompt Peoneacr as a lightweight yet effective al-
ternative to external contact prediction models.

S4. Impact of Gaussian attributes optimization

Fig. S2 demonstrates the importance of optimizing the 3D
human and object Gaussian attributes (¢, and ¢,) within our
framework. Since the initial Gaussian attributes can occa-
sionally be incomplete due to occlusions in the input image,
we further refine them through the appearance 10ss Lypp;.
This optimization process enhances the visual plausibility
and overall coherence of the reconstructed human—object
interactions. As there is no existing 3D HOI dataset that
provides both geometry and texture annotations, quantita-
tive evaluation of this optimization remains challenging;
thus, we primarily present qualitative results.

S5. Impact of Gaussians-to-mesh conversion

Tab. S4 shows that our Gaussians-to-mesh conversion pro-
cess, detailed in Sec. 3.4, is a crucial step for accurate
mesh reconstruction. Direct conversion of 3D Gaussians to
mesh surfaces often produces inconsistencies near contact
regions. Accordingly, we use the conversion procedure that
enforces geometric consistency between Gaussian-defined
contact regions and the corresponding mesh vertices. As
a result, it improves overall geometric accuracy and yields
substantial gains in the contact evaluation score (Contact).

S6. Details of text captioning

Fig. S3 and Fig. S4 illustrate the two captioning instruc-
tions used to generate the holistic text prompt Fgjistic and
contact text prompt P.onct, With the GPT-4 [1] vision-
language model (VLM). First, we generate the holistic
prompt P ojistic, Which describes the interaction between the



### TASK ###

Your goal is to provide a detailed description of the
given image, which depicts the interaction between a
person and an object.

— Focus only on the person whose body center is closest
to the image center.

— Identify the object most directly interacted with and
state the action.

— Output must be one sentence, no explanations, labels,
or reasoning.

— Additionally, explicitly output the single object that

is most directly interacted with.

### OUTPUT FORMAT ###
Output: {{interacting object}}, {{description}}

### OUTPUT EXAMPLE ###

Example 1 - Output: soccer ball, A woman is playing
soccer on a grassy field, dribbling the ball.
Example 2 - Output: small box, A man is seated on a

small box with legs crossed.
Example 3 - Output: chair, A woman is moving a chair
with one hand.

### TASK ###
Your goal is to list the body parts of the person in the
given image that are in direct physical contact
with the object.
— Choose ONLY from this pre-defined list (multi-select
allowed) : head, hips,
— The interacting object and reference description are
provided as follows: "{object}", "{description}".
— Focus only on the person whose body center is closest
to the image center.
— Identify the object most directly interacted with and
state the action.
- LEFT/RIGHT must be relative to the person (egocentric)
, not the viewer/camera.
- If no clear physical contact is visible, output none.

### OUTPUT FORMAT ###
Output: {{comma-separated list}}

### OUTPUT EXAMPLE ###

Example 1 - Output: left hand, right hand
Example 2 - Output: right foot

Example 3 - Output: none

Figure S3. Captioning instruction for the VLM [1] to acquire
holistic text prompt Pioiistic-

person closest to the image center and the object most di-
rectly involved with that person. Then, we generate the con-
tact prompt Propact by providing both the input image and
the holistic description Pygjisiic as inference cues, enabling
it to infer which human body parts are in direct physical
contact with the object. This two-stage captioning strategy
encourages each stage to specialize in a distinct role: in-
ferring global interaction semantics and localized contact
information, respectively.

Fig. S5 highlights the strong capability of the text cap-
tioning process. As shown in the examples, it success-
fully captures key contextual cues essential for reasoning
about human—object interactions, including the human’s ac-
tion (e.g., sitting, riding, and performing) and the surround-
ing environment (e.g., pathway, mid-air, and grassy field).
Even when the same object appears in different interaction
scenarios, the VLM provides accurate and semantically ap-
propriate descriptions. This demonstrates the richness of
holistic contextual information, in contrast to contact cues
that convey only local geometric proximity. Such compre-
hensive interaction cues play a crucial role in guiding our
reconstruction framework toward more accurate and glob-
ally coherent 3D human and object reconstructions.

S7. Implementation details

We explain the implementation details of two stages: the
reconstruction stage (Sec. 3.2) and HOI optimization stage
(Sec. 3.3), below. PyTorch [15] is used for implementation.

S7.1. Reconstruction stage

Human reconstruction. When using SmartEraser [9], the
object regions to be removed are inpainted using classifier-

Figure S4. Captioning instruction for the VLM [1] to acquire
contact text prompt Peontact-

free guidance with a guidance scale of 1.5 in its generative
diffusion network. To segment human region from the in-
painted image, we use Grounded-SAM [12, 14] with a text
prompt corresponding to the object category name obtained
from the text captioning (Sec. S6). From the segmented
human image, LHM operates on a canonical set of 40,000
Gaussian anchors uniformly sampled over the SMPL-X sur-
face. For each anchor, LHM predicts the Gaussian attributes
¢n, including canonical offsets, opacity, scale, and appear-
ance features, through a single feed-forward inference.

Object reconstruction. When using SmartEraser [9],
we adopt the same settings as in the human reconstruc-
tion stage. To segment object region from the inpainted
image, we use Grounded-SAM [12, 14] with the text
prompt “human”. From the segmented object image, In-
stantMesh [21] first synthesizes six multi-view images us-
ing Zero123++ [17] with 75 diffusion steps, and then re-
constructs a textured mesh through its triplane-based recon-
struction network. The resulting textured mesh is subse-
quently converted into 3D object Gaussians ¢,, where the
Gaussian centroids are placed at the mesh vertex positions
and their initial appearance features are assigned from the
mesh vertex colors. The Gaussian attributes are further
optimized to match the 2D images rendered from the re-
constructed textured mesh at 360 uniformly sampled view-
points, following the optimization procedure of 3DGS [10].

S7.2. HOI optimization stage

We use the Adam [11] optimizer with an exponentially
decaying learning rate. The initial learning rate is set to
1 x 10~2 for the object pose parameters (R, t, and s),
1 x 10~* for the human pose parameters (f and 3), and
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“A man is sitting on a wooden bench with one arm
resting on the backrest”
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“Contact part: hips, lefi thigh, right thigh, left hand,
right hand”
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“A man is sitting on a stone bench with his hands
clasped”
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“Contact part: hips”

Jarny

o
)

“A man is holding a yellow bicycle with both hands”

&

“Contact part: left hand, right hand”

)

} “A person is riding a green bicycle on a stone path”

&

“Contact part: left hand, right hand, hips, left foot,
right foot”

Eﬁ%t “A person is performing a jump on a bicycle in
= mid-air.”
“Contact part: left hand, right hand”

/A\: “A boy is riding a skateboard along a pathway by
the ocean.”

“Contact part: none”

“A young person is standing while holding a skateboard.”
“Contact part: left hand, right hand”

“A man is performing a skateboard jump in mid-air
at a skate park”

“Contact part: none”

@) “A shirtless man is reaching to catch a flying disc
on a grassy field”

“Contact part: none”

5“4 girl is running on the grass alongside a black dog”

“Contact part: none”

Figure S5. Text captioning results on Open3DHOI [19]. Our text captioning produces accurate and rich text descriptions for a wide

range of interaction scenarios.

Reconstruction results

Input image

Figure S6. Failure case of reconstructing local details.

1 x 10~ for the human and object Gaussian attributes (¢y,
and ¢,). We run the optimization for N = 200 steps on
a single NVIDIA RTX 8000 GPU. Under this setting, the
average optimization time per sample is 134 seconds.
Appearance rendering. During optimization, we render
the 3D human Gaussians ®;, and object Gaussians ®, using
a spherical coordinate system (r, v, ¢), where r denotes the
distance to the spherical origin, v the elevation angle, and
1) the azimuth angle. We uniformly sample viewpoints with
r € [1.0,2.5], v € [-30°,30°], and ¢y € [—180°,180°].
Since human-object interaction primarily involves the up-
per body, such as the head and hands, we additionally
use zoomed-in camera views focused on this region. For
these upper-body views, we set the spherical origin to the
3D position of the SMPL-X spine keypoint and sample
r € [0.7,1.5], v € [-30°,30°], and ¢ € [—180°, 180°].
Appearance loss. We compute the appearance 10ss L,pp of
Eq. (2) using StableDiffusion-v2.1 [16] and apply classifier-

free guidance [7] with a guidance scale of 15.0 for noise es-
timation. The noise levels are defined at randomly sampled
timesteps within [0.02, 0.98]. To ensure stable optimization,
we clip loss gradients to a maximum norm of 1.0.

S8. Limitations and future work

Reconstruction of local details. While our framework
captures holistic human—object interactions effectively, it
may overlook fine-grained local details such as small acces-
sories or subtle surface deformations, as shown in Fig. S6.
This limitation occurs because the appearance loss of our
framework primarily offers global guidance and lacks fine-
grained supervision that specifically addresses local re-
gions. A promising future direction is to design localized,
text-driven supervision that specializes in local regions to
further enhance fine-detail reconstruction.

Video as input. Our framework aims to jointly reconstruct
3D human and object from a single image. When extend-
ing the method to video input, additional considerations be-
come essential, such as maintaining temporal consistency
across frames and ensuring consistent geometry and tex-
ture over time. With the recent emergence of text-to-video
generative models [2, 8], future work could leverage these
advances by using text descriptions as a key guidance, en-
abling more stable and temporally coherent 3D HOI recon-
struction.



S9. More qualitative results

We provide additional qualitative comparison results of our
TeHOR in Figs. S7 to S10. These examples further demon-
strate the effectiveness of our method in reconstructing real-
istic and semantically coherent human—object interactions.
Please note that the left-side results of TeHOR are mesh-
based renderings, while the right-side results are Gaussian-
based renderings. Due to the inherent characteristics of 3D
Gaussian representations, Gaussian renderings can appear
slightly larger and exhibit blurred boundaries.
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Figure S7. More qualitative comparison of 3D human and object reconstruction with PHOSA [23], InteractVLM [5], and HOI-
Gaussian [19] on Open3DHOI [19]. We highlight their representative failure cases with red circles.



Input image PHOSA InteractVLM HOI-Gaussian TeHOR (Ours)
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Figure S8. More qualitative comparison of 3D human and object reconstruction with PHOSA [23], InteractVLM [5], and HOI-
Gaussian [19] on Open3DHOI [19]. We highlight their representative failure cases with red circles.
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Figure S9. More qualitative comparison of 3D human and object reconstruction with PHOSA [23], InteractVLM [5], and HOI-
Gaussian [19] on Open3DHOI [19]. We highlight their representative failure cases with red circles.
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Figure S10. More qualitative comparison of 3D human and object reconstruction with PHOSA [23], InteractVLM [5], and HOI-
Gaussian [19] on Open3DHOI [19]. We highlight their representative failure cases with red circles.
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