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Abstract

With the diversification of human-object interaction
(HOI) applications and the success of capturing human
meshes, HOI reconstruction has gained widespread atten-
tion. Existing mainstream HOI reconstruction methods of-
ten rely on explicitly modeling interactions between hu-
mans and objects. However, such a way leads to a natu-
ral conflict between 3D mesh reconstruction, which empha-
sizes global structure, and fine-grained contact reconstruc-
tion, which focuses on local details. To address the limita-
tions of explicit modeling, we propose the End-to-End HOI
Reconstruction Transformer with Graph-based Encoding
(HOI-TG). It implicitly learns the interaction between hu-
mans and objects by leveraging self-attention mechanisms.
Within the transformer architecture, we devise graph resid-
ual blocks to aggregate the topology among vertices of dif-
ferent spatial structures. This dual focus effectively bal-
ances global and local representations. Without bells and
whistles, HOI-TG achieves state-of-the-art performance on
BEHAVE and InterCap datasets. Particularly on the chal-
lenging InterCap dataset, our method improves the recon-
struction results for human and object meshes by 8.9% and
8.6%, respectively.

1. Introduction

Significant breakthroughs have recently advanced in recon-
structing 3D human meshes from a single image [4, 24, 25,
30]. Such an advancement stimulates the study of joint re-
construction of 3D human and object meshes, which has
numerous applications in areas such as augmented reality
(AR) [5], virtual reality (VR) [1], and robotic manipula-
tion [3]. Unlike reconstructing human meshes from a sin-
gle image, Human-Object Interaction (HOI) reconstruction
involves capturing the relative posture and interactions be-
tween humans and objects. Therefore, it presents consid-
erable challenges, primarily because of the intricate articu-
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Figure 1. Comparison between existing explicit contact con-

straints for HOI reconstruction and our implicit contact modeling.

lated interactions and occlusions.

Recently, several studies [17, 31, 41] have explored
leveraging interaction information for jointly modeling hu-
man and object reconstruction. These works generally in-
corporate interaction representations to impose hard con-
straints on the models. As shown in Fig. la, (i) Stack-
FLOW [17] utilizes the human-object offsets between an-
chors, densely sampled from the surfaces of the human and
object meshes, to represent their spatial relationships. (ii)
CHORE [41] predicts a part correspondence field to iden-
tify which body parts are in contact with object points. (iii)
CONTHO [31] estimates vertex-level human-object contact
maps to prevent the learning of erroneous correlations be-
tween humans and objects.

Although leveraging contact constraints on reconstruc-
tion models seems suitable for the HOI task, a natural
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conflict appears. On the one hand, mesh reconstruction
of humans and objects prioritizes an overall relative po-
sition between them. On the other hand, explicit interac-
tion constraints—such as human-object offsets and contact
maps—focus on local relationships. Achieving a good bal-
ance between these two types of constraints is not easy.
For instance, StackFLOW [17] heavily relies on a time-
consuming post-optimization process during inference to
improve the overall reconstruction quality. To address this
issue, as shown in Fig. 1b, we propose a straightforward
framework that implicitly incorporates interaction-inclusive
mesh reconstruction within a transformer architecture with-
out additional explicit interaction constraints.

Given the remarkable success of transformers in human
mesh recovery [4, 25-27], devising such a transformer-
based framework for HOI reconstruction seems intuitive.
However, three main challenges exist: 1) Using the same
features across all 3D points would limit the ability to dif-
ferentiate between various 3D modalities. 2) Learning in-
teraction poses directly from static templates is much more
intricate than that in human mesh recovery. 3) Simply em-
ploying self-attention would confuse the local boundaries
between the human and the object, which blurs the distinc-
tion between the reconstruction of the vertices from these
two relatively independent targets.

To address the first two challenges, we draw inspiration
from previous works [14, 31] and provide transformers with
more precise feature inputs. Specifically, our approach in-
volves: 1) Applying grid sampling to the initial vertices,
which allows us to assign distinct features to each vertex,
thereby improving the discriminative power of the 3D mod-
els. 2) Utilizing the initial mesh rather than a template mesh
to mitigate the difficulties associated with learning complex
interactions within the model. For the third challenge, we
propose integrating specific graph convolutional structures
into the transformer architecture for both human and ob-
ject components. Such structures have been proven suc-
cessful in human mesh reconstruction [27]. In our case,
the integration facilitates better fusion of local information,
thereby improving the ability to differentiate between the
reconstructions of the human and the object.

Therefore, we propose an End-to-End Human-Object
Interaction Reconstruction Transformer with Graph-based
Encoding, referred to as HOI-TG, to tackle the above chal-
lenges. First, we generate initial mesh vertices for the hu-
man and the object. These initial 3D coordinates are con-
catenated with the grid-sampled features to create a ro-
bust input, including the queries of joint, vertex, and ob-
ject as the input to our transformer. The enhanced in-
put improves the model’s capacity to differentiate between
2D and 3D representations while simplifying the learning
process for complex interactions via the attention mech-
anism. We reconstruct the coordinates using the output

from a linear layer, derive the final human vertices based
on a predefined upsampling matrix, and predict the object’s
pose—translation and rotation—through rigid body trans-
formation using template-based methods. Owing to the
transformer architecture, our model can effectively focus
on global interactions between humans and objects. To fur-
ther improve the ability to integrate local features of both
entities, we devise and integrate the Human Graph Resid-
ual Block and the Object Graph Residual Block within the
transformer module.

Compared with previous state-of-the-art results, our
HOI-TG achieved 1) improvements of 8.0% (human) and
5.0% (object) in 3D reconstruction accuracy and enhanced
precision by 3.4% and recall by 5.8% for reconstructed
contact accuracy on the BEHAVE dataset [2]; 2) improve-
ments of 8.9% (human) and 8.6% (object) in 3D mesh re-
construction, along with 3.9% (precision) and 4.1% (re-
call) for contact accuracy on the InterCap dataset [16].
Experiments underscore the effectiveness of our HOI-TG
framework in accurately modeling interactions and complex
structures. Regarding reconstruction visualization, we ob-
serve more accurate relative positions between humans and
objects with reduced instances of model penetration.

In summary, we make the following contributions.

* We introduce a novel end-to-end HOI reconstruction
transformer framework to model human and object
meshes in interaction from a single image.

* We design the Human Graph Residual Block and the
Object Graph Residual Block for the transformer en-
coder to enhance the distinction between two meshes and
strengthen the capability of local feature fusion.

* HOI-TG achieves new state-of-the-art performance on the
BEHAVE and the InterCap datasets, which highlights the
effectiveness of the proposed framework.

2. Related Works

3D human reconstruction. 3D human reconstruction from
a monocular camera has been an active research topic for
a long time. It is difficult due to complex pose varia-
tions, occlusions, and limited 3D training data. Prior stud-
ies [10, 18, 19, 22, 23, 30, 32, 36] propose adopting the pre-
trained parametric human models (e.g., SMPL [28], MANO
[35]). ExPose [9] directly predicts the 3D parameters of the
body, face, and hands in the SMPL-X format, employing
body-driven attention to localize the face and hand regions
in the original image. PIXIE [10] utilizes SMPL-X’s uni-
fied shape space for all body parts, allowing every expert to
contribute to the overall model. Hand4Whole [30] presents
a comprehensive framework for 3D human mesh estima-
tion, reconstructing the body, hands, and face by leveraging
features from 3D pose-guided grid sampling.

On the other hand, instead of adopting a parametric hu-
man model, non-parametric approaches regress vertices di-
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Figure 2. Overview of our HOI-TG. a. Pipeline draws the proc

ess of HOI reconstruction. Given the input image and human & object

segmentations, we extract the image feature and generate an initial human mesh using the ResNet50 backbone. Then, we prepare joint
queries, vertex queries, and object queries by concatenating grid sampling features and per-vertex 3D coordinates. Based on the queries,
HOI reconstruction transformer blocks reconstruct human joints & vertices, and object mesh. Final HOI meshes are calculated by upsam-
pling and rigid transformation. b. HOI Reconstruction Transformer Block contains a Human Graph Residual Block and an Object Graph
Residual Block for separate encoding for humans and objects. c. Encoder shows the change of hidden dimensions throughout HOI-TG.

rectly from an image [7, 8, 20, 21, 26, 27, 29, 31, 43, 46].
Among the previous studies, graph convolutional neuralnet-
work (GCN) is one of the most popular options as it can
model the local interactions between neighboring vertices
based on a given adjacency matrix [21, 27]. However, it
is less efficient to capture global interactions between the
human vertices and body joints. To overcome this limita-
tion, transformer-based methods use a self-attention mech-
anism to attend vertices and body joints freely in the mesh
and thereby encode the non-local relationship of a human
mesh. For instance, METRO [26] leverages an encoder-
based transformer to model non-local intersections among
mesh vertices and joints. Graphormer [27] integrating GCN
into the transformer architecture to improve mesh vertices
local modeling. Deformer [43] proposes using new body-
mesh-driven attention modules to extract multi-scale visual
features, enhancing the efficiency of 3D mesh recovery.
Inspired by the success of transformers-based methods
in human mesh recovery, we propose a novel transformer
framework suitable for HOI reconstruction.
3D human and object reconstruction. Many early stud-
ies on human-scene contact estimation have focused on
representing contact through 2D projections [6], 3D joint-
level interactions [34, 37], or 3D patch-level contacts [11].
More recently, many researchers have begun to explore
the estimation of dense vertex-level contact maps that are
defined on the human body surface [12, 15, 31, 38, 39].

Advances in human-scene contact estimation facilitate the
study of human-object interaction reconstruction. HODome
[44] introduces a layer-wise neural network to reconstructe
humans and objects from multi-view. HolisticMesh [40]
and PHOSA [45] present optimization frameworks that are
rooted in physics-based and contact-based approaches, re-
spectively. CHORE [41] compute a neural reconstruction of
human and object represented implicitly with two unsigned
distance fields. StackFLOW [17] infers the posterior dis-
tribution of human-object spatial relations from the image,
and optimizes the human body pose and object 6D pose.
CONTHO [31] proposes contact-based refinement to pre-
vent the learning of erroneous correlations between humans
and objects.

The above methods impose explicit constraints for HOI,
which causes a conflict between local contact prediction and
global mesh reconstruction. Thus, we propose employing a
transformer architecture that implicitly learns character in-
teraction relationships.

3. Method

Given an RGB image depicting an HOI event and the 3D
mesh template of the corresponding object, the objective
of HOI reconstruction is to reconstruct the human mesh
and determine the object’s rotation and translation rela-
tive to the template. We propose a novel transformer-
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based framework, namely the HOI Reconstruction Trans-
former with Graph-based Encoding (HOI-TG). To effec-
tively model complex interactions between humans and ob-
jects, HOI-TG combines the strengths of transformer archi-
tectures and GCN. To ensure the pipeline functions as in-
tended, we first prepare joint queries, vertex queries, and
object queries as inputs by grid sampling. Then, the Multi-
Layer Transformer conducts HOI reconstruction. Fig. 2a
shows the overall pipeline of HOI-TG.

3.1. Preparation of queries

Transferring a transformer-based human reconstruction
method, such as METRO [26], directly to this task failed
to yield satisfactory results. We identified two primary rea-
sons for the failure. First, using the same 2D features at
all 3D points diminishes the differentiation among various
3D modalities. Second, learning interaction poses from a
static template is very challenging. Drawing inspiration
from CONTHO [31], we develop an initialization strategy
to provide the transformer with more effective input.

The input tensor Lipy € R>*HXW comprises an RGB
image I € R¥**W 3 segmentation mask S;, € R1*H*W
of the human, and a segmentation mask S, € R*HxW
of the object. H and W represent the height and width
of the image, respectively. A ResNet50 backbone net-
work [30] pre-trained for human mesh reconstruction is
employed to extract features F € R2048xH/32xW/32 from
Lispu. Meanwhile, the backbone also produces a rough es-
timation of body parameters poqy € R7® and hand parame-
ters Opang € R, The predicted parameters are subsequently
forwarded to the SMPLH [35] model, resulting in the hu-
man mesh M € R%99%3 and joints MM € R73*3,
We also predict camera parameters from F for subsequent
grid sampling and the 2D projection of joint loss calcula-
tions. To reduce computational cost and redundancy in the
original mesh, we downsample MMt € R6890%3 (o obtain
Minit ¢ R431%3_ following [13, 26, 27].

For the object mesh MM, we predict the init rotation
Rinic and translation T; by adding a linear layer after the
pre-trained feature extractor. Since the linear layer is ran-
domly initialized, the initial stage does not incorporate in-
teraction information between humans and objects. The ini-
tial results are represented by the “Init mesh” in Fig. 2a.
This stage aims to provide more 3D recognizable input fea-
tures for the subsequent transformer encoder.

The 3D queries features Q;, Qpny, and Q,, consist of
grid sampling features and per-vertex 3D coordinates as po-
sitional encoding. The grid sampling features are obtained
by projecting the 3D vertices (M, M, and M) into a
2D (x,y) coordinate system using the predicted camera pa-
rameters, followed by extracting the corresponding coordi-
nate features from F. We then form the 3D queries fea-
tures (Q;, Qn, and Q,,) by concatenating the grid sam-

pling features with the per-vertex 3D coordinates from the
initial meshes (Mij?’i‘, Mint and M), Consequently, the
final 3D features for human joints, human vertices, and
objects vertices are represented as Q; € R73x(2048+3)

Q) € RE31X(204843) anq Q,, € RO4X(2048+3)

3.2. Transformer encoder for HOI reconstruction

Traditional transformer architectures have fixed hidden lay-
ers, which poses challenges for directly predicting 3D ver-
tices from high-dimensional features. To address this issue,
as shown in Fig. 2c, we follow [13, 26, 27] and adopt a
decreasing hidden layer strategy to reconstruct 3D coordi-
nates. Specifically, we use linear layers to reduce the dimen-
sionality at each encoder layer. As illustrated in Fig. 2a, our
HOI-TG reconstructs human joints, 3D human and object
meshes, denoted as M;, M;, and M, from the 3D queries
features Q;, Qpy, and Q.

Given the 3D queries features (Q;, Qpny, and Qoy),
we concatenate all 3D queries features to obtain Q €
R(73+4314+64)x2051 " The multi-layer transformer-based en-
coder is employed to capture the attention relationships
among humans, among objects, and between humans and
objects. As shown in Fig. 2c, our encoder is composed of
three HOI Reconstruction Transformer Blocks. The three
encoder blocks maintain the same number of tokens but
have different hidden dimensions. In this work, we follow
the methodology outlined in [26], where the hidden dimen-
sions of the three encoders are set to 1024, 512, and 256,
respectively. We denote the encoded features of the joint,
vertex, and object as Q;, th,u, and Q;v, respectively.

Ultimately, we predict the 3D human joints M ;, human
mesh vertices M, and object mesh vertices M,, from Q;-,

Q;w, and Q;v. For computational efficiency and redun-
dancy reduction, we downsample the human vertices during
the input stage and then upsample them back to the original
scale in the prediction stage. We utilize the predefined up-
sampling and downsampling matrices [33] for these opera-
tions. For the prediction of R and T, we calculate the rigid
transform between the predicted object vertex M, and the
object template.

3.3. Graph-based encoding for human and object

Using self-attention to learn the global interaction relation-
ships between humans and objects may disrupt the exist-
ing topological relationships. To address this issue, while
employing the self-attention mechanism to capture global
human interaction dynamics, we incorporate correspond-
ing graph convolutional structures for both humans and ob-
jects to enhance the modeling of their respective topological
structures.

As shown in Fig. 2b , we set four layers for each encoder
block. For each layer, given the 3D query features, the in-
put features Q are processed sequentially through the multi-
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(a) Human graph

(b) Object graph

Figure 3. Graph adjacency of the human and a specific ob-
ject. The adjacency contains connectivity and distance informa-
tion. Warmer colors indicate vertices with higher centrality.

head attention module and the Graph Residual Blocks. We
design the Human Residual Block for the human vertices
and the Object Residual Block for the object vertices.
Human Graph Residual Block. Given the human mesh
features Q¢ € R"*? generated by a multi-head attention
module, we enhance local vertex interactions using graph
convolution:

mid” — GraphConv(A, QM W¢) = c(AQIW(,).
ey
Here, A denotes the adjacency matrix of the graph as shown
in Fig. 3a, and W4 represents the trainable parameters. The
function o (-) is the GeLU activation function. We adhere to
the design principles outlined in [21, 27] to construct this
block.
Object Graph Residual Block. The Object Graph Resid-
ual Block is analogous to the Human Graph Residual Block.
However, due to different topological structures, the prede-
fined A in the graph convolution varies. We have defined
different graph adjacency matrices for various object tem-
plates, where a specific example shows in Fig. 3b. We uti-
lize the K-Nearest Neighbors Graph algorithm to extract the
graph structure corresponding to distinct object templates.
More details about the implementation can be found in the
supplementary material.

3.4. Loss functions

Our proposed HOI-TG framework is trained in an end-to-
end manner by minimizing the loss function £ defined as
follows:

L= Ehuman + £object + Ehbox» 2

where Lpuman focuses on the reconstruction results of hu-
mans, Lgpjee targets the reconstruction results of objects.
We designed Lypox loss function following CONTHO [31]
and Hand4Whole [30]. Lupox is the L1 distance between
the predicted and ground truth (GT) bounding boxes of the
hands.

The term Ly uman 1S defined as:
Ehuman = Emfg;:ex + EEZII:I; + Ejoint + Eedgey (3)

where Ljoin represents the L1 distance between the pre-
dicted and GT human joint coordinates, encompassing both
initial and refined 3D and 2D coordinates. The term Legge
denotes the edge length consistency loss between the pre-
dicted and GT edges of the refined human meshes My,.
Additionally, £ quantifies the L1 distance between the
predicted initial SMPLH parameters (604, and 8j,4n4) and
their GT counterparts.

Lpsvertex refers to the human multi-scale vertex loss. It
involves a two-stage upsampling process: first, we upsam-
ple the predicted coarse mesh (431 vertices) to an interme-
diate resolution (1723 vertices), followed by further upsam-
pling to the original mesh (6890 vertices for the SMPLH
human mesh). The loss £V applies a three-scale ver-
tex loss between the predicted mesh and the ground truth.

The term Lopjec; is defined as:

Eobjecl = L(\;g[:é + Lparam (4)

object?

where LS represents the L1 distance between the pre-
dicted and GT per-vertex 3D coordinates of the refined ob-
ject meshes M, and L0 quantifies the L1 distance be-
tween the predicted and GT 3D object rotation R, and

translation t,,.

4. Experiments

4.1. Datasets

We conduct experiments on the BEHAVE [2] and the In-
terCap [16] datasets. BEHAVE is an indoor dataset that
captures seven subjects interacting with 20 diverse objects
using a multi-view camera capture system. We follow
CHORE [41] and CONTHO [31] for the split of BEHAVE
for a fair comparison. InterCap is another indoor human-
object interaction dataset containing ten human subjects
with ten different objects. We split the dataset following
prior works [31, 42].

4.2. Evaluation metrics

Chamfer distance (CDhumans CDgpject). Following previ-
ous works [41, 42], we evaluate human and object recon-
struction using Chamfer distance between predicted and GT
meshes. With the aligned 3D human and object meshes, we
measure the Chamfer distance from GT separately on 3D
human SMPL and 3D object in centimeters.

Contact quality (Contact,, Contact,). In addition to em-
ploying chamfer distance to evaluate the quality of human
and object reconstruction, we also assess the accuracy of re-
constructed contact predictions to measure human and ob-
ject interaction quality. We follow [31] to generate the con-
tact map by identifying human vertices that are within 5 cm
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BEHAVE | InterCap g e —
Q S
Methods CDhumand CDobjectd ContactyT Contact; 1| CDhumand CDobjectd- Contact, T Contact c,‘zg&‘fgg‘;;gs
Qo HU-208s
METRO [26] 46.82 59.13 0.084 0.520 | 42.83 82.12 0.049 0.641 Faster Speed
Graphormer [27] 4240 36.60 0.047 0348 | 38.82 4618 0031 0332 " [ECIHRmEne]
Q
PHOSA [45] 12.17 2662 0393 0266 | 11.20 2057 0228 0.159 &O‘i .
CHORE [41] 558 1066 0.587 0472 | 701 1281 0339 0253 & 122 o
CONTHO[31] 499 842 0.628 0496 | 596 950 0661 0432 <& ¢ Tmvem
HOL-TG (Ours) 4.59 800 0.662 0.554 | 543 868 0.700 0473 ° e e Performance 1]

Table 1. Comparison of various methods on the BEHAVE [2] and InterCap [16] datasets. As a reference, we report the results of directly
transferring the transformer-based human mesh recovery methods METRO [26] and Graphormer [27] to the HOI reconstruction task. The
best results are marked as bold. We also compare the running time, average Chamfer distance, and average F1 score (=2xpxr/(p+r)).

CONTHO

CONTHO

HOIL-TG (Ours)

Figure 4. Qualitative comparison of 3D human and object reconstruction with CONTHO [31] on BEHAVE [2]. Our HOI-TG achieves
higher accuracy regarding the relative poses between the human and the object while also reducing instances of mesh penetration.

of the object mesh. Then, we calculate precision and recall
by comparing the human contact map with the ground truth.

4.3. Comparison with state-of-the-art methods

We compare our method with previous approaches on BE-
HAVE [2] and InterCap [16] datasets. The counterparts
include a classical optimization-based method PHOSA
[45], a representative implicit neural field-based model
CHORE [41], and the latest 3D vertex refinement-based
model CONTHO [31]. According to Tab. 1, our method
outperforms the previous state-of-the-art on both datasets.
The results of PHOSA [45] on BEHAVE are not satisfac-
tory, particularly regarding the prediction of reconstructed
contact outcomes. It indicates the shortcoming of reliance
on pre-set physical priors. CHORE [41] improves signifi-
cantly over PHOSA, which shows the advantage of jointly
modeling humans and objects via neural fields. CONTHO
[31] outperforms the previous two approaches by devising
an initialization-refinement pipeline.

Compared to CONTHO [31], our HOI-TG improves the

reconstruction of humans and objects by 8.0% and 5.0%,
respectively. For the reconstructed contact, our method
promotes precision and recall by 3.4% and 5.8%, respec-
tively. The results demonstrate a better reconstruction of
global meshes and a higher quality of the contact areas.
Since HOI-TG and CONTHO start from the same initial
meshes, such improvements directly show the effectiveness
of our straightforward transformer encoder and graph con-
volutional structures that implicitly learn the interactions
between humans and objects.

The InterCap dataset contains complex topological struc-
tures (e.g., umbrellas and skateboards) and is, therefore,
more challenging. As a result, the performance of PHOSA
and CHORE deteriorates heavily. It reveals the limita-
tion of physical priors and unsigned neural fields. In con-
trast, vertex regression-based methods (i.e., CHONTHO
and our HOI-TG) achieve relatively stabler performance.
Our method improves 3D mesh reconstruction by 8.9% and
8.6% for humans and objects, respectively. Meanwhile, it
increases precision and recall by 3.9% and 4.1% for re-
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Figure 5. Visualization of the attention distribution (HOI att.) between human mesh vertices and the object and corresponding reconstruc-
tion results (HOI recon.) from our HOI-TG. The brighter color indicates more intensive attention.

constructed contact accuracy. These results highlight the
advantages of HOI-TG in implicitly modeling both global
posture and local interactions simultaneously.

Examples in the left half of Fig. 4 illustrate that, for rel-
atively symmetrical graph structures, the previous state-of-
the-art method CONTHO [31] fails to address the topologi-
cal variations among different objects. Such deficiency pre-
vents accurate pose predictions for those symmetrical enti-
ties. We introduced an object graph residual block to en-
hance the modeling of associations between object vertices.
Along with the self-attention mechanism, the block allows
our HOI-TG to model confusing symmetrical objects bet-
ter and predict their poses more accurately. As demon-
strated in the right half of Fig. 4, our model performs well in
reconstructing complex human-object interactions. CON-
THO [31] often struggles in identifying the relative posi-
tioning of humans and objects. It is likely due to the explicit
constraints imposed on interactions, which can lead to mesh
penetration. Benefiting from implicit interaction modeling,
our HOI-TG produces a more robust human-object interac-
tion reconstruction.

4.4. Visualization and ablation study

To thoroughly analyze HOI-TG, we conduct essential vi-
sualization to unveil the attention it learns and a series of
ablation studies on the BEHAVE dataset. Please refer to the
supplementary material for more results.

Human and object interactions: To further understand
the effect of multi-layer HOI transformer encoder in learn-
ing interactions, we visualize the attention distribution (HOI
att.) among human and object mesh vertices and also the
reconstruction results (HOI recon.) in Fig. 5. We use the
average of attention values from each human vertex to all
object vertices as the attention value of that human vertex
towards the object. Specifically, the dimension of the at-
tention matrix between human and object is 431 x64. The
average operation produces a 431-dim vector for visualiza-
tion. The brighter color indicates more intensive attention.
For simple and static interactions, the positions of objects
only relate to local body parts. For instance, the positions
of a chair, table, monitor, and basketball solely depend on
the locations of the interacting body parts. In contrast, for
complex interactions, such as sitting on a chair while using
a keyboard or moving with a suitcase, our model success-
fully attends to non-local body parts and leverages non-local
vertices to predict the positions of the objects.

CDhumand  CDgpjectd  Contact,? Contact, 1
Static 4.95 8.90 0.632 0.472
Initial 4.59 8.00 0.662 0.554

Table 2. Ablation study of 3D query features.

Representations of 3D query features: We study the
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behavior of our HOI-TG architecture when using two dif-
ferent 3D query features as inputs. 1) We utilize the global
pooling of image features F along with static template co-
ordinates (Static). 2) We employ the initial vertices for
2D projection, performing grid sampling of features in F
and concatenate them with the initially estimated coordi-
nates (Initial), which is our design in Sec. 3.1. As shown in
Tab. 2, using the initial estimation significantly outperforms
the Static variant. We consider two reasons for the phe-
nomenon: 1) The effectiveness of 3D models relies on the
ability to recognize and differentiate individual points be-
longing to different entities. If all points share the same de-
scriptive features, their uniqueness in 3D space becomes ob-
scured. 2) Interactions cover diverse poses between humans
and objects, even for the same object. Learning such inter-
actions directly from static templates becomes challenging
because these templates do not capture dynamic variations
or relative motions essential for understanding interactions.

Pipeline CDhumand  CDopjectd  Contactp,?  Contact,

Transformer 4.73 8.55 0.606 0.559
+H_g 4.61 8.11 0.651 0.539
+H_g+O_g 4.59 8.00 0.662 0.554

Table 3. Ablation study of graph residual blocks.

Graph residual blocks: We investigate the impact of
Human Graph Residual Block (H_g) and Object Graph
Residual Block (O_g) in Tab. 3. The first row corresponds
to the transformer architecture that uses no graph convolu-
tion in the network. The second row shows the results of
adding a human graph convolution layer to every encoder
block, and the last row lists the results of adding both human
and object graph convolution layers. We can conclude that:
1) H_g improves the reconstruction of humans and objects
for both global meshes and local contact. It indicates that
relying solely on transformers to model the interactions be-
tween them can cause ambiguity in independent topological
structures. 2) Adding O_g on top of H_g further promotes
the global reconstruction of humans and further increases
the reconstruction accuracy of the contact area. Overall, the
design of HOI-TG that involves H_g and O_g achieves good
results for HOI reconstruction.

JR MS CDhuman! CDobjecty Contacty? Contact,
X X 5.01 8.22 0.612 0.559
vioox 4.76 8.30 0.631 0.563
x v 4.72 8.29 0.626 0.553
v v 4.62 8.05 0.644 0.573

Table 4. Ablation study of £I" (JR) and £IS:¥ere* (MS).

joint

Loss functions: Compared with CONTHO [31], we use
1) a different Ljoin containing an extra refinement of joints,

which we denote as Ejrgf}{;e (JR), and 2) anew L{Verex (MS)
to speed up convergence by constraining the quality of hu-
man reconstruction at different scales. Therefore, we in-
vestigate the impact of E}gﬂﬂe and LlSvertex in Tab. 4. In
Tab. 4, the proposed graph residual block is added in all
encoders, while in Tab. 1, we only add the Object Graph
Residual Block in the second transformer encoder module.
The results indicate that adding one of them alone slightly
hurts the reconstruction of objects, yet combining them im-
proves global and local reconstruction for both humans and

objects.
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Figure 6. Ablation study of numbers of KNN neighbors.

KNN neighbors: In Fig. 6, we investigated the opti-
mal number of KNN neighbors in the object graph residual
block while constructing the adjacency matrix. Our results
indicate that setting the number of neighbors to 10 leads to
good performance in both the reconstructed Chamfer dis-
tance and the accuracy of contact predictions. We analyze
that when a low number of neighbors is used, the model
struggles to represent the adjacency relationships between
nodes. Conversely, employing a high number of neighbors
may result in the incorporation of redundant feature infor-
mation from non-local adjacent nodes, thus obscuring the
model’s ability to capture these relationships accurately.

5. Conclusion

We have developed an end-to-end HOI Reconstruction
Transformer with Graph-based Encoding, namely HOI-TG,
for 3D human and object mesh reconstruction from a single
image. By leveraging transformer architecture to implic-
itly model interactions and integrating graph convolutional
networks for vertex interactions, our approach enhances the
capture of both global and local interactions. This inno-
vative methodology has demonstrated state-of-the-art per-
formance on the BEHAVE and the InterCap datasets. The
limitations of HOI-TG lie in dealing with lying poses and
purely symmetric objects. A detailed analysis is provided
in the supplementary material.
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